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Abstract

This paper studies price-setting behavior in a Bertrand-Edgeworth game, a traditional
setup that provides a stylized representation of real-world markets (such retail markets).
It explores methodological complementarities between analytical, experimental and agent-
based simulation approaches. The game under analysis only admits hard-to-characterize
mixed-strategy Nash equilibria. This paper uses families of heuristic rules for individual
behavior to analyze the resulting market prices. A set of laboratory experiments finds that
price-setting choices of agents are described reasonably well through a sales-based simple
pricing rule. Average market prices tend to converge from above to quasi-steady states
with small individual dispersion, occasionally disturbed by agents who search for profits by
raising prices. Salient features of the experimental outcomes can be represented through
simulations with artificial agents who apply the sales-based heuristics with parameters
calibrated to the experiment.

JEL: D43, C63, C91



1 Introduction

The Bertrand-Edgeworth (BE) oligopoly, where price-setting, capacity-constrained firms com-
pete for customers, provides a fair approximation of features in different markets, particularly in
the retail sector!. The basic form of such oligopoly is very simple to describe. In a “Marshallian
short-run” (where the number of firms and their physical size are given) each of the suppliers in
such markets operates under more or less constant marginal costs, and is subject to a capacity
constraint determined by the volume of goods they can produce or keep in store. These firms
post prices, which signal their willingness to sell goods (conditional on the capacity limits) to
customers who seek to buy at the lowest price available. From the demand side, all potential
buyers know all posted prices and can move costlessly between suppliers.

Despite its simplicity, how this BE oligopoly actually works is still imperfectly understood.
From the theoretical point of view, the BE oligopoly is a game without Nash equilibria in pure
strategies, except for very special cases. The mixed-strategy equilibria are difficult to character-
ize, and their implementation requires a non-trivial coordination in the individual behavior of
firms, which reduces their empirical plausibility as representations of actual market outcomes?.
This empirical implausibility of mixed-strategy equilibria in BE oligopolies stands out in various
experimental results, such as those in Kruse et al. (1994), Fonseca and Norman (2008, 2009)
and Buchheit and Feltovich (2010). All these papers reject the hypothesis that the prices ob-
served in the experiments are consistent with the predictions of their respective mixed-strategy
Nash equilibria. In some cases, such as Kruse et al (1994) and Fonseca and Norman (2009),
experimentally observed prices both fluctuate over time in a way resembling Edgeworth-cycles®
(i.e. phases where prices rise as if driven by implicit collusion, followed by sharp “competitive”
price cuts) and show a tendency to converge from above to the “competitive range”. However
such prices do not get close either to alternative theoretical benchmarks like the competitive
equilibrium or tacit collusion (see also Davis and Holt, 1994). Thus, the representation of market
outcomes and individual behavior in the BE setting remains an open (and relevant) problem.

The comments presented above suggest a radical change in the standard methods to study
BE oligopolies. First, it demands a departure from the standard behavior of the optimal mixed-
strategy following firms. Instead, our approach starts from the assumption that agents follow
much simpler price-setting heuristic decision rules. This assumption, in turn, naturally brings
with it the introduction of the agent-based modeling tools into the BE oligopoly framework. This
combination of tools implies the use of computer simulations to generate theoretical predictions

Ketcham et al. (1984) remark that the generalization of pre- determined prices in retail is a 20th century
development, which replaced the traditional practice of “haggling”.

2For an analysis of the mixed strategy solutions of these games, see Dasgupta and Maskin (1986), Allen and
Hellwig (1986), Maskin and Tirole (1988), the appendix in Kruse et al (1994) and more recently De Francesco
and Salvadori (2008). (See also Tirole, 1988, for a textbook treatment). In some special cases computation of
mixed-strategy equilibria is easier, but these they correspond to very particular step demand functions (see Holt
and Solis-Soberon, 1992, for a discussion).

3See Maskin and Tirole (1988) for a theoretical treatment of the Edgeworth cycles.



for each type of rule. However, such computer simulations are not sufficient to determine
which heuristic rule is the most empirically relevant. As several authors from the agent-based
and experimental literatures argue (such as, e.g., Duffy, 2006) the experimental method does
provide such type of empirical validation for each rule.

This paper develops the above-mentioned new approach to study BE oligopolies. It considers
a BE market in a simple form, as a benchmark case that may lead to various extensions. In
this setting buyers are assumed to purchase a non-storable good and to be perfectly informed
about the prices posted by all the firms. Consumers have identical demand functions with
price-elasticity equal to one. This is equivalent to assuming that there is a single buyer with
a fixed amount of “money” available for purchases, who visits stores in an order of ascending
prices. Sellers produce to order, and only decide about their prices. Sales equal the minimum
between the realized demand at the pre-determined posted price and the capacity limit. The
parameters determining the aggregate demand, the marginal cost and the capacity limit are
common knowledge, and firms also know the value of the competitive price (always strictly
higher than marginal cost). However, price-setters are assumed to know only their own individual
history of prices, volumes of sales and realized profits, but not those of their competitors. This
last assumption, corresponding to a case of “dispersed” sellers, reduces the dimension of the set
of variables on which agents can condition their price decisions, and also facilitates the search
for simple characterizations of behaviors.

As a starting point, this paper considers two families of heuristic pricing rules: i) a set of
sales-based rules, where individual prices respond in a very simple manner to past demand,
by increasing or lowering the firm’s prices by exogenous amounts according to whether the
volume of sales in the previous market day reached full capacity or not; and ii) profit-gradient
rules where prices depend on the individual record of changes in profits following price changes.
According to the profit-gradient rule, a firm continues or reverses its ongoing behavior (increasing
or decreasing the price) looking at the sign of the change in profits realized in the immediate
past.

The main results of this paper are summarized as follows. The simulations show quite differ-
ent price behaviors between the two pricing rules. In particular, they show that the average price
(across firms) according to the sales-based rule does not necessarily converge to the same range
in the long run compared to the profit-gradient rule. In terms of the experimental evidence,
the basic important result is that the data definitely favors some form of sales-based pricing.
Moreover, simulations using a specific form of the sales-based rule (with parameter values cali-
brated using the experimental results) replicate salient stylized market patterns observed in the
experiments.

These results show how extremely simple heuristics represent major aspects of actual sub-
jects’s decisions and generate market consequences consistent with experimental evidence. This
is a remarkable feature considering that the experimental agents were both advanced under-
graduate and graduate Economics students, who could be expected, by their training, and their
understanding of the nature of the game, to apply more sophisticated strategies if they found



them useful to increase profits. When viewing the BE oligopoly as a system of interacting
agents, our results suggest that the BE markets have tendencies to “order themselves”in quasi-
stationary states for average prices, but where neither individual nor market behavior become
frozen. The fluctuations of observed prices also confirm the presence of effects reminiscent of
Edgeworth cycles.

Regarding the behavior of individuals through time, almost all the experiments show that,
at any stage, agents reduce their prices when selling below full capacity. Also, when they sell at
full capacity, experimental subjects either increase or do not change the price (but almost never
reduces it) with time-varying frequencies along the course of the experiments. In the initial
“market days”, subjects tend to act aggressively, raising prices in practically every instance that
they sell at full capacity, while the average price goes well above the competitive level. As the
play proceeds, the average of prices and their dispersion decline (this matches with the finding
reported by Kruse at al., 1994). In this phase, agents are found more often keeping their price
constant after full capacity sales, as if fearing to lose sales otherwise. Eventually, the frequency
of upward price adjustments after full-capacity sales slightly fluctuates around a value that is
clearly positive but well below one.

Overall, in the last stages of the experiments, after going through the initial transient phase,
the behavior of subjects is consistent with a random choice of positive or zero price changes
when selling at full-capacity, while maintaining the property of cutting prices following less than
full capacity sales. Using such a probabilistic sales-based rule to calibrate the parameters of
the price-setting algorithms with the averages across the whole experimental population, the
artificial-agent simulations of the model yield average long-run prices that approximate the
corresponding values observed in experiments. Such simulations also generate price dynamics
similar to those present in the experimental data.

The basic probabilistic sales-based rule assumes that both the probabilities of increasing
prices or leaving the prices given full capacity sales and the absolute value of the adjustment
are constant. Clearly, such rules on pricing decisions are not conditioned on profits. However,
the time-varying frequency of zero price changes after a full-capacity sales observed in the
experiments show that what those rules assume as constant parameters do in fact evolve through
time. To capture this observation we modify the simulation model so that the frequency of price
changes becomes a choice parameter for one (profit-seeking) “mutant”individual in a market
where the other artificial agents set prices through the original fixed-parameter rule.

The simulated results of the new model indicate that, when the other firms have a high
propensity for raising prices after full capacity sales, the mutant agent gains by keeping its
price constant more frequently than the rest. When decreasing the propensity for raising prices
after full capacity sales of the other firms there is a point where the remaining supplier gains by
increasing its frequency of price rises. This result suggests a potential mechanism through which
the search for higher profits could be reflected in adaptive changes in the behavioral parameters
within the “sales-based family”of pricing rules, in a way that may induce a convergence to
states with prices “bunched”not much above the competitive level, but subject to be disturbed



by upward price movements when the system seems to have settled in what may look as a steady
state.

This paper has points of contact with the recent analytic-experimental literature on price-
setting, such as Brandts and Guillén (2007), Abbink and Brandts (2005), Cason et al. 2005 (see
also Cason and Friedman, 1999, 2003), Fonseca and Norman (2008, 2009) and Buchheit and
Feltovich (2010). Compared to those references, a major difference of this paper is the stronger
simplicity of the setup of this model, closer to the basic BE framework than what the other
papers study. (The paragraphs below will make this point more precise).

More specifically, Brandts and Guillén (2007) consider a BE oligopoly with either two or
three firms, in a market where buyers purchase up to a maximum amount of goods at a cutoff
price, and zero at a higher price (the “box” demand schedule). In their setup, firms “produce for
stock”, that is, where they must pre-determine both the posted price and the produced quantity
that will be available for sale in the period. Suppliers are informed about the history of prices
and sales of their competitors. The results of the paper suggest that prices are set at values
substantially higher than the competitive level, and that they actually tend to increase in the
course of the game. This last finding contrasts with the results obtained here, and those from
Kruse et al. (1994). An interesting open question is whether those differences may be linked to
the information provided to agents in each case.

Fonseca and Norman (2008, 2009) and Buchheit and Feltovich (2010) also deal with models
where agents are informed of the past prices posted by their competitors, an assumption that
is absent in our experiments. Those papers focus on specific features of the market behavior:
respectively, the effects of varying the number of firms (from three to two, interpreted as a
merger) on the market price, the consequences of exogenous changes in the capacity constraint
on the pricing behavior by duopolies and triopolies, and the potential influence of sunk cost on
the prices set by duopolies. Instead, this paper concentrates on exploring behavioral regularities
in a basic setup, looking for stylized representations of the experimental evidences.

As for Abbink and Brandts (2005) and Cason et al. (2005), they study models where
firms do not have capacity constraints. The first of these papers focuses on the behavior of
firms with random unit costs, while Cason et al. (2005) consider a case of zero marginal costs
and no limits to the quantities produced in a setting where buyers choose search strategies.
The latter define a set of potential heuristics (in their case, profit-based rules that use the
information about prices posted by other firms) as benchmarks to simulate market outcomes
and to compare them with experimental results. This paper, instead, uses a closely related
general approach, in the context of another market setup. Our analysis confirms the existence
of useful complementarities between analytical, agent-based and experimental approaches to the
study of markets of economic interest.

The rest of the paper is organized as follows. Section 2 presents the Bertrand-Edgeworth
model, and discusses the non- existence of deterministic Nash equilibria. Section 3 introduces the
heuristic price-setting rules, and studies their properties using numerical simulations. Section 4
presents the experimental results, and their interpretation using the agent- based models; the



comparison between models and experiments is developed further in Section 5. The final section
presents our conclusions.

2 The Bertrand-Edgeworth price-setting game

The market is populated by N firms who sell a single, homogeneous, non- storable good. Each
firm can produce every market day up to a maximum quantity ¢*; for ¢ < ¢* the unit cost is a
constant c. At the beginning of a day, all firms post a selling price p;;7 = 1... N (it must always
be that p; > ¢), without any exchange of information among them. The announcement implies
a commitment to supply the good at that price, up to the limit determined by the production
capacity. Subject to that limit, the firm produces a quantity equal to the orders it has received
in the day.

The information available to potential buyers prior to their purchase decision is assumed
here to include the whole set of posted prices. There are no search or mobility costs. This
implies that buyers will visit firms in an order of increasing prices, and buy from them until
their demand for the good is satisfied or the supply capacity becomes exhausted. For all practical
purposes, the demand side of the market acts as if it consisted of a single “representative” buyer
who acts non- strategically according to the market demand function. We specify that function
with a unit price elasticity, corresponding to planned purchases with a fixed value M per day,
and concentrate on the case where M > N cq*, so that the desired value of spending by buyers
exceeds the cost of production of the capacity volume of output.

Realized profits for a firm ¢ who sets price p; and sells a volume ¢; of the good (constrained
by 0 < ¢; < ¢*) are given by:
II; = qi(pi — ¢) (1)

The competitive price that would equilibrate the market is:

M
* — 2
PN (2)

At that price every firm sells all its potential output.

The next claim can be easily verified:

Claim 1. The competitive outcome is not a pure strateqy Nash equilibrium.

Proof. Let p; = p*;Vi. The individual profit of a firm is IT* = ¢*(p* —¢) = (M/N)(1 —¢/p*). A
single deviating agent who posts a price p; > p* would realize a value of sales p;q; = M — (N —
1)p*q* = p*q*, independent of its price, while profits would be II; = (p; —¢) ¢; = p*¢* (1 — ¢/p;).
It is clear that this agent has an incentive to set a higher price p; > p*, and reduce production
costs for a given value of sales. The maximum profit would be attained choosing p; — co.ll [



More generally, it can be seen that:

Claim 2. no price p’ set by all firms p; = p';Vi can be a pure-strateqy, symmetric Nash equilib-
TIUM.

Proof. The proof is divided in three cases:
o Ifp/ > %p* so that the demand would be exhausted with less than N — 1 firms selling
at full capacity, there is one supplier with zero sales, who thus has an incentive to reduce
prices.

o If %p* > p' > p*+ &, the N th firm gains by setting a price slightly below p’. Here, the
Nth firm effectively faces a choice between “guaranteeing” for itself full capacity sales by
lowering its price relative to its competitors, or capturing the whole “residual demand”
R=M—(N—-1)pq* = [Np* — (N — 1)p']¢* (which is positive in this case) after all the
other firms have sold at their capacity levels, by raising its price as to cut production costs
to near zero. The condition for preferring a lower price p’ — ¢ (for € — 0) is:

Oy_.=p —c)¢" > [Np"— (N -1)p ¢ =1l (3)
equivalent to:
/ * &
—p > — 4
p=r > (4)

o Ifp’ <p*+ § for N —1 agents, the Nth firm has an incentive to set a very high price. The
price level p* + £ thus defines a boundary with important implications for the incentives
of agents. We refer to that boundary as

Pedge = p* + C/N (5)

O

The results above illustrate a general feature of the problem: the lack of Nash equilibria
in pure strategies, a feature well-known in the oligopoly literature. This problem suggests that
individual agents may be involved in possibly unconclusive searches for profitable strategies.
The profit implications of alternative price decisions will be affected by properties of the state
of the system, such as the following:

e The range of prices above the competitive equilibrium such that, if N — 1 firms choose
a price in the set, the N—th one would find profitable a “large” upwards deviation, gets
smaller as the number of firms increases, since it is determined by the interval [p*, p* + +].
For a large IV, a small rise in the average price set by competitors may change substantially
the advantageous move of the remaining supplier, from a sharp price increase to a small
reduction.



o If N —1 firms set a price p’ < p* + £ the profits of the N—th supplier would vary non-
monotonically with the size of a positive deviation of the price, to p’ + . It can be seen
that a “local” shift, given by a small value of ¢, would lead to lower profits, while profits
would increase for a “sizeable” price jump.

e In states where prices are concentrated around a level p’ > p*%, non-selling agents
would have incentives to undercut their competitors. However, the downwards evolution
of aggregate prices could be very gradual. If the variance of individual prices is small,
the high- priced firms can become competitive by lowering their price by very little*. A
behavior of this type appeared to be relevant in market experiments (see Section 4 below).

3 Price behavior based on two simple heuristics

The previous discussion has shown that the profit opportunities for individual price setters vary
dramatically with the decisions of the other firms, so a Nash-equilibrium in pure strategies does
not exist. In contrast to this standard analysis of oligopolies, a natural alternative conjecture
is that firms set prices through a simple decision rule (a heuristics). This section explores the
specification and properties of two types of heuristics: one which conditions prices on past
volumes of sales, and another where prices depend on the individual price-profit history. The
results of this section prepare the ground for the analysis of experimental evidence in the next
section, by providing a “lense” through which to look at the data.

3.1 A simple sales-based pricing rule

A particularly simple scheme would be for the agent to watch sales ¢;, and either lower the price
p; whenever the realized volume does not reach full capacity ¢*, or increase the price if sales are
at their maximum feasible amount. For each agent i, this pattern of behavior can be described
as: _
v+ g=q¢
; 1) = p; ) =1,...,.N

pee D =p+{ 0 RETL o ©)
where ¢ denotes the “market day” and (vyy,v_) > 0 are behavioral parameters which determine
the magnitude of upwards and downwards price changes®.

4This feature evokes the property found in imperfect competition models that the price of individual firms
depends strongly on the average price (rather than respond to the level of market demand) when the goods that
they produce are close substitutes (see for example Ball and Romer 1991 for a macro application where the effect
is relevant).

°It is possible to use random adjustments with price-shifts v, and y_ assumed, for example, to be drawn from
a uniform distribution in the intervals v, € [0, AT] and v_ € [0, A~]. For the sake of clarity, in this discussion
we treat these parameters as fixed.



A system of firms that follow this pricing rule would have an aggregate steady state, with
constant average total sales ¢ and selling price p. Consider the case where all agents share the
same behavior parameters, and a situation where Ny firms sell at full capacity, and therefore
raise their price, while N — N, reduce theirs after realizing sales below capacity. For sufficiently
large N so that “small number” effects can be ignored (see the discussion in Section 5), the
steady state would be characterized by a similar value of total price increases and decreases:
v+ Ns = v_(N — Ny), which implies that the fraction of agents selling ¢* would be Ny/N ~
v—/(v+ +v-) =1/(1 4+ v4/7-). Therefore the average sales ¢ = ¢* N;/N (for large N):

q 1
N IR (7)
q + V4 /7-
The average sale price p in that aggregate steady state can be expressed as a function of the
competitive equilibrium price p*, from the condition Np*q¢* = M ~ N pq:

&S]

1/ (8)

3

The properties of this state are intuitively simple. Take for example the limit where v, < v_.
Individual prices change as if placed in a “conveyor belt”: an individual increases its price in
small steps of size v, until a point is reached where sales fall below full capacity, leading to a
price reduction y_. In an aggregate steady state, the number of such steps in the cycle would be

equal to u = z—* Then, on average, every agent does not sell once every u steps, so that average

sales would be ¢ = (1 — 1/u)q¢* = (1 — 74 /7-)¢", a number of an order of magnitude as that
implied by (7). As another example, with v, = 7_, the average price becomes p = 2p*, and on
average agents sell all their capacity output during half of the time. Therefore their average profit
(p* — ¢/2)q" is greater than the one that could be obtained in a steady competitive equilibrium
(p* — ¢)¢*. The heuristics would induce some sort of implicit collusion among sellers, which
would be sustained because individuals do not undercut their competitors by setting a price
slightly below p, which would generate full sales without sizable sacrifice in terms of markup.

Numerical simulations show that, starting from randomly chosen initial prices, a system of
agents following the sales-based rule does tend towards a steady state similar to that described
by (8). Figure 1 shows a representative time series of the average price of the system, together
with the minimum and maximum price at each time step, and the time pattern of the price of a
single firm displaying the previously described “conveyor belt” dynamics. The initial condition
for individual prices was drawn from a uniform distribution in the interval [p*,2p*], implying,
in this case, that the average initial price was above p. It can be seen that there is a gradual
convergence towards the steady state, also observed when the average initial price is smaller
than p. Thus, this simple heuristics generates a movement to a “dynamical equilibrium” where
the system is permanently changing its detailed configuration as individual agents vary their
prices, while the average price and volume of sales gravitates towards a steady state. It may be
noted that the average steady state price does not depend directly on the number N of firms, but
only on the relative size of the adjustment parameters. However, the competitive behavior of

9
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Figure 1: Sales based model price time series. Average (Paye), maximum
(Pmax) and minimum (pui,) price as a function of time, together with
a sample trajectory (p) of an agent and peqge = p* + ¢/N. Note that
P~ 120 ~ (14 ~,/v_). Parameters: N = 10,p* = 1,¢ = 0.75,v, =
0.02,7_ = 0.10.

agents may be incorporated in their choice of parameters, or in their use of a more sophisticated
decision rule; an example is discussed below.

3.2 A rule based on price-profit gradients

This section introduces a price-setting rule which considers explicitly the observed performance
of individual past profits and allows for price adjustments of variable size. Here, firms adapt their
posted price by maintaining the direction of price change if profits rose in the previous period,
and reversing course if profits fell or decreases. Allowing agents to have a two-day memory of
sales and prices, the rule would make prices vary according to the one-period gradient of the
profit function. A random element allows for a behavior of search if profits have not varied, in
a way biased towards price reductions if the constancy of profits derives from zero sales in this
period and the past one:

pi(t + 1) = pi(t) + o AIL(t)) sign(A(pi(t))) + 7 (9)
Here ¢ labels the 'market day’, ¢ > 0 is an adjustment parameter, A(X(t)) = X(t) — X(t — 1)

and 7 is a random variable, uniformly distributed in either (a) [—¢, +¢€] if sales were positive in

10



t orin t — 1, or (b) uniformly distributed in [—¢, 0] if there were no sales in ¢ and in t — 1.The
parameter € is a small number which determines the “search space” for the agent.

MAX BENEFIT BASED MODEL
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0.9
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Figure 2: Maximum-profit-model-price time series. Average (Paye),
maximum (Ppax) and minimum (pn;,) price as a function of time, to-
gether with a sample trajectory (p;) of an agent and pegge = p* + ¢/N.
Notice that the average price fluctuates around pegge. Parameters:
N =10,p* =1,¢=0.75,0 = 0.4,¢ = 0.05.

This rule generates an asymmetric behavior in price increases or decreases. Whenever the
firm realizes higher profits by augmenting prices, the response is to gradually raise the price,
where the size of the increase is proportional to the relatively small profit increase resulting from
the higher markup. By contrast, when the price becomes so high that sales go from full-capacity
to zero, the abrupt change in profits results in a large price reduction. This would be analogous
to the “conveyor belt” feature of the sales-based rule with larger parameters of price decrease
(7-) than increase (v_).°. An additional feature of this pricing strategy (not present in the
sales-based rule discussed before) is the trial-an-error search behavior concerning the sign of
price changes implicit in the additive noise term 7 in (9), whenever the change in profit is small
: A(ILi(t)) < €/o. Thus, firms may test price reductions before ’hitting’ the no-sales region.

Numerical simulations using this rule display a convergent dynamics where the average
price converges (from above or below depending on initial conditions) to a steady state, which,

SHowever, the analogy is not complete. A built-in feature of the profit- gradient heuristics, which makes it
differ substantially from the sales-based rule, is that, after a drastic price reduction after zero sales which makes
sales recover, the next step would be once again a downward shift.

11



however, cannot be characterized easily as in the case of the sales- based heuristic level with
this rule is not known. Figure 2 shows a simulated time series starting from random initial
conditions in the range [p*, 2p*], where after a short transient, the system settles in a “dynamic
equilibrium” where now individual firms show a “conveyor belt” behavior disturbed by noisy
“searches”.

The simulations with the profit-gradient rule result in average market prices that fall when
the number of firms N becomes larger. The behavior of agents induces here price choices that
tend to diminish over time the quantity of firms with zero sales, thus tending to get the system in
states where the average price does not exceed (N/N —1)p*. Also, as indicated previously, price
increases by an individual firm would cause a reduction in profits when the prices of competitors
are concentrated around a level higher than pegqge, where peqqe is defined by

pedge = p* + C/N (10>

The simulated results indicate that the average price typically converges to a level below
p* - (%), implying that all firms make a positive sale, while mean prices do not fall under
PDedge- Those bounds above p* depend negatively on the number of firms; thus, a larger number
of competitors N can be associated here with lower average prices, which was not the case in the
simpler sales-based rule with given price-adjustment parameters. Numerical simulations with
few firms (2 < N < 6) show as a more or less common feature instances where more than one
firm simultaneously increases prices, starting an implicit collusion phase which lasts for a few
time steps, resembling an Edgeworth cycle. The amplitude of the excursion diminishes as the

number of players increases.

4 Experimental results

The previous section introduced two families of price setting rules, studied their properties and
their implications for the performance of the market using computer simulations. However,
determining which of the two families of rules is the empirically most relevant is not obvious. To
do this, the criterion used in this paper is to run experiments where actual players determined
prices and competed in the game in search for profits. This section introduces the experimental
setup and reports the main results from those experiments. Also, the experimental outcomes
are compared with the the assumptions and implications of the models based on the simple
heuristics, a comparison which is carried out further in Section 5.

4.1 The experimental setup

The experiments were conducted using a specially designed webpage”. Except for two experi-
ments, the subjects in all the others were either graduate or advanced undergraduate students in

"Visit the home page: http://www.elautomataeconomico.com.ar/
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Economics who knew beforehand the type of game that they would be playing. The instructions
for the game are reproduced in Appendix 1. The parameters of the experiments were given by
N, the number of participants in a game (since the play was “silently” carried out in individual
computers, on some occasions games were ran simultaneously), M, the magnitude determining
the level of market demand, ¢, the unitary cost, and ¢*, the maximum individual capacity. Par-
ticipants were not informed of the number of “competitors” they would be playing with. The
experimenters announced publicly the following parameters: the (common) unitary cost ¢, the
maximum individual capacity ¢*, and the competitive price level p*. In each session, the system
always suggested as the initial price, the competitive price level p*.

In each market round, all subjects posted prices through the interactive webpage, after which
the server computed the amount sold by each agent. The server buys sequentially from “firms” |
starting with the cheapest seller, and visiting all other participants in an increasing price order.
The server buys up to the seller’s capacity constraint, until either the total amount of money M
is spent or there are no more participants to visit. Finally, each player receives from the server
an indication that a new round of play is open, together with her realized levels of price, quantity
sold, and profits in the last five market days. Of the nine sessions that we report here, in five
of them participants received pecuniary rewards contingent on their performance in generating
realized profits. Three different set of parameters were used: F:c=0.9,p" =2.22,¢* = 3.0 or
Ep:c=2.15p" =245, ¢" = 3.0 with M adjusted so as to satisfy: M = p*¢*N. The number of
players in the experiments, N, varied in the range (3,12).

4.2 A comparison of simple heuristic rules

We present here some basic statistical tests that allow to check the experimental relevance
of the simple decision rules postulated before. Table 1 summarizes the results obtained in
regressions run for the price changes of all agents in all the experiments. The sales- based rule is
represented directly by estimates of the average price variation decided by a player contingent
on full- capacity sales (v, ), and the average price variation when sales are lower than ¢* (y_). It
was verified that, for most agents, there is no significant difference in behavior when ¢ = 0 and
when 0 < g < ¢*.Practically all agents show a positive average price response after realizing full-
capacity sales and a negative reaction to less than full sales (Columns I and II). For a substantial
majority of individuals, those parameters are significantly different from zero (Columns III and
IV). Regressions over the whole population of agents in each game produce highly significant
coefficients of the appropriate sign (Table 6). By contrast, in the analysis corresponding to the
tests of the profit-based heuristics, only a small minority of agents behave in a way that can be
approximated by the formula in a statistically significant way. These results clearly favor the
sales- based heuristics over the one that uses explicitly the profit gradient in the previous step
of play.

The qualitative patterns of the connection between price variations with past sales are similar
when either the full sample of plays or the last rounds in the game are considered. However, the
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Experiment N v, 4 Y v*  MaxProfit

(D (n (m  (1v) (V)
13 12 091 1.00 058 0.83 0.25
19 11 1.00 1.00 0.82 0.91 0.36
22 7 100 100 057 0.71 0.00
23 7 100 100 0.71 0.71 0.14
16 6 1.00 1.00 100 1.00 0.00
18 6 1.00 1.00 0.66 0.83 0.00
21 6 1.00 1.00 0.66 1.00 0.00
17 4 100 1.00 100 0.50 0.00
20 4 100 1.00 0.75 0.75 0.00
14 3 1.00 1.00 100 1.00 0.33

Table 1: OLS estimation summary for each experiment. Columns (I) and (II) report the fraction
of agents in each game with appropriate signs (positive for 7, and negative for v_) irrespective
of statistical significance. Columns (III) and (IV) report the fraction of agents in each game
with estimated coefficients significative at 10% and appropriate signs for each specification of the
pricing behavior strategy. The dependent variable is the change in price in the next iteration;
the independent variable is a constant. Therefore, the estimations are Ap;,; = 7, over the
subsample that sold completely (¢ = ¢*) and Ap;; = - over the subsample with partial
sales (¢ < ¢*). For the profit-based algorithm we estimated for each agent Apyyy = o +
Ab;_1sgn(Ap,_1), where the regressors are a constant «, and an interaction between lagged
change in profit, Ab;,_; and the sign of lagged change in price sgn(Ap;_1). Column (V) shows
the fraction of agent with coefficients significant at 10%.
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quantitative value of the parameters shows substantial differences in both cases (Table 5 and
Table 6). Both the sizes of the adjustment coefficients and the ratios of the responses in upwards
and downwards directions (the absolute value of v, /v_) tend to fall as the game progresses
which suggests a more “conservative” attitude over time. This behavior can be identified also
in regressions where price adjustments given full sales or less than full sales are represented as
a function of “time” (rounds of play), which show declining intensities of response.

4.3 Behavioral strategies and market outcomes

Given that the results in table 1 discards the profit-gradient heuristics in favor of the sales-
based heuristics model, it is now important to analyze whether the simplest version of that
model presented in Section 3 completely described the behavior observed in the experimental
data, or else whether some extension of it does this job. This analysis is carried over through
the computation of empirical conditional probabilities P(Apyy1;q;),which in fact measure the
frequency of price changes of a certain sign (Apyy1) given the volume of sales in the previous
period (g;). The cells in the transition matrix presented below measure the frequency of events
in which players either increased the price Ap;y1 > 0, maintained the posted value, Ap;y1 = 0,
or decreased the price Ap;;1 < 0 in round of play ¢ * 1, given that in the previous period they
had either (a) sold all their capacity output ¢, = ¢*, (b) made positive but not “full” sales,
0 < q <¢*, or (c)sold a zero quantity ¢; = 0.

Table 2 shows such conditional probability for an experiment. A salient characteristic of
the matrix is that the experimental behavior reproduces an important feature of the sales-
based rule, as is the almost unanimity of price reductions following less than full capacity
sales. However, a feature that now appears, and remained hidden in the regressions reported
before, is that, in contrast with the very elementary rule originally proposed, full sales do not
systematically lead to price increases: in a sizable number of cases, agents maintain their price, or
sometimes even decide price reductions. In what follows, define the parameters h_ = P(Ap;,1 <
0;q: = q*), ho = P(Apis1 = 0;¢0 = q%), he = P(Api1 > 03¢ = ¢F), as the measures of the
frequencies of price falls, non- variations and increases, respectively, after full sales. The number
€ = P(Apiy < 0;0 < ¢ < ¢%) is the frequency of price decreases conditional on sales below
capacity. To check the relevance of including sales in the previous round ¢;_;, we measure the
probability of changing prices conditional on ¢; and ¢;_1.

Table 3 shows a summary of experimental results, indicating for each session the number
of agents N, the number of market days (7') and the ratio p.qs/p* defined by the parameters
of the experiment (M, N, q*c) , together with the observed behavioral parameters (frequencies
of conditional price responses and modules of price changes: &, hy, h_, hg, v+, 7—. The table
also indicates the value of the posted price averaged over agents and rounds of play, (p), relative
t0 Pedge = p* + ¢/N. All the behavioral parameters reported are based on observations for the
second half of market days in the experiment, to focus on the performance after the system
has gone through the initial transitional phase. Given the statistical significance of all the
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Apii1 <0 Appy1 =0 Apgqy >0 # of events

@ =q 0.13 0.42 0.45 200
O<q<q 097 0.0 0.03 57
¢ =0 0.94 0.02 0.04 43

Table 2: Average over players of conditional probability P(Ap;i1;¢q:) of next round’s change
in price Apyy1 = pre1 — pe given that the player sold the whole production ¢, = ¢*, a partial
amount, 0 < ¢; < ¢*, or zeros ¢; = 0. The figures correspond to the last 50 rounds of experiment
#18 with N = 6 players and T = 100 periods of play.

Exp.# N T & ho hy hy (v (=) (/=) DD Pedge/D*
13:E4 12 50 0.92 0.07 050 043 0.043 -0.079 0.684 1209  1.034
16:E4 6 100 094 0.10 035 055 0.012 -0.019 0.633 1354  1.068
18:Eg 6 100 097 0.13 042 045 0019 -0.023 0.734  1.237  1.146
17:E4 4 100 090 0.01 0.18 0.81 0.147 -0.203 0.857 1.395 1.101
19:E,4 11 100 0.98 0.11 052 0.37 0.048 -0.081 0.650 1.155  1.036
20:F5 4 100 0.61 001 075 024 0.589 -1.283 1.039 2310 1.220
21:FE5 6 80 084 010 0.66 024 0.064 -0.091 0.636 1.150  1.146
2:F5 7 50 10 004 019 0.77 0.016 -0.039 0442 1380 1.125
23:Ep 7 45 096 0.05 045 050 0.291 -0.752 0.763  1.146  1.125

Table 3: Main behavioral parameters and price estimation comparison. Notation of the Table:
§ = P(Apiy1 < 0,0 < q < q*), ho = P(Apri1 = 0;¢ = ¢*), ho = P(Apiy1 = 0;¢, = ¢*) and
hy = P(Apir1 > 05, = ¢%), and (v4), (y-): parameters computed taking into consideration
the last half rounds of play.

estimated frequencies, the first conclusion is that the behavior of experimental subjects is well
approximated by a Markovian process, without a visible effect of sales before the current period.

The experimental results show diversity in the behavior of agents and markets, but at the
same time also some reasonably clear stylized features of the decision rules of players and the
consequent market outcomes. These regularities are discussed next.

4.3.1 Price strategies can be approximated by a modified sales- based adjustment
rule

As shown in Table 2, the conditional probability of price decreases after less than full-capacity
sales is statistically not different than one. This value corresponds very closely to one of the two
major features of the sales-based heuristics discussed in the previous section: if an agent does
not sell ¢* the rule indicates to decrease the price with certainty. In contrast, full-capacity sales
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tend to induce either price increases in a sizable proportion of instances (as in that decision
rule), or no change in prices, both happening with strictly positive frequencies (see columns
ho and hy in Table 3). There were some cases (around 13% averaging all periods, agents and
experiments) in which prices were reduced following full-capacity sales.

EXP. #21
1.70

iz 1.28 /_/\\//\\i/\
/ »
1.06

0.85

/

0 20 40 60 80
t

— Pedge Pave — Pmax — Pmin

Figure 3: Average, maximum and minimum offer price (rescaled with
p*) time series. Also shown is the Edgeworth price pegge = p* + ¢/N.
Experiment #21.

4.3.2 Time-series patterns of key variables-parameters

The model with sales-based heuristics assumes that the absolute value of the price increase after
selling at full capacity and that of the price decrease if selling less than at full capacity are both
constant. Also, the transition matrix computed in the last subsection showed frequencies of
price changes that are not statistically different from constants. However, the time-series data
generated in the experiments also reflect much richer dynamics for variables like these two than
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Figure 4: Average, maximum and minimum offer price (rescaled with
p*) time series. Also shown is the Edgeworth price p* 4+ ¢/N and pj.
Experiment #18.

what the analysis done so far can reveal. This subsection focuses on some time-series properties
for these variables.

Sizes of price changes (v,,7_). Measuring the average price change (|p; — p;—1|) time se-
ries over all players shows a rapid decrease in the average module, approaching a small value,
although with fluctuations around it. This property results in a narrowing of the range between
the maximum and the minimum price, which takes place on a time scale of some 30 'market
days’. There are large variations on the average size of price adjustments in different experi-
ments, but the magnitude of price changes tends to be relatively high in the first rounds of play,
when the variance of individual prices is large, and to diminish as the range of price dispersion
falls (see Figure 6).

In all but one of the experiments, the average module of price increases was smaller than
that of price decreases: (vy/7-) < 1 (see also Table 3). For individual players, when N is
small (< 6), there is a tendency towards roughly similar modules (v, /v_) =~ 1, while for larger
number of competitors, agents appear to be more cautious, in the sense that 0.5 < (y4/v-) < 1.
An interesting regularity was that, for all agents and all experiments, (7, /v_) < 1 in the last
25 rounds of play. Also, the ratio (v, /v_) averaged across players falls substantially when
comparing early and late stages.
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Figure 5: Average, maximum and minimum offer price (rescaled with
p*) time series. Also shown is the Edgeworth price p* 4+ ¢/N and pj.
Experiment #20.

Frequencies of price increases following full sales. Figure 6 shows a time series of an
estimation of h_(t), ho(t), hy(t) obtained by aggregating those events where players sold at full
capacity, and computing frequencies over the last five steps for each 'market day’ ¢ and each
agent.

A general pattern observed in all experiments was that players start the experiment with an
‘aggressive’ policy of increasing prices if sales reach capacity h+ ~ 1, ho ~ 0, and become more
cautious later on: ho increases steadily, while h+ decreases Correspondlngly (see Figure 6). After
this initial trend, ho and h+ tend to show fluctuations around a level, suggesting that agents do
not stop searching for better strategies in a context where there is no simple best response rule.

4.3.3 Market-level variables: average prices tend to decrease and reduce variability
through time, but do not properly converge to a steady state.

The interaction between experimental subjects yields a average market price dynamics with
identifiable patterns of organization, and a convergence to a state where individual and average
prices show small variations. However, this ”approximate” steady state is not an actual position
of rest for the system, but is subject to disturbances. The dynamics observed in several experi-
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Figure 6: (top) Time series of h_(t), ho(t), hs(t), measured by aggre-
gating and averaging the last 5 time steps for each ¢ over those agents
having full sales on Experiment #21.

ments (and similarly to what was found by Kruse et al [18]), initially shows high average prices
and a large dispersion between the offers posted by different agents, with a gradual downwards
trend and a substantial decrease in price dispersion. This feature corresponds to a behavior
marked by a first period of intensive learning with agents who start with wide differences in
their strategies and react quite strongly to the outcomes they observe, although they share the
knowledge of the basic structure of the game. In that situation, the capacity constraints of
low-priced suppliers allows high-priced competitors to make positive sales for some time by cap-
turing the residual demand. Subsequently, the competitive responses of agents lead to a drop in
price dispersion, along a declining trend for the average (connections between market features
and individual strategies are discussed in more detail in the next section).

As the play moves forward, the system goes through a phase of slow price movements.
However, the market does not settle in a state with steady mean prices. As the average price
falls, some agents tend to perceive incentives to search for higher profits through price increases,
which can generate market-level “upward excursions”. These perturbations did occur in seven
out of nine experimental sessions, and tended to start with average sale prices above the va lue
Dedge, that is, average prices above the suggested critical level defined in 10.

On the other hand, in seven out of nine experiments, the average selling price was above the
bound p*N/(N — 1) at which only N — 1 agents would realize full sales. Also, even after 100
‘market days’, only in two experimental sessions the average selling price became lower than the
limit pegge. In this respect, ii would be interesting to perform longer experiments to measure
statistics on the “price excursions”, although this is clearly left for future research.

The idiosyncratic behavior of some agents can be experimentally relevant, particularly in
small groups. For example, in experiment #20 reported in the Figure 5, the aggregate price
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Figure 7: Probabilistic sales-based model time series. Average (Paye),
maximum (Pmax) and minimum (pm;,) price as a function of time, to-
gether with a sample trajectory (p;) of an agent and pegge = p* + ¢/N.
Parameters: N = 10,p* = 1,¢ = 0.75,7, = 0.02,7_ = 0.10,hy =
0.45,h_ = 0.0.

was decisively influenced by the aggressive price increases of one subject who was able to obtain
high profits. This experiment was special in the sense that the subjects who participated had
already played in a previous session. This experience possibly made the market develop without
undergoing the first stage of “wide search” with high mean prices and a slow decline in price
averages. Here, the mean price soon reached a level close to p & peqqe,and players engaged in
several large excursions, as they had incentives to do so.

Our experiments do not show a clear pattern linking the average market price with the
number of players N (other parameters constant), although the limited quantity of experiments
performed allows no definite conclusion to be drawn on the matter.

5 Matching the experimental evidence: a probabilistic
sales-based model.

The previous section showed that the simplest sales-based rule presented in section 3 does not
perfectly fit the empirical transition matrix computed out of experimental data. However, that
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simplest rule can be easily extended to do that job. This section introduces the extension in
some detail, and comments on the performance of the simulations of the model compared with
the experiments.

5.1 The model and its properties from the simulations

The central change to the simplest heuristics (6) discussed in Section 3 is the introduction of a
probabilistic choice of price changes following full sales, parametrized by probabilities h_, hg, hy
of decreasing, keeping constant, or raising the price. The price rule for agent ¢ would then be:

pi(t+1) = pi(t)—~- if ¢<q
Vi with prob. Ay

pi(t+1) = pi(t)+4¢ 0 with prob. hy  if ¢ =¢" (11)
—~_  with prob. h_

(h— 4+ ho + hy = 1), where h_ < hy, hy (as seen from the experimental measurements). The
dynamics of the model will then depend on the behavioral parameters (v, v_, ho, by ), and the
parameters of the game (N, M, ¢, q*)). As with the other versions, the analysis of this model
can only be done through computer simulations, starting from a random initial condition across
agents®, who share the same behavioral parameters.

Figure 7 shows a time series of the average posted price, paye, and the price range (Puin, Pmax)
together with the price of one individual agent. Qualitatively, the average price behavior is
analogous to the one shown in Fig. 1. However, at the individual level, the stochastic element
is noticeable, with occasional drops in prices after full-capacity sales.

Starting with the initial condition indicated above, numerical simulations of the model show
that: (a) the initial price range decreases steadily, (b) there is a gradual decrease in average
posted and selling prices, and, (c) the system approaches what looks an aggregate steady state.
Qualitatively (a) and (b) are two features observed in the experiments, and are well captured by
the probabilistic sales-based model. All nine sessions except one (Exp #20; we will later discuss
this exception) start with a large dispersion of individual prices, and a gradual convergence
(which takes about 30 market rounds) around an average that initially shows a downwards
trend. To generate this market behavior, it matters that the agents have widely dispersed
initial prices. While the cheapest suppliers raise their offers, the higher-priced agents find that
they still are unable to sell, until the range of posted prices has an order of magnitude similar
to the parameter of price reductions(~ _)°. Then the condition of not selling is more or less
uniformly distributed among agents.

It is now possible to figure out the average posted price of the market, in a similar fashion
as in Section 3. Consider AP, as the aggregate value of the changes in prices decided by

8The price initial conditions were computed from a distribution p;(t = 0) = p*(1 + &), where ¢ is a uniform
random variable with range [0, 1], constraining the initial price range to p;(0) € [p*,p*(1 + &)].
9Fig. 7 shows an average price range for the last half rounds of 0.107 ~ v_ = 0.10.
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Figure 8: Comparison of the average price estimate (16) in the prob-
abilistic sales-based model against numerical simulations as a function
of hg. Parameters: N = 20,v_ = 0.10,7; = 0.02,h_ = 0.

firms with full-capacity sales in the previous period. This expression can be approximated by:
APy =~ Ng(hyvy — h_v_), where N; is the number of sellers who sell the capacity quantity
(remember that, with probability hq the price is kept constant). On their side, the agents who
sold less than the capacity volume, N,;, = N — N, will reduce their price, and accumulate
an aggregate value of price reductions AP_ ~ N,,v_. At steady state one expects that the
average posted price would correspond to a condition AP, ~ AP_, assuming that AP, > 0, so
h_ < vy hy/h_. Taking that as given, we have:

(N = Nis)/Nus = Ng /(N — Ng) =7 /(hyys — hov-) (12)
Solving (12) for N,
1
N,y =N (1 -— ) (13)
Yr—h_vy_
The average posted price is related to N, by,
(p) = M/(q"Ns) = p"N/(N = Nys) (14)
Thus,
() & pest = P (1= ho + by 25) (15)

would be a good approximation for large N.

For a given h_, the average price decreases with hg (increases with h,) meaning that more
cautious players make the average price go closer to the competitive market equilibrium. In the
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limit hy = 1, clearly p.ss = p*, since agents with full-capacity sales would never raise their price
as expected.

The integer constraint for the numbers of agents (Ns, N,s) becomes relevant for not-too-
large N. Then, the average market price would be approximated by,

N

S 1
DPest p N — LanJ ( 6)

where | N, | is the integer value of the number of agents with less than full sales derived from
(13).

The simulated results with artificial agents following the probabilistic sales based model (9)
validate the approximation (16). Iterating over 1000 time steps, taking averages over the last
500 steps, and averaging over 10 random initial conditions, Figure 8 shows that the numerical
simulations, closely follow (16) as a function of hy. The price jumps occur at the discrete changes
of N, and are of order 1/N.

It is interesting to notice that there is a critical hj, above which p.s = p* (see Fig. 8).
Using (16) and (13), and assuming h_ to be negligible, one can solve for the critical hg, where
an = 17

1~
hy=1— ——— 17
0 N —1 o ( )
For small N, this critical h{ crosses zero, so there is value of N = N* below which the only
steady state corresponds to pes; = p*,

N* =147/ (18)

For the parameters of Fig. 8, N* = 6.

5.2 Probabilistic sales-based heuristics and the experimental evi-
dence

The results from the simulations discussed in the last subsection can now be contrasted with
the experimental results obtained in Section 4. Two dimensions of analysis are relevant in the
model-experiment correspondence: i) the extent to which the average posted prices shown by the
experiments after an initial transient can be approximated by a sales-based rule, and ii) if the
model can shed some light about the evolution of behavioral parameters during the course of the
experiments and, in particular, about the pattern of frequencies of price responses (parameters
h_, hg, hy) found experimentally and shown in Figure 6.

Average prices. We have estimated mean values of the behavioral parameters h’s and +’s
for each experiment by averaging over the last 30 rounds and across players. Figure 9 compares
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Figure 9: Comparison of the average price estimate (16) in the prob-
abilistic sales-based model against the experimental results. Also the
values of hy are shown. Only the results for experiment #20 and #17
are outliers. The hy _ and ~; _ for each experiment where estimated
taking the average over the last 30 rounds. The average price of the
experiment was also for the last 30 rounds. Notice that shown prices
are rescaled with p* of the experiment.

the (rescaled) average market price of the last 30 rounds with the one estimated from (16).
For most of the observations the estimated price is below, but not far from, the experimental
market price. The larger departures from the p. correspond to experiments #17 and #20, with
4 players each and large price variations across the whole session.

Changes in behavioral parameters during the play of the game: a model with a
mutant player. The experimental evidence presented in Figure 6 suggests that: (a) when
adjusting behavioral parameters, players seem to be more active varying the frequencies h’s
rather than the magnitudes of price adjustment «’s, once the initial transient is over, (b) the
average probability hg starts close to zero and increases steadily until it reaches a level around
which it fluctuates. The probabilistic sales-based heuristics model, instead, assumes that the
probability of increasing the price or maintaining it after a full-capacity sales is constant. Thus,
that version cannot really capture the time evolution for such behavior of probabilities. However,
a variant of the probabilistic model may explain this dynamics.
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Figure 10: Comparison of probabilistic sales based model average ben-
efit (Baye), against the average benefit of single mutant player (Bput)
which varies: (panel A) v_, (panel B, C) hy. Panel A shows that the
mutant player cannot improve the average benefit above the popula-
tion’s by changing v_. On panel B, the mutant player improves by
increasing hg, while on panel C, the mutant improves by decreasing hy,
thus limiting the values of hg by which a single agent can optimize its
benefit. Parameters: N = 10,¢ = 0.75,p* = 1,¢q* = 1. Behavioral
parameters for all players except one 44" = 0.02, A"* = 0, hf® = 0
(Panel A), 4" = 0.10 (Panel B, C).

Consider a homogenous population of players with default behavioral parameters /5P, 4P,
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RPP 0 REPP, WEPP. and a single “mutant” player which is allowed to vary one of its behavioral
parameters (either v_ or hg). Consider how the profit realized by the mutant player compares
with the average profit of the homogenous set of remaining players. Numerical simulations were
performed, averaging 50 simulations, to measure the average profit of the mutant II"™"* and that
of the rest of the population IIP°P, and repeated the exercise for various values of the population
behavioral parameters.

Figure 10A shows the comparison of IT™* vs TIP°P using as deviating parameter v_ in the
range (0.05,0.15). The change made by the mutant player does not seem noticeably beneficial.
However, analogous numerical simulations but using as deviating parameter hy € (0,1) shows
the following result. Figure 10B depicts a population of players with A5°® = 0. In this case,
the mutant agent would find it profitable to increase hy and react less often to realized capacity
sales, which is precisely the observed pattern of behavior in experiments. This result suggests
that in principle players may find beneficial to act more cautiously (i.e. increase hg) whenever
the population is reacting strongly with full sales (hy™ ~1).

If all players follow this pattern, the population’s h® would also increase. We now study
the case of a parameter deviation starting from hf°” > 0. The simulations show that the pattern
shown in Figure 10B is maintained for increasing A5 > 0, up to a point close to h§® = 0.70.
Outcomes for this population parameter are displayed in Figure 10. Here, it is seen that the
mutant player would increase its profits by reducing hg < h{".

This observation corresponds with the analysis of Section 2 on price behavior. As the
population parameter hi°® was increased, the market would settle down at a lower average
price. Given the set of parameters, for a value h§” = 0.70, the average market price coincides
with pegge. Thus, an individual player would increase profits by becoming more aggressive, and
raising its prices as the average population price approaches pegqe. This may be achieved by
reducing the parameter hy of the agent, which implies a more frequent response of increasing
prices after experiencing full-capacity sales.

The perturbation analysis highlights the possibility of making the behavioral parameters
subject to adaptive, profit-seeking changes for all agents. Indeed, a ’slow’ drift in the behavioral
parameters is clearly observed in the experiments (see Fig. 6). The dynamics in this extended
system with varying parameters would not rest at the steady states found in the previous
simulations, which assumed constant parameters. In particular, when the average price is below
Pedge, one would expect a drop the average value of hg, which would then increase the market
price. The value p.44e appears then as a “barrier” below which prices would tend to “rebound”,
but above which agents would have an incentive to undercut their competitors (cf. Section 2).

6 Conclusions

We have studied Bertrand-Edgeworth markets, which have features found in relevant real- world
counterparts.The game lacks deterministic Nash equilibria, while the equilibria in mixed strate-
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gies are difficult to identify and to characterize. After sketching some basic analytical properties
of the model, we considered two families of price-setting heuristics, and simulated the market
outcomes that they would give rise to. These results were then contrasted with experimental
evidence, which provided support to the relevance of some simple pricing rules, and also led to
revisions of the starting, elementary assumptions about price- setting.

In an environment which does not allow for readily defined maximizing strategies, exper-
imental agents turn to relatively simple heuristics, but also adapt their behavior in a profit-
seeking manner. Specifically, in most instances, agents who do not realize full capacity sales in a
period react by lowering prices; when sales reach capacity, both positive and zero price increases
are often observed. Experimental subjects initially tend to post prices above the competitive
equilibrium level (even when they have been explicitly informed about the value of this price).
Then, in an “exploratory” stages of play, players make aggressive moves (with relatively large
modules of price change, and a high likelihood of raising the price when sales reach capacity).
Further on, agents gradually shift to more conservative strategies (with smaller modules of price
changes and higher chances of keeping the price constant). This pattern of behavior induces a
slow average price decrease, characteristic of the convergence from above to the “competitive
range” reported also in Kruse et al. (1994), and which can be simulated in a model with arti-
ficial agents. It is also possible to approximate the average price analytically, using parameters
obtained from the experiments.

As established in Section 2, when prices approach the competitive level and get close to the
critical value pegge defined in equation (10), there is room for profitable deviations by agents
who raise their price with sufficient intensity. The experimental results actually show upwards
“excursions” of the prices set by some agents in markets which previously were in a more or
less tranquil condition. Thus, the image would be one where “competitive forces” put limits to
the unit margins of participating firms at a price level close to pegge, but where “intermittent
shakeouts” push up market prices for some periods (in the experiments, often at starting levels
above peqge). Thus, market prices do not actually “freeze” in stationary states, either at the
individual or the aggregate levels. Rather, the observed downwards price convergence itself
generates favorable conditions for disturbances to the emergent “ordered” state.

The analysis can potentially be extended in several ways. Further experimental exercises
could inform about the role of p.qqe as a critical value, and about the likelihood of large price
excursions as a function of the number of players. It would also be interesting to study the
behavior of prices when some market parameter (like the value of M, which defines the position
of aggregate demand), is shocked, or subject to a gradual change. Also, an extension to the case
of durable goods, where firms post prices, decide production in advance and manage inventories,
would be a step towards a representation of behavior in real markets. Allowing for search by
buyers and varying the information structure can enricher the understanding on how individual
and aggregate performance depend on specific market conditions, and provide additional bridges
with the previous literature. Regarding simulations, a natural next step would be to consider
explicitly the adaptation of the quantitative characteristics of sales- based pricing rules through
some profit-motivated criterion. Ultimately, this work may help to identify pricing decision rules
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with sufficient validation which can be used as a building block for more elaborate agent-based
models or, perhaps, apt to be confronted with actual data.
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Appendix 1

Instructions for players

The players in the experiments were senior-level undergraduates or graduate students in Eco-

nomics. They were presented with the instructions which are shown below in English translation.
Clarifying questions were allowed.

e You will participate in the experiment as the manager of one of the N firms that produce
and sell a good (the number of players is not known to any of the participants). The market
will open during a sequence of T' "days”, numbered t = 1,2, ....,T. The experimenter will
announce publicly when the play ends.

e Your cost of producing each unit of the good is ¢ ”credits”. You will only produce goods
”on demand”, that is, once they have been sold. The production, and sales, of your firm
in each market day cannot exceed a capacity level of y* units. The cost per unit, ¢, and
the maximum production y* are equal for all the firms in the market, and all (as yourself)
have been informed of the fact.

e At the beginning of each market day, you (and all the other players) will be asked to write
down a price at which you are willing to sell the good. You will see an indication on the
screen asking you to write down a number determining the price that you have chosen for
the day. No other player will know your price and you will not be informed of the prices
set by others. Your information will consist of the prices that you posted, the quantities
of goods that you have sold and the profits that you have made in each day.

e Your payoff in the game, and your monetary reward, will depend on the total profits
realized by your firm over the T" days of the game. The benefits in a given day will be the
product of the margin of the posted price over production costs (that is: p — ¢) and the
quantity effectively sold y . The two players with the highest total benefits will receive a
prize of $xx.

e Your sales will depend on the price that you have set, on the prices of the other participants,
and on market demand. The quantities sold by each firm will be determined in the
following way:

Once all players have informed their price for day ¢, the program will proceed to rank
them in an increasing order (from lowest to highest): 1,2,....N. The market demand is
determined by an amount of money, M, available to buy the good. The program operates
by directing that demand first to the firm with the lowest price, 1.

If it happens that the total amount of money M is insufficient to buy the maximum
possible production y* of that firm, the quantity sold by 1 is y; = M/y;, and there is no
money left to buy from other firms, whose sales are therefore equal to zero.
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If that is not the case, and there is money still available for purchases after buying the
whole production of 1, that is, if M exceeds p;y*, the remaining available demand M —p;y*
is directed to the second-cheapest firm, 2, and the procedure is repeated.

Firms are "visited” in the order of increasing prices, until one of three things happens:

a) the demand capacity is exhausted, so that the whole quantity of money M has
been spent buying from firms 1,2,...n, and then all firms with higher prices (numbers
n 4+ 1,...N in the increasing price order) will make zero sales; or

b) the amount of money available for purchases is exhausted and all N firms make
positive sales, possibly with the most expensive firm (the Nth) realizing a volume of sales
less than its full capacity y*; or

c¢) all firms 1,2, ...., N have been visited, all have made sales at full capacity y* and
yet demand has not been satisfied (so that M is higher than the sum of the amounts p;y*
spent in firms 1, 2, ...V'), but no production capacity remains. In this case, the money which
could not be used in buying the good because no supply was available ”goes elsewhere”
(that is: is not kept for future periods), and in the next day demand is again determined
by amount M.

e When the program has performed these operations, players are informed of their individual
results: you will see in the screen the data for your quantity sold y and your profits (p—c)y
in day ¢. This being done, the program initiates day t+1, as before, by asking participants
to determine their price for that day.

e As a possible reference for your decisions, the ”competitive price” (that is, the price which,
if posted by all firms, leads to sales exactly equal to full- capacity output by all of them:
p* = M/Ny*) is .... credits

Appendix 2

For each agent in each game the behavioral parameters were estimated through OLS regressions
for the sales-based pricing heuristics. The dependent variable is change in price in the next iter-
ation and the independent variable is a constant. In order to identify the proposed coefficients
we estimated Ap, 1 = 74 over the subsample that sold sold completely (¢ = ¢*) and Ap;1 = v_
over the subsample with partial sales (¢ < ¢*) for each agent.

Table 4 reports the parameters estimation for each agent in a single experiment. Notice that
in at least 82% of the agents, significant estimations where obtained.

In Table 5 we report summary statistics for the sales-based heuristic for each game. Columns
(I) and (II) report the mean of the estimated behavioral parameter across agents. Columns (III)
report the results of the regression over the whole population of agents in each game. The ratio
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Agent All iterations

Iteration > 25

Y+ V- Vo /V- Y+ V- V4 /7-
1 0.024*  —0.049"* -0.480 0.010*  —0.047* -0.211
2 0.011™ —0.111* -0.097 —0.002* —0.056* 0.045
30010 —0.020* -0.498 0.001**  —0.015*** -0.047
4 0.012% —0.027** -0.423  0.004**  —0.027*** -0.170
5 0.018™ —0.027** -0.673 0.003*  —0.019"* -0.159
6 0.033"* —0.038"* -0.872 0.015™* —0.030"** -0.503
7 0.023%  —0.026"* -0.905 0.002°* —0.010*** -0.244
8 0.046™ —0.165"* -0.278  0.020*  —0.096*** -0.214
9 0.056™* —0.067*** -0.848 0.036™* —0.055"* -0.646
10 0.009  —0.058* -0.161 —0.001 —0.042** -0.032
11 0012  —0.022 -0.550 —0.006 —0.013"* 0.440

Table 4: OLS estimates of sales-based rule for each agent in Experiment 19.

* represents

significance at 10%, #* represents significance at 5% and * * % represents significance at 1%.

between the parameters for each game is also reported in Column (IV). Table 6 is identical to
Table 5, except that the estimations taken over iterations greater than 25, in order to discard

the initial phase of the game.
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