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Abstract

This thesis examines how pricing frequency impacts the ability of firms to tacitly

collude. Online platforms have reduced search costs for consumers by making it

easier to compare across firms. However, they also make it easier for firms to use

prices as a communication tool and keep track of competitors. Various jurisdictions

have implemented transparency schemes in the retail petrol market, with the aim

of promoting competition between firms and enhancing consumer welfare. However,

it is unclear whether the increased competition from lower consumer search costs

outweighs a potentially enhanced environment for tacit collusion. A sub-set of juris-

dictions have implemented additional restrictions on how and when petrol stations

can change their price. It is unclear whether these pricing-frequency restrictions

lead to enhanced competition and consumer welfare. This thesis uses laboratory

experiments to investigate how pricing frequency impacts the level of tacit collusion

in markets.

Chapter 2 examines whether pricing frequency impacts tacit collusion in the

context of infinitely repeated games. We use four treatments to distinguish whether

behaviour is driven by collusion incentives, adaptive pricing, and/or satisficing. On

one dimension we vary whether there one or four pricing periods per stage game. On

the other, we vary the induced discount factor (firm patience). Results show that

increased pricing frequency leads to lower collusion levels. This is due to adaptive

pricing, whereby firms continuously undercut one another, leading to a decay of

cooperation over time.

v



Chapter 3 investigates how pricing frequency impacts collusion levels in a 60

minute, real-time duopoly experiment. Unlike the experiment in Chapter 2, where

each period is distinct, we implement pricing-frequency restrictions in an otherwise

real-time environment. We compare an unregulated market, with no restrictions on

how and when firms can change their price, to one where prices are only updated

simultaneously at set 20 second intervals. Results show collusion levels are signifi-

cantly higher without pricing-frequency restrictions. This seemingly contradicts the

finding from Chapter 2 where higher pricing frequency reduces collusion levels.

To test the mechanism behind our results, in Chapter 4 we implement a third

treatment where prices are updated every 2.5 seconds. If collusion incentives such

as the cost of signalling and gain from deviating drive results, then average prices

in the 2.5 second treatment should be closer to our unrestricted treatment. If a

behavioural mechanism is responsible, prices should be closer to the 20 second treat-

ment. Results show collusion levels are virtually identical between the 2.5 and 20

second treatments. Thus, firms price adaptively, with pricing periods acting as a

behavioural prompt to start a price war. This explains the seemingly contradic-

tory results from Chapters 2 and 3, and the distinction between decisions made in

discrete and continuous time becomes salient.

This thesis contributes to the experimental literature on cooperation in repeated

games and continuous time. Results show that imposing discrete decision periods

in an otherwise continuous-time environment reduces cooperation levels. Future

experiments implementing repeated games should therefore consider the impact of

timing as part of their design.
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Chapter 1

Introduction

Many markets have become increasingly transparent through the emergence of ac-

curate and up-to-date online platforms. Examples of such markets include retail

petrol, business hotels, and online retailers more generally. Transparency reduces

search costs for consumers by making it easier to compare prices across sellers, but

has a secondary effect of facilitating the monitoring of competitors’ prices. Compe-

tition laws prevent explicit agreements to collude being made between firms, but do

not prevent tacit communication through prices. The question arises as to whether

increases in competition from reduced consumer search costs outweigh the potential

increase in tacit collusion from the reduction in communication costs. Answering

this question empirically is not straight forward. Concerns about tacit collusion in

retail petrol (gasoline) markets have resulted in the implementation and enforce-

ment of competition regulations in various jurisdictions around the world. These

generally take the form of transparency programs and price setting restrictions, such

as price ceilings, limitations on the frequency of price changes, or only allowing for

price reductions (Haucap and Müller, 2012). How can these pricing restrictions

help or hinder the ability of firms to tacitly collude in otherwise high-information

environments?

The motivating policy behind this thesis is the retail petrol regulations in West-
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Chapter 1. Introduction

ern Australia (WA). These regulations impose 24-hour price commitment on petrol

stations, and stations are required to submit their price for the next day by 2pm.

The following day’s prices are then made publicly available from 2:30pm through

the FuelWatch program.1 This price is then implemented at 6am the next day, and

remains fixed for the next 24-hour period. It is unclear if pricing frequency regu-

lations have actually led to welfare increases for motorists, due to the difficulty of

controlling for multiple unobservables in these markets.

Our initial question can be restated to ask if simultaneous pricing-frequency re-

strictions can reduce tacit collusion in markets. This thesis comprises three related

essays that seek to experimentally examine if changes to allowable pricing frequency,

whether through regulations or technology, impacts the ability of firms to tacitly

collude. Can theory help us answer this question? The modelling of strategic com-

petition in quantities and prices by Cournot (1838) and Bertrand (1883) paved the

way for rigorous theoretical investigation of market characteristics and welfare out-

comes (see Stigler (1964)). In particular, theoretical work on infinitely repeated

games and associated folk theorems for identifying equilibria (i.e., Friedman (1971);

Fudenberg and Maskin (1986)) shed light on whether collusive equilibria in markets

may be implementable. In complementary work, Maskin and Tirole (1988) provide

the theoretical underpinning for the impact of price commitment in infinite discrete

time duopolies, proving that Edgeworth cycles can be a Markov perfect equilibria.

Thus, under certain assumptions such as sufficient firm patience and timing of ac-

tions, theory tells us that collusive outcomes are indeed implementable. However, it

does not tell us how they are achieved, nor provide a sharp outcome on how collusive

a market may be. The theory of infinitely repeated games is unable to answer our

question.

The retail petrol market has received attention from empiricists, given the dif-

ferent policies implemented by regulators and the availability of data on petrol

1The retail petrol market in WA is regulated under the Petroleum Products Pricing Act 1983
WA.
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Chapter 1. Introduction

prices (Eckert, 2013). Byrne and de Roos (2019); Wang (2009) provide evidence of

tacit collusion in the WA petrol market after the introduction of the 24-hour price

commitment regulations. Despite evidence of tacit collusion, it remains unclear

whether there is less collusion in WA with the 24-hour price commitment regula-

tions. One might think of comparing prices in WA with those in New South Wales

(NSW), which also has a pricing transparency program, FuelCheck, but no restric-

tions on the frequency of allowable price changes.2 Any price differential for retail

petrol in WA and NSW cannot be entirely attributed to the difference in regulatory

environment. The complexities of markets are vast, including differing consumer

preferences, services provided, capacity constraints and brand-group pricing issues.

Comparing prices, even with the inclusion of controls, does not adequately solve the

identification problem.

Dewenter et al. (2017) and Becker et al. (2021) have made progress towards

identifying the causal impact of pricing regulations in the Austrian retail petrol

market using difference-in-difference and synthetic control methods, respectively.

Both studies find a pro-competitive effect of the Austrian rule, which allows for one

price increase per day and unlimited decreases. Dewenter et al. (2017) do not find

any significant effect of the WA regulations on fuel price levels. More evidence is

needed, as both studies formulate their controls using prices from other countries,

where the underlying data generating process may be different.

Laboratory experiments are well placed to cleanly test the impact of pricing

frequency regulations on tacit collusion. This thesis experimentally investigates

the impact of price setting rules that restrict interaction frequency on cooperation

in Bertrand oligopolies. All experiments were conducted with approval from the

Human Research Ethics Committee at the University of Adelaide (H-2019-179).

In Chapter 2 we investigate how price commitment impacts cooperation in the

context of an infinitely repeated game. We bridge the gap between traditional

2The NSW industry is regulated under the Fair Trading Act 1987 No 68 NSW.
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Chapter 1. Introduction

experiments on infinitely repeated games and the more recent development of ex-

periments investigating how behavioural factors impact cooperation levels. In our

theory-driven null hypothesis, we test whether increasing the attractiveness of col-

lusion, as measured through collusion incentives,3 impacts the level of collusion in

markets. Our first alternative hypothesis is derived from the observed decay in co-

operation levels in experiments using a repeated prisoner’s dilemma (Chaudhuri,

2011). Alternative hypothesis 1 states that average levels of collusion will decrease

as the number of price changes increases. The second alternative hypothesis states

that as discount factors decrease, the level of collusion increases. This is contrary

to standard repeated-game logic on the impact of discount factors, as tested in our

null hypothesis. Instead, alternative hypothesis 2 tests whether collusion is driven

by satisficing behaviour (Simon, 1956). Participants target a real payoff level and

thus compensate for the lower discount factor by increasing nominal prices and prof-

its. The third alternative hypothesis is that both the number of price changes, and

the discount factor, impact observed collusion levels.

Four treatments are used, varying the number of price changes per period to

be one or 4, and the induced discount factor.4 Using theory and observations of

behaviour in experiments, we derive a null and three alternative hypotheses. We

run five supergames in each session for our aggregative triopolies. Results support

alternative hypothesis 1, and collusion levels are significantly higher in treatments

with one price change compared to treatments with 4 price changes per stage game.

We do not find evidence to support our null hypothesis or alternative hypothesis

2. Thus we conclude that restricting the number of price changes results in higher

levels of collusion. Adaptive pricing, where firms undercut one another, takes longer

to achieve with fewer available price changes.

3We derive collusion incentives from the theory of infinitely repeated games. Based on our
parameters we calculate the value of colluding at the joint profit maximising price, minus the value
of one-shot deviation with Nash profits forever (grim trigger). As this difference decreases, we
expect lower levels of collusion, as it becomes less attractive.

4We use a combination of a continuation probability and inflation rate. For our purposes, using
a continuation probability only would not allow us to achieve the reduce the induced discount factor
low enough for our purposes without severely restricting the length of supergames.
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Chapter 1. Introduction

In Chapter 3, we test the impact of restricting pricing frequency in a 60 minute

(90 period), continuous-time duopoly. Following the findings in Chapter 2, we are

interested in how collusion dynamics evolve over time, without being restricted by

the stopping probability or inflation rate required to implement an infinitely repeated

game in the lab. Profits are gained in a flow over time, which more closely follows

the flow of consumers stopping for petrol over each day. Another key difference

with our experiment in Chapter 2 is that we remove the break between periods to

ensure that any restart effects, or chosen focal points for coordination, are due to

differences between treatments, and not due to the experimental design. Each cycle

(or period) runs for 40 seconds, with a repeating pattern of 20 second days and

20 second nights. These shocks implement high and low demand levels at known

intervals at the same time for all participants. Firms need to actively change prices

to adapt to each demand level, ensuring participants are active in pricing for the

entire 60 minute experiment.

We compare a treatment where firms are unrestricted in the number of price

changes, to a second treatment that implements 20 second pricing periods for an

otherwise real-time market. Our null hypothesis states that price levels are equal

in both treatments. The alternative hypothesis depends on the inequality between

treatments. If prices are lower in the unrestricted treatment, the introduction of

discrete pricing periods every 20 seconds makes it easier for firms to collude (i.e.,

introduces a clear focal point and makes it easier to keep track of prices). If prices are

lower in the 20 second treatment, higher cost of initiation and gain from deviating

result in lower levels of collusion. Results show a clear treatment difference, with

higher prices in the unrestricted treatment. This is seemingly contrary to the results

in Chapter 2, where more available price changes led to lower levels of collusion.

In Chapter 4, we test for the mechanism driving the results in Chapter 3 by

using an additional treatment with 2.5 second pricing periods. If prices in this

treatment are closer to the unrestricted treatment in Chapter 3, then we confirm

that collusion incentives lead to higher prices. This is because the cost of signalling

5



Chapter 1. Introduction

(initiation) and gain from deviating (incentive to cheat) are lower in the unrestricted

treatment. Thus, by reducing the simultaneous price commitment period from 20

seconds down to 2.5 seconds, these collusion incentives are closer to those in the

unrestricted treatment. However, a behavioural explanation could be responsible

for the difference, thus the 2.5 second length is chosen to ensure the decision period

is still discretised.

Prices in the 2.5 second treatment are similar to those in the 20 second treatment.

Results show a higher proportion of fully collusive markets, and higher prices more

generally, in the unrestricted treatment. Thus, we conclude that collusion incentives

are not behind the higher prices in our unrestricted treatment, and instead it is the

introduction of discrete pricing periods in an otherwise continuous time market. We

hypothesis this is driven by a status quo effect (Samuelson and Zeckhauser, 1988)

in the unrestricted treatment, whereas the introduction of structure into the market

through a 20 or 2.5 second pricing period acts as a prompt for firms to re-strategise.

This has a pro-competitive effect on markets.

The final chapter concludes by summarising the findings from this thesis in con-

text of the literature and future research directions.

6



Chapter 2

Infinitely repeated games

2.1 Introduction

“The best known results in the theory of repeated games, the folk theorems, focus
attention on the multiplicity of equilibria in such games, a source of consternation for
some. We consider multiple equilibria a virtue - how else can one hope to explain the
richness of behavior that we observe around us?” - Mailath and Samuelson (2006)

The development of repeated game theory opened the door to the analysis of

how time impacts the nature and outcome of strategic interaction. The classical

prisoner’s dilemma is one such example, where repeated interaction can lead to

the possibility of a cooperative outcome being reached when it would otherwise be

unattainable as a sub-game perfect equilibrium. Various Folk Theorems for infinitely

repeated games show how punishment strategies can be used to support cooperative

outcomes, providing a theoretical explanation for why cooperative outcomes are of-

ten observed in society (Friedman, 1971; Fudenberg and Maskin, 1986). For many

real-world situations, achieving a cooperative outcome improves the overall welfare

of society, e.g., action on climate change, students working on a group assignment,

and attempts by nations to promote regional stability. However, there are circum-

stances in which the welfare implications of cooperation are negative from the policy

maker’s point of view. Cooperation between firms in oligopoly markets can lead to

7
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diminished consumer welfare. This chapter is concerned with how the latter is im-

pacted by the frequency of interaction within a stage game. We focus on games of

complete information to reflect real world markets where prices are readily avail-

able online. This allows us to focus on identifying the causal impact of interaction

frequency, without confounds that may result from imperfect monitoring.

Friedman (1971) and Fudenberg and Maskin (1986) show that for a supergame,

or an infinitely repeated stage game, all individually rational stage-game payoffs

that are feasible can be implemented as an average period payoff - as long as players

are sufficiently patient. Patience is measured against the threshold critical discount

factor, which in turn is determined using the payoffs of the game and strategies used

by players. Thus, there are infinitely many potential sub-game perfect equilibria

that are Pareto dominant compared to playing Nash at every stage.1 With a large

set of potential equilibria in a supergame, including Nash, it is unclear on which

equilibrium players will eventually land. If cooperation is indeed sustainable in

equilibrium, identifying which is more likely to occur is not straight forward.

This theoretical gap creates challenges for applications where more refined predic-

tions are required. Although, as Mailath and Samuelson (2006) state, multiplicity of

equilibria provides an explanation for varied behaviour, it can also hinder analysis of

policy. Theory does not predict which equilibrium will actually be played under dif-

ferent policy regimes. For instance, in situations where cooperation leads to concern

over anti-competitive conduct in markets, policymakers are without theoretical guid-

ance on how potential market regulations may affect equilibrium selection. Potential

solutions to this coordination problem have been proposed, such as the identifica-

tion of focal points (Schelling, 1960), measures of strategic uncertainty (Heinemann

et al., 2009), and payoff and risk dominance (Harsanyi, 1995; Harsanyi and Selton,

1988). Unfortunately these approaches do not make predictions on how interaction

frequency impacts the overall level of cooperation in markets. A secondary concern

1This requires that there are feasible stage game payoffs that pareto-dominate stage-game
Nash.

8
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arises as to whether there are behavioural factors that impact cooperation levels,

which theory is currently unable to capture.

The lack of predictive power of theory, and the potential impact of behavioural

factors, has led to experimental work on cooperation in infinitely repeated games.

Infinitely repeated games can be implemented in laboratory experiments by incor-

porating a probability that the game ends each period (stopping probability) and

an inflation rate. Dal Bó and Fréchette (2018) provide an extensive meta analysis

of how characteristics of repeated games impact the overall level of cooperation.

The main vehicle to study infinitely repeated games and cooperation has been the

prisoner’s dilemma. Dal Bó and Fréchette (2018) use a meta analysis of experiments

using an infinitely repeated prisoner’s dilemma to show how cooperation levels are

impacted by variables including the critical discount factor, game length and ex-

perience, matching protocol, and public monitoring. However, it is not clear that

repeated-game logic is the only explanation for observed results on differences in

cooperation levels. The strategy space in a prisoner’s dilemma is not rich enough

to conclusively prove the existence of repeated game play according to theory, and

separate this from potential behavioural factors such as social preferences, reasoning

ability, and the building of reputations. Any defection from observed cooperation is

indistinguishable from the implementation of a punishment strategy. Thus it is un-

clear whether punishment, or another behavioural influence, is behind the observed

change in cooperation.

A relatively new strand of literature has made progress in this area by showing

differences in decisions made in discrete compared to continuous time. In the context

of a 60 second continuous prisoner’s dilemma, Friedman and Oprea (2012) find that

continuous time helps stabilise cooperation, as do Bigoni et al. (2015). Leng et al.

(2018) find that games in continuous time are behaviourally different to those in

discrete time, in the context of a minimum effort coordination game.

Our contribution seeks to bridge the gap between the experimental literature on

9
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infinitely repeated games and the literature on the timing of decisions and coop-

eration. We identify potential behavioural explanations for observed differences in

cooperation levels, while embedding the decision environment within the context of

an infinitely repeated game. This allows us to disentangle the impact of collusion

incentives, driven by repeated-game logic, from potential behavioural factors. The

context of Bertrand competition allows us to explore these impacts over a wider

strategy space than if we used a 2 by 2 game. We focus on simultaneous pric-

ing decisions in markets with complete information, capturing the essence of the

retail petrol market regulations in WA. The classical Bertrand model of oligopoly

(Bertrand, 1883) is appropriate to proxy the general retail petrol market, where firms

sell otherwise homogeneous products that are differentiated by location and services

provided. Although a Hotelling location model (Hotelling, 1929) could also capture

these characteristics, we are more interested in the choice of price, and impact on

price dynamics over time.

To understand how pricing frequency regulations impact collusion levels, we need

to identify how they impact the stage game in an infinitely repeated sequence. Pric-

ing frequency impacts the potential payoffs to players by dividing each period payoff

by the number of sub-periods (or pricing periods). This necessarily impacts the pay-

offs used to calculate the critical discount factor. For example, with more pricing

periods in a stage game, the payoff from deviating is lower as other firms can punish

sooner, resulting in a lower critical discount factor. In other words, the threshold

level of patience for cooperation to be sustained in equilibrium is reduced. We again

run into the same problem, that in environments where collusion is sustainable, it

is unclear how pricing frequency might impact overall collusion levels. Although

theory tells us how pricing frequency impacts the critical discount factor, above

this threshold it is unclear whether there is any effect. This further demonstrates

why empirical investigation of potential behavioural factors is necessary. Regarding

equilibrium selection, our contribution is on the question of how regulations impact
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average collusion levels, rather than understanding how collusion is initiated.2

The level of control in laboratory experiments makes them an appropriate tool

to help us understand how cooperation is impacted by different characteristics of

repeated games (Abbink and Brandts, 2008). Within the experimental literature,

multiple determinants of cooperation have been explored in the context of repeated

games, and industrial organisation more generally (Bigoni et al., 2015; Friedman

and Oprea, 2012; Dal Bó and Fréchette, 2011; Leng et al., 2018). Factors impacting

cooperation levels include:

1. The number of firms in the market. As the number of firms in experimen-

tal markets increases above two, collusion levels decrease (Huck et al., 2004;

Dufwenberg and Gneezy, 2000; Abbink and Brandts, 2008);

2. Use of a stochastic vs deterministic ending rule. Bigoni et al. (2015) find more

cooperation with deterministic ending rules, rather than stochastic ones;

3. The sustainability of collusion as an equilibrium outcome for infinitely repeated

games. Being supported in equilibrium is not a sufficient condition for coop-

erative outcomes to arise (Dal Bó and Fréchette, 2011; Dal Bó and Fréchette,

2018);

4. Strategic complements vs strategic substitutes. More cooperation is observed

when strategies are complementary (i.e., price competition) compared to when

they are substitutes (i.e., quantity competition) (Potters and Suetens, 2009;

Anderson et al., 2010);

5. Information and experience. The availability, or lack thereof, of payoff in-

formation and ability of participants to learn can support cooperation in the

long run (Huck et al., 2017; Friedman et al., 2015). Cooperation increases

with experience (Dal Bó and Fréchette, 2011), as with explicit communication

(Fonseca and Normann, 2012);
2Using the terminology of Green et al. (2014), we are able to provide insight on the implemen-

tation stage related to equilibrium selection, but not the initiation stage.
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6. Alternate vs simultaneous move games (Leufkens and Peeters, 2011).

Thus, the literature has explored multiple determinants of cooperation in re-

peated games. However, the impact of pricing frequency has not been addressed.

Our experiments do not seek to replicate these findings, rather complement them

by providing evidence on how a potentially crucial element impacts cooperation.

The experiments of (Leufkens and Peeters, 2011) are the closest to achieving this

by examining short-run price commitment, however the focus is whether strategic

uncertainty resulting from a simultaneous move game leads to more collusion than

an alternate move structure. In addition, more work is required in the industrial

organisation context of repeated games to understand the impact of decision timing,

or frequency.

We experimentally test the impact of pricing frequency on collusion levels in

the context of an infinitely repeated game. Referencing the characteristics from the

literature, we implement a market with three firms simultaneously setting prices

(strategic complements),and a stochastic ending rule. Our design is novel as we

incorporate flow profits into the stage game. We use four treatments to differentiate

between the impact of general collusion incentives (derived through the repeated

game itself), and the potential behavioural impact of higher pricing frequency. Our

experimental market comprises a symmetric aggregative triopoly, where firms com-

pete in prices selling differentiated products. The choice of prices by firms are

strategic complements, and thus prices up to the monopoly price lead to higher

profits compared to Nash.

Our experiments are not designed to strictly test theory. Theoretically where

collusion is not sustainable in equilibrium, the Nash outcome is expected. If collusion

is sustainable, an average price above Nash, and the Nash outcome, is feasible.

Thus, finding no difference between treatments is a valid theoretically. Instead we

formulate a null hypothesis which states that collusion increases with classic collusion

incentives. This refers to the difference in colluding forever, and defecting and being

12



Chapter 2. Infinitely repeated games

punished indefinitely under a grim trigger strategy. Even if collusion is a feasible

equilibrium action in two treatments, where the incentives are higher we may expect

higher levels of collusion.

Our first alternative hypothesis is that more price changes per periods leads to

lower levels of collusion. The intuition behind this hypothesis is from the observed

decay in contributions over time in repeated public goods games, with repetition

leading to lower levels of cooperation (Chaudhuri, 2011). This observation is in

the spirit of Maskin and Tirole (1988) Edgeworth price cycles, which are commonly

observed in retail petrol markets. If participants are pricing adaptively, cooperation

levels will decrease with each new decision. This would appear as a price cycle in

an industrial organisation context, with a restart effect at the start of the game.

If participants are pricing adaptively, then the rigidity imposed in the marketplace

slows the pace of price wars, leading to higher average prices under lower pricing

frequency. Fewer available price changes may stifle competition and lead to higher

prices on average. Thus, a longer period of time will be required to achieve the same

number of price reductions.

An alternative behavioural hypothesis is that pricing frequency does not impact

collusion levels, but that discount factors do in a non-standard way. Standard theory

would suggest that lower discount factors would reduce cooperation rates.3 If instead

participants aim for a target level of real profit, then over time to compensate for a

lower discount factor, prices and therefore nominal profits will rise. Such behaviour

could otherwise be described as satisficing (Simon, 1956), and has been identified as

a factor driving collusive outcomes in markets (Dixon, 2000). Differences in collusion

would then be observed between discount factors, but not across pricing frequencies.

Finally, it could be that both of these behaviours impact collusion. This would lead

to a distinct ranking of collusion levels for our four treatments.

3Compared to a critical discount factor, if the agent’s patience level is below this, then collusion
is not sustainable. Standard collusion incentives would suggest that the more patient the agent is,
the higher the incentive to maintain cooperation.
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On one dimension we vary the number of allowable price changes per period, to

be either one or four. On the other, we vary the induced discount factor (patience

level) using a continuation probability and inflation rate. The use of an inflation

rate on top of the continuation probability is necessary to achieve discount factors

low enough for our purpose, without making supergames too short. To test the

impact of pricing frequency on cooperation we need to hold the incentives derived

from repeated games constant, in case these incentives do play a role in determining

cooperation levels. To achieve this we select one of the inflation rates such that the

difference in continuation payoff from colluding and deviating is equalised between

a treatment with 1 price change per period, and another with 4. The average

supergame payoff is used as a measure of collusiveness as it allows us to easily

compare across treatments with different discount factors.4

We find no evidence to support our null hypothesis that higher collusion in-

centives lead to higher levels of collusion. Results support our first alternative

hypothesis - with more price changes per period collusion levels are lower due to

within-period competition. Lower discount factors leading to higher collusion levels

due to satisficing behaviour is not supported by the data. We are able to show,

in the context of an infinitely repeated game, that higher action frequency impacts

cooperation levels by promoting adaptive pricing.

The remainder of the chapter is structured as follows. First, we outline our

market in the context of the stage game. We then show how pricing frequency within

a stage game impacts the critical discount factor, and the theoretical uncertainty in

how pricing frequency impacts tacit collusion. Second, we outline our experimental

design, implementation and hypothesis. Third, we present results. Finally, we

conclude.

4This is not the standard calculation of the average. The average period payoff is calculated
as the stage game payoff that would yield the same supergame payoff derived from the realised
payoffs of the supergame. As we don’t have an actual infinite sequence, we only use realised payoffs
to make this calculation. The calculation is explained in more detail later in this chapter.
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2.2 Theoretical background

We are interested in how the number of allowable price changes in a market impacts

average prices. In other words, how does the frequency of interaction impact the

ability of firms to coordinate in an infinitely repeated game? repeated-game logic

sheds light on what conditions are necessary for collusion to be a theoretical pos-

sibility. However, this does not guarantee that players will successfully coordinate,

nor on which strategy (price).

First we outline our stage game model. We then extend this to an infinitely

repeated game to examine how pricing frequency per period impacts the ability of

firms to coordinate. Finally, we explain how this leads to the theoretical uncertainty

that underpins our empirical investigation.

2.2.1 Stage game

In this section we describe our general model and the characteristics of our market.

With experimental implementation in mind, our model seeks to simplify the game,

while working within the constraints of implementation.5 We start with a simul-

taneous move, symmetric Bertrand oligopoly with N firms I = {1, 2, ..., N} selling

differentiated goods. There is a discrete and finite strategy space, so firms are able

to set prices at integers pi ∈ {1, 2, ..., pmax} ∀ i ∈ I. Firms are given a payoff matrix

which was designed around the implementation constraints. This was initially based

on the standard linear differentiated Bertrand model. Payoffs are chosen to satisfy

the properties usually assumed for symmetric differentiated Bertrand oligopolies, as

follows.

5Constraints included the implementation of the discount factor (discussed further below),
including a reasonable continuation probability, and avoiding extreme expected payment differences
between treatments.
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Symmetry

Profit for each firm depends on their own price pi, and the other firms’ prices p−i, and

can be written as πi(pi, p−i). To simplify the model for experimental implementation,

we assume that a firm’s profit only depends on their own price, and the average of

other firms’ in the market. Profits are symmetric, such that:

πi(pi, p−i) = πj(pj, p−j) if pi = pj; p−i = p−j (2.1)

Existence of best responses

Given the discrete strategy space, this implies that a best response always exists

such that:

∃ p∗i (p−i) = argmax
pi

πi(pi, p−i) ∀ p−i, i, −i (2.2)

Aggregative

In a market with more than two firms, characterising the oligopoly game in two

dimensions simplifies the game significantly, which is particularly important for the

purpose of experimental implementation in the lab. Thus, we characterise the game

as aggregative, such that each firm’s profit function depends only on own price pi,

and the aggregate price of other firms in the market. Our aggregator function takes

the average of other firm prices in the market, denoted p̄, and assume a unique Nash

equilibrium.6 We state this as follows:

πi(pi, p−i) = πi(pi, p
′

−i) if
∑
k ̸=i

pk =
∑
k ̸=i

p
′

k (2.3)

6The theoretical literature on aggregative games provides analysis well beyond our present use,
including existence of equilibrium and welfare analysis in asymmetric oligopolies (Anderson et al.,
2020; Jensen, 2010; Alós-Ferrer and Ania, 2005; Corchón, 1994; Caplin and Nalebuff, 1991).
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In other words, firm i’s profit, for a given price, is the same for price vectors

of the other firms in the market that yield the same average price. Therefore the

firm’s profit function can be written as a function of own price, and the aggregate

(average) of the other firms in the market:

πi(pi, p−i) ⇒ π(pi, p̄−i) (2.4)

Strategic complements

The products being sold by firms are imperfect substitutes, such that the cross-

price elasticity of demand between them is positive. For a given pi, if p̄−i increases,

the quantity demanded for firm i increases too. With respect to the retail petrol

market, this captures the differentiation between petrol stations due to location

and/or customer loyalty programs, for products which are otherwise identical. The

final important characteristic of our market is that firms’ strategies are strategic

complements, such that the best response is weakly increasing in response to an

increase in p̄−i:

p∗i (p̄−i) ≥ p∗i (p̄
′
−i) if p̄−i > p̄′−i (2.5)

We can now define the stage game prices and profits. The unique and symmetric

Nash equilibrium price pN = p∗i (p̄
N
−i) leads to Nash profits:

πN := π(pN , pN) (2.6)

The joint profit maximising price, pC , is the price that satisfies the following:

pC = argmax
p

N∑
i=1

πi(p, p) (2.7)
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Thus, the fully collusive profits of each firm are:

πC := π(pC , pC) (2.8)

Finally, the deviation profit from the stage game occurs with price:

pD = argmax
p

πi(p, p
C) (2.9)

Deviation profits are therefore:

πD := π(pD, pC) (2.10)

From our assumptions it follows that:

pN < pD < pC (2.11)

and

πD > πC > πN (2.12)

The above describes the general characteristics of our stage game. The follow-

ing section extends this to an infinitely repeated game, showing the impact of the

frequency of price changes.

2.2.2 Pricing frequency and collusion

By extending the stage game to an infinitely repeated game, or supergame, we can

examine how the frequency of price changes impacts the ability for firms to co-
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ordinate. The theoretical literature on infinitely repeated games is vast, but our

research question is concerned with the implications of one particular folk theorem

for equilibrium in infinitely repeated games, as articulated by Fudenberg and Maskin

(1986) and Friedman (1971). To briefly summarise, this folk theorem tells us that

as long as firms are sufficiently patient, it is possible for payoffs (averaged across

the supergame) that Pareto dominate the stage game Nash equilibrium to be imple-

mented as a subgame perfect Nash equilibrium (SPNE) of the supergame. What is

considered sufficiently patient can be determined through the critical discount factor

δ̄.

The stage game is now referred to as a period, and within-stage game price

changes are referred to as sub-periods. To introduce time, we allow n price changes

per stage game (number of sub-periods), discount factor (inflation) r, and continua-

tion probability ρ. The choice to include both a discount factor and a continuation

probability was made to facilitate experimental implementation. Firm i’s discount

factor δi can be stated as:

δi = ρ(1− r) ∀ j (2.13)

Grim trigger, reverting to playing Nash forever if anyone deviates from the collu-

sive agreement, is the most extreme trigger/punishment strategy. Grim trigger may

support the collusive outcome if firms are patient enough. Less extreme strategies,

for example where punishment only lasts as long as necessary to eliminate deviation

profits, are also possible. However, grim trigger gives us the upper threshold of

required firm patience in the supergame, thus we focus on this.

We can determine the threshold patience level that allows for the collusive out-

come. A firm will not deviate if the present value of profit from cooperating is

greater than the profit from deviating today, plus the present value of Nash profits

forever. This can be written as:
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πC

1− δi
≥ πD +

δiπ
N

1− δi
(2.14)

In each period, if a firm deviates from the collusive agreement, the grim trigger

strategy would require firms to respond by playing pN forever. Considering the

impact of the frequency of price changes, it can be observed that for n > 1, if a

competitor deviates from the collusive agreement, the punishment will take effect in

the subsequent sub-period. Therefore, a firm that wishes to deviate will still want

to maximise its period profit, and play the collusive price for n − 1 sub-periods,

then deviate in the last sub-period. The period profit from this deviation strategy

is defined as:

πD =
(n− 1)πC + πD

n
(2.15)

Knowing this, we can then determine the threshold firm patience, δ̄n in order for

collusion under grim trigger strategy to be sustainable. It is defined as below:

δ̄n =
πD − πC

(1+r)

πD − πN

(1+r)

(2.16)

Notice that as n increases, πD decreases, therefore δ̄n decreases.7 It is theoret-

ically more conducive to collusion (required firm patience lower) as the frequency

of price changes increases. The sub-period payoff from deviating decreases as n in-

creases. The present value of cooperating, ΠC for a given level of firm patience δi

for the entire supergame can be written as:

ΠC =
πC

(1− δi)
(2.17)

7Differentiating (2.16) with respect to n recalling the πD depends on n and that ∂πD/∂n < 0
immediately reveals this.
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πi

πj

πN

πC

Figure 2.1: Possible equilibria with two firms.

Similarly, the present value of deviating today, plus the discounted value of Nash

profits for each subsequent period is:

ΠD = πD +
δiπ

N

(1− δi)
(2.18)

Thus, firms will cooperate so long as ΠC ≥ ΠD.

A folk theorem tells us that any individually rational equilibrium is imple-

mentable as a SPNE (Fudenberg and Maskin, 1986). For the two firm example,

all possible equilibria are shown in the shaded portion of Figure 2.1. In other words,

any present value of payoffs, πi and πj is a potential SPNE of the supergame. It

is possible for the threat of grim trigger to support the collusive outcome if firms

are sufficiently patient, such that the firm’s discount factor greater than the critical

discount factor δi ≥ δ̄. This leads to our empirical question of how interaction fre-

quency impacts the ability of firms to coordinate on these equilibrium. The nature

of firm interaction in our model, strategies being symmetric strategic complements,

means that symmetric profits, starting from Nash profits, are a Pareto improvement

on the last. Thus firms have an incentive to coordinate on prices as close to the

joint-profit maximising price as they can.
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2.3 Experimental design

In this section we explain experimental design. First we outline the intuition behind

the experimental design, and then we detail the parameters and implementation.

We implement a triopoly (three firms) to balance the overall competitiveness of an

experimental market, yet still capture the nature of the real-world markets where

pricing frequency regulations have been implemented (more than two firms compet-

ing).

We conduct four treatments, varying induced firm patience δr (above or below

the threshold δ̄n) and the number of allowable price changes per period (n). This

allows us to isolate the impact of allowable pricing frequency on average price.

For a given n, varying whether collusion is sustainable or not will allow us to

identify a baseline average price level and behaviour of firms. Our baseline treat-

ment sets n = 1, with induced firm patience below δ̄1, such that collusion is not

sustainable. We label this low firm patience treatment n1δl, which, as explained

below, is implemented using a high inflation rate.

In the remaining three treatments we induce firm patience above δ̄n so that

collusion is sustainable in each supergame. This allows us to distinguish between

differences in the incentive to deviate, and the number of price changes, between

treatments. Our second treatment, n1δh, holds n constant and induces firm pa-

tience above the threshold required to sustain collusion by lowering the inflation

rate. We set n=4 for our third treatment n4δh. Increasing n by necessity decreases

the continuation payoff from deviating. This means that for a given level of firm

patience, changing n will result in two differences between treatments - the number

of allowable price changes; and the payoff from deviating. We therefore run our

fourth treatment, n4δl, where induced firm patience is selected such that the con-

tinuation payoff from deviating is the same as in n1δh. This will allow us to identify

the impact of altering the number of price changes from one to four.
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Table 2.1: Treatments and summary of parameters.

n = 1 n = 4
Inflation rate (δ̄1 = 0.63) (δ̄4 = 0.30)

δh = 0.72 0.1 n1δ∗h n4δ∗h
δl = 0.56 0.29 n1δl n4δ∗l

p ∈ [1, 7] pN = 2, pC = 6
Continuation probability = 0.8;
*Collusion sustainable in equilibrium.

As above, increasing the number of price changes decreases the required firm

patience, δ̄ for grim trigger to sustain collusion. We vary whether grim trigger is

able to theoretically sustain collusion. This is achieved using a combination of a

continuation probability and inflation rate (implementing the discount factor) that

is varied to induced firm patience. The continuation probability for all treatments

is 0.8. In other words, the probability that the game will end after each period

is 20%. We vary the induced firm patience δi by altering the inflation rate which

reduces the value of profits earned in future periods. Using an inflation rate of 10%,

induced firm patience under the low inflation treatment is δh = 0.72. The high rate

of inflation is selected to make the payoff from deviating when n = 4 equal to the

continuation payoff from deviating in n = 1 with low inflation.8 Thus we get an

inflation rate of 29% and δl = 0.56. The four treatments are summarised in Table

2.1.

The experiment was conducted at the Adelaide Laboratory for Economics Ex-

periments using z-Tree (Fischbacher, 2007) in 2020 and 2021. Participants were

recruited using ORSEE (Greiner, 2015) and were mainly students (undergraduate

and postgraduate) of the University of Adelaide. For each treatment we ran four

sessions with between 12 and 18 participants in each. Overall, 279 participants par-

ticipated in our experiment. Once the instructions were handed out to participants,

8The payoff from deviating is calculated as the difference between the present value of cooper-
ating, minus the present value of deviating (assuming grim trigger is implemented). Thus, given
the low inflation rate chosen, we can select a high rate such that the difference is the same for
both treatments, despite changing n. For our parameterisation, the present value of cooperating
is 153.6 ECU for n1, while the deviating yields 144.9 ECU (difference = 8.71). Thus, we select
the inflation rate that yields the same difference in payoffs for n4, resulting in the present value of
cooperating forever being 98.7 ECU and deviating 90.0 ECU for n4δl.
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the experimenter (the same person for every session) read the first page of the in-

structions which provided general information about the task. Participants were

then allowed to read the remainder at their own pace, and answer the set of control

questions that tested their understanding. The control questions were designed to

ensure participants understood the game’s timing, how to use the profit table, the

impact of inflation, and the method of payment.9 A practice round (with comput-

ers) was run prior to the commencement of the experiment. Instructions, including

the profit table, can be found in Appendix A.1. Participants played five supergames

in each session. We pre-drew the number of periods in each supergame to facilitate

comparability between treatments. We wanted to avoid any bias caused by changing

the order of supergames with differing lengths. Each supergame lasted for 4, 8, 5,

10 and 3 periods, respectively. We used matching groups of six, and participants

were randomly matched into groups of three at the start of each supergame.

A simplified profit table was used, and can be seen in the example instructions

in the appendix, with possible prices the integers ∈ [1, 7]. Integers between 1 and 7

were chosen to make it easier for participants to calculate the average price of the

other two firms in the market. In addition, given the profit function, the difference

in profit (ECU) for decimal places between these integers is minimal, as can be

seen in the profit table found in the instructions. The Nash price is 2, the joint-

profit maximising price is 6, and the deviation price is 3. With groups of three, this

meant that each participant’s profit depended upon their own price, and the average

price of the other two members of their group. Participants were paid for the last

period of a randomly selected supergame (Chandrasekhar and Xandri, 2014). On

average, subjects earned AUD $26.3 , including a AUD $10 show-up payment. The

9All participants needed to successfully answer the following questions before the practice round
began. Participants in the n1 treatments were asked "How many seconds does each day last?",
while those in the n4 treatments were asked how many periods were in a day, and how long each
period lasted for. Next, participants were required to identify profit in ECU for themselves, Seller
2 and Seller 3, given a hypothetical set of prices (this was the same for all treatments). Next,
they were told they had profit of 20 ECU on Day 3, and needed to determine how much this was
worth in AUD, which differed across δ. Finally, participants were given a table which identified
the profit (in AUD) made each day for a hypothetical game. Participants needed to determine the
final payment if Game 3 was chosen for payment.
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experiment, including the reading of instructions, control questions, and payment,

took one and a half hours to complete.

2.3.1 Hypothesis

We explain how our experimental design allows us to test hypotheses on how the

frequency of price changes impacts tacit collusion in the context of infinitely repeated

games. The latter requires deeper examination of repeated game characteristics,

such as the discount factor and continuation profit, in order to identify the causal

relationship between the former.

In Section 2.2 we outlined the stage game and how the critical discount factor

is determined. To test our hypotheses it is necessary to have a payoff measure that

is comparable across treatments, given the different induced values for δi using a

stopping probability and an inflation rate i. Thus, rather than using the average

price in each treatment, we instead test for differences using the average supergame

payoffs. The average supergame payoff for an infinitely sequence of profits π̄g is

calculated as:

(1− δi)
∞∑
t=1

δt−1πt (2.19)

Importantly, the impact of inflation suggests that to compare across treatments,

real (inflation adjusted) prices should be considered instead of nominal prices av-

eraged over a supergame. Note that we are interested in calculating the average

supergame payoff, rather than average prices. Average supergame payoffs are nec-

essary to identify overall equilibrium selection of an infinite game. Equation 2.19,

which calculates this, is valid for an infinite sequence. As we do not have realised

profits for an infinite sequence in our experiment, we need to alter this slightly in

order to re-scale the stream of realised supergame profits. This will provide us with

the average payoff, which if received in every stage-game of an infinite sequence,
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yields the same present value as the realised sequence of payoffs in the supergame.

With discounting, for each supergame g we are able to calculate the average payoff

π̄, given the termination period T , as:

π̄g =

∑T
t=1 δ

tπt∑T
t=1 δ

t−1
(2.20)

This gives us an average stage game payoff, which if received in every period of

the supergame, would yield the same average payoff as the actual stream of payoffs

incurred. This is a convenient measure of collusion, given that period profits may

vary, and also provides a discount rate weighted payoff. This will allow us to make

comparisons between treatments.

Repeated-game logic suggests that treatment n4δh is likely to have the highest

level of cooperation, as it has the highest difference between the continuation profit

from cooperating forever, and the profit from deviating today and receiving Nash

forever. Given our parameters, the difference between cooperating forever (153.66)

and deviating and reverting to Nash forever (132.1) is 21.5 ECU in n4δh. Thus

we expect this treatment to have the highest average payoff. By design we have

equalised this difference for n1δh and n4δl at 8.71. Therefore, repeated-game logic

would not indicate a difference in average payoff between the two. As the difference

in continuation payoff is lower than n4δh, the average payoff should also be lower.

Our final treatment n1δl is the only treatment where collusion is not theoretically

sustainable as an equilibrium, as the value is negative at -4.04. Therefore, it should

have the lowest average supergame payoff. The greater the relative benefits from

colluding compared to deviating, the higher the expected average payoff π̄. If par-

ticipants behave according to standard repeated-game logic, they correctly take into

account these collusion incentives through the number of available price changes per

period, either one or 4, and the resulting discount factor. This can be stated as

follows in our null hypothesis:
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H0: The average period payoff π̄ increases with the difference in continuation

payoff from colluding and deviating ⇒ π̄n4δh > π̄n1δh = π̄n4δl > π̄n1δl.

Alternatively, if it is pricing frequency within each period that leads to differences

in π̄, then it would be expected that average payoffs would be lower as n increases,

irrespective of the discount factor. The rigidity imposed by only allowing one price

change per day means that within-period competition is stifled because price changes

are delayed. After observing prices and profits in each pricing period, firms may

decide to adapt their price in response, leading to undercutting. This is similar

to the undercutting observed in Maskin and Tirole (1988)’s alternate move model,

with price cycles characterised by a period of undercutting before a relenting and

a price jump occurring. Although the assumptions of their model are not entirely

met in our simultaneous move game, it provides an interesting description of firm

behaviour, and resulting cycles that are frequently observed in retail petrol markets

around the world. In this case, our alternative hypothesis can be stated as:

HA1: Higher pricing frequency leads to lower average payoffs ⇒ π̄n1δh > π̄n4δh

and π̄n1δl > π̄n4δl.

The second alternative hypothesis is that only discount factors are relevant, and

not the frequency of price changes. For repeated-game logic, the number of price

changes impacts how quickly firms can punish, and therefore the threshold level of

patience - as measured through the critical discount factor. If the frequency of price

changes does not matter, then punishment strategies would not be used within a

period. Punishment strategies would only occur across periods. Thus, if pricing

frequency does not impact collusion, then there should be no difference in π̄ across

n, for a given induced discount factor δ. The critical discount factor δ̄ would be

the same for a given stopping probability and inflation rate if n does not impact

behaviour.10

10See equations 2.15 and 2.16, where if n > 1 is not used as part of a punishment strategy such
as grim trigger, then effectively n = 1 for both regimes.
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In response to a lower discount factor, participants may compensate for earning

lower real profits by raising prices in an attempt to raise real profits. This behaviour

may occur in the context of experiments where the reality of implementation weakens

the logic of an infinitely repeated game and participants target an aspirational real

payoff. This impacts δ̄ in the following way. In high inflation environments, a

higher profit level is required to achieve the same real payoff in environments with

lower inflation. This would result in higher period profits, meaning that the average

supergame payoff would need to be higher. We would therefore expect differences

between discount factors, within n:

HA2: The lower the discount rate, the higher the average payoff ⇒ π̄n1δh < π̄n1δl

and π̄n4δh < π̄n4δl.

Our final alternative hypothesis is that both the discount factor and pricing

frequency impact average payoffs - a combination of the above two alternative hy-

potheses. For HA1,2 to be supported, we would need to have evidence in favour of

both HA1 and HA2. If a higher discount factor results in less collusive outcomes due

to participants targeting an aspirational real payoff, but pricing frequency reduces

collusive outcomes through adaptive behaviour, then we would expect the follow-

ing ordering of average supergame payoffs. The highest average payoff would be

observed in n1δl, where a low discount factor leads to higher prices as participants

chase higher real profits. There are no within-period price changes to promote a

decrease in prices. The lowest supergame payoff would be expected in n4δh where

within-period competition is possible, and the discount factor is relatively high.

It is unclear which effect dominates, thus the ordering between n1δh and n4δl is

ambiguous. This can be stated as follows:

HA1,2: Higher discount factors and fewer price changes support collusive out-

comes ⇒ π̄n1δl > π̄n1δh ∼ π̄n4δl > π̄n4δh.

Given theory on infinitely repeated games does not provide testable hypothesis

(i.e., the multiplicity of equilibria), we are not testing this with our experiments.
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The implication is that we cannot sharply define what is and isn’t equilibrium play.

Hence, it is not possible to identify outcomes driven by confusion. The control

questions and practice round before the start of the experiment are designed to

mitigate any concern regarding the potential impact of confusion.

2.4 Results

First, we present an overview of price results for each treatment to provide insight

into the choices made by participants. Next, we test our hypotheses and conduct

a brief exploration of dynamics. Overall, our results show that increased pricing

frequency reduces collusion levels, mainly due to within-period price decreases. We

find no evidence to suggest that the discount factor is a sufficient condition for

collusive outcomes to arise.

Table 2.2: Demographics across treatments

n1δh n1δl n4δh n4δl
Completed high-school math % 78.33 74.44 74.07 65.15
Gender % Female 46.67 45.56 42.59 45.45

Male 53.33 52.22 55.56 54.55
Other 0.00 2.22 1.85 0.00

Age group % 18-25 years 71.67 75.56 68.52 75.76
26-30 years 13.33 14.44 14.81 7.58

31+ 15.00 10.00 16.67 16.67
Home country % Asia 53.33 40 59.26 51.52

Australia 35.00 52.22 29.63 37.88
Other 11.67 7.77 11.10 10.61

Table 2.3 presents the summary statistics for the average price of independent

observations in each treatment.11 All treatments are highly competitive, with aver-

age prices being close to the Nash price of 2. On average, prices are higher for n1

treatments, while n4δh has the lowest mean price and standard deviation.

Figure 2.2 plots the average sub-period price in each treatment over the course of

the experiment (for n1, this is the period price). The vertical lines indicate the start

of a new supergame. Simple observation reveals price cycles in each treatment.
11The average price over all supergames, for each matching group of six, in each treatment.
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Table 2.3: Average price of independent observations.

Treatment Mean Std. dev. Min Max Obs
n1δh 2.26 0.33 1.65 2.82 10
n1δl 2.29 0.52 1.64 3.72 15
n4δh 1.86 0.20 1.66 2.18 9
n4δl 2.16 0.53 1.60 3.40 11

For n1 we observe a jump at the start of each supergame, decreasing over each

new price setting period. For n4, we observe period-length cycles characterised by

within-period price decreases. This suggests that pricing frequency may impact the

focal point chosen by participants, being the start of a supergame or new period.

Starting prices in n4 treatments align with the downward trend of of prices in the

n1 treatments, suggesting that within-period price competition is driving the lower

average price.

Figure 2.2: Average sub-period price in all 5 supergames in δh (top) and δl (bottom).

We now look closer at how frequently each price was played by participants. The

Nash price, or lower (price ≤ 2), is played with much higher frequency for the n4

treatments, as shown in Table 2.4. Although the percentage of prices played above
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Nash in n4δl are comparable to that in the n1 treatments, there is a higher proportion

of prices below Nash at 41%, compared to approximately 26%. Considering the first

sub-period only, the proportion of prices above Nash in our n4 treatments increases,

in line with price cycle jumps before inter-period competition.

Table 2.4: Price proportions in each treatment.

Treatment
Sub-period 1 only

n1δh n1δl n4δh n4δl n4δh n4δl
Below Nash % 26.7 25.5 45.1 41.3 30.9 30.3
Nash (p=2) % 46.1 46.1 36.4 31.9 35.9 30.7
Above Nash % 27.3 28.0 18.5 26.8 33.2 39.1

2.4.1 Average payoffs

Accurate comparison across treatments requires a standardised measure of profit

levels. We have provided an overview of the price choices made by participants,

and in this section we determine whether this had a differential impact on overall

supergame outcomes.

Table 2.5: Average supergame payoffs for independent observations.

Treatment Mean Std. dev. Min Max Obs
n1δh 32.52 1.35 29.87 34.49 10
n1δl 33.00 1.78 29.50 36.46 15
n4δh 30.56 1.15 28.85 32.22 9
n4δl 31.35 2.16 27.76 35.57 11

Although our markets are highly competitive in all treatments, π̄ remains a stan-

dardised measure of market outcomes. This is despite many markets not necessarily

landing in the “hull” of Figure 2.1. Summary statistics for each independent obser-

vation on realised average supergame payoffs are shown in Table 2.5. Recall that

the stage game Nash profit is 33. On average π̄ is Nash or below in all treatments,

further evidence of markets being over-competitive. Thus, prices in Table 2.3 appear

to reflect the level of average supergame payoffs.

Figure 2.3 shows the distribution of average supergame payoffs in each treatment
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for each supergame. Variation in n1 appears greater than the variation in average

supergame payoffs in the n4 treatments. It unsurprising that the median is slightly

higher in n1 treatments for supergame 5, as it was the shortest in length and average

prices began higher than in n4 for period 1.

Figure 2.3: Distribution of the average payoff in each treatment for each supergame.

We start by testing our null hypotheses relating to average supergame payoffs

π̄ in each treatment. According to supergame logic, we expect the highest π̄ would

be observed in treatment n4δh. However, this treatment has the lowest π̄ in Table

2.5. The results from conducting a Mann-Whitney rank-sum test on independent

observations for treatment differences are summarised in Table 2.6. There are three

statistically significant differences. For a given δ, prices are lower in n4 treatments

compared to n1. The third significant difference is that there are higher prices in

n1δl compared to n4δh. For robustness, we run a simple OLS model on average

market payoffs in each treatment, for each supergame, clustering standard errors

by matching group. The regression estimates, and post-estimation tests of equality,

are reported in Tables 2.7 and 2.8. Results from rank-sum tests on independent

observations, and tests on the equality of regression coefficients, provide the same

qualitative outcome.
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Table 2.6: Pairwise rank-sum tests of equality.

Pairwise n p-value Pairwise δ p-value Pairwise n× δ p-value
n1δh = n1δl 0.7 n1δh = n4δh 0.007∗∗∗ n1δh = n4δl 0.11
n4δh = n4δl 0.34 n1δl = n4δl 0.036∗∗ n1δl = n4δh 0.0012∗∗

*p <0.1, ** p<0.05, ***p <0.01.

Table 2.7: OLS regression on market supergame payoffs (clustering on matching group).

Average payoff π̄
(std. error)

Treatment (base n1δh)
n1δl 0.48 (0.61)
n4δh -1.96 (0.55)
n4δl -1.17 (0.76)
Supergame (base 1)
2 -1.7 (0.2)
3 -1.86 (0.3)
4 -2.00 (0.31)
5 -1.33 (0.35)
_cons 33.89 (0.41)

Result 1 Collusion incentives do not lead to higher average supergame payoffs.

For each treatment comparison for each hypothesis, Table 2.9 states the expected

ordering of supergame payoffs, and the results of each rank-sum test compared to the

hypothesised direction. We reject our null hypothesis as the hypothesised inequali-

ties do not hold. This leads to the acceptance of our first alternative hypothesis HA1

that pricing frequency impacts average supergame payoffs. Both comparisons are

statistically significant at the 5% level in the correct direction. We find no significant

evidence in support of HA2, thus we do not accept this, nor HA1,2.

The null hypothesis states that higher π̄ would be observed if collusion incentives,

according to repeated-game logic, are higher. We reject the null hypothesis, given

the statistically significant difference in inequalities. Payoffs in n1δh are higher than

n4δh (p=0.007), and also for n1δl and n4δl (p=0.036). The incentives to collude are

highest in n4δh, yet we find that π̄n4δh is lowest on average. As the difference in

continuation payoff from colluding and deviating increases, the incentive to collude

increases. However, we do not observe this ordering of average supergame payoffs.

Furthermore, collusion is sustainable in n4δl, but not sustainable in n1δl. That
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Table 2.8: Pairwise test on equality of coefficients.

Pairwise n
F-statistic
(p-value) Pairwise δ

F-statistic
(p-value) Pairwise n× δ

F-statistic
(p-value)

n1δh = n1δl
0.62

(0.44) n1δh = n4δh
12.46

(0.001∗∗∗) n1δh = n4δl
2.38

(0.13)

n4δh = n4δl
1.16

(0.29) n1δl = n4δl
4.49
0.04∗∗

n1δl = n4δh
17.41

0.0001∗∗∗

*p <0.1, ** p<0.05, ***p <0.01.

Table 2.9: Hypothesis and rank-sum test on supergame payoffs between treatments.

H0 Collusion incentives HA1 Pricing frequency HA2 Discount factor

Comparison p-value Inequality
(hypothesised) Comparison p-value Inequality

(hypothesised) Comparison p-value Inequality
(hypothesised)

n4δh = n1δh 0.007
<∗∗∗

(>) n1δh = n4δh 0.007
>∗∗∗

(>) n1δh = n1δl 0.7
∼

(<)

n1δh = n4δl 0.11
∼

(=) n1δl = n4δl 0.036
>∗∗

(>) n4δh = n4δl 0.34
∼

(<)

n4δl = n1δl 0.036
<∗∗

(>)
∼ null of equality not rejected, *p <0.1, ** p<0.05, ***p <0.01.

payoffs are higher in n1δl supports this result. Therefore we find no evidence to

support the impact of collusion incentives, as defined using repeated-game logic, on

average supergame payoff π̄. This leads us to our first result that collusion incentives

do not necessarily lead to higher average payoffs.

Result 2 Average supergame payoffs are higher in n1 treatments compared to n4

treatments.

The question remains as to what is, and what is not, driving the differences

between treatments. In Table 2.9 it can be observed that both inequalities for

HA1 are statistically significant and in the correct direction. This tells us that the

frequency of price changes does impact π̄, with increased frequency leading to lower

average payoffs.

Result 3 Discount factor not a significant determinant of average supergame pay-

offs.

Theory states that less collusion should be observed in environments where it is

not sustainable in equilibrium, thus we would expect lower payoffs in n1δl as the

induced discount factor is below δ̄1. First, we test the difference between treatment
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n1δh where collusion is theoretically sustainable, and n1δl where it is not, as per

repeated-game logic.

We are unable to reject the null hypothesis that the average supergame payoffs

for independent observations are equal (p=0.70). Although collusion is possible in

both n4 treatments, we find no difference between n4δh and n4δl (p=0.34). There-

fore, our results suggest that the critical discount factor, and discount rate more

generally, is not a key determinant for collusion to arise. This finding is line with

that of Feinberg et al. (2017), and Dal Bó and Fréchette (2018) who analyse meta-

data on infinitely repeated prisoner’s dilemmas and find that cooperation being

an equilibrium action is not sufficient for cooperation. There is no difference when

comparing the treatments where we control for the continuation payoff (n1δh ∼ n4δl

(p=0.11)). This result shows that this aspect of repeated-game logic is not a key

factor in determining levels of collusion and reject alternative hypothesis HA2. The

alternative behavioural explanation of participants aiming for a target real payoff

does not appear to be the case either.

2.4.2 Dynamics

We have identified the aggregate impact of pricing frequency on collusion in the

context of an infinitely repeated game. In the following sections we are interested in

looking closer at decisions within markets. Figure 2.4 shows the real value of average

profit over time. The difference between treatments is driven by the within-period

decreases in n4, while period starting profit levels are similar.

Observing n4δl from the third supergame (period 12 in Figure 2.2) onward, the

average price appears to drift upwards over time to an extent not observed in the

other treatments. The upward drift of prices observed for treatment δl appears to be

in contrast to the findings in the literature, as the higher inflation rate is potentially

leading to more cooperation, whereas the opposite has been found in other studies

(Feinberg and Husted, 1993; Dal Bó and Fréchette, 2018). We hypothesise that
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Figure 2.4: Real value of average payoffs.

this is an experimental artefact resulting from the higher inflation rate, whereby

participants start increasing their prices to compensate. Figure 2.4 supports this

by showing the equalisation of average profit in real terms. The within-period com-

petition is driving the difference between n treatments, with the additional price

changes lowering average period profit, rather than the starting profit level.

Result 4 Higher pricing frequency leads to shorter price cycles, and lower prices.

In this section we investigate how pricing frequency impacts dynamics, noting

the limitations that arise due to the short length of our experiment. Although par-

ticipants played relatively competitively, we look closer at how collusive agreements,

or attempts at them, were initiated. Figures showing individual group prices for all

supergames, for each treatment, can be found in Appendix A.2.

In order to examine individual behaviour more clearly, we develop a ranking

system from 5 to 1 to track differences in relative prices of individuals in each group

over time, as follows:
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5 Highest price (pi > pj, pk)

4 Tied highest price (pi = pj & pi > pk | pi = pk & pi > pj)

3 Price in-between (pi < pj & pi > pk | pi < pk & pi > pj)

2 Tied lowest price (pi = pj & pi < pk | pi = pk & pi < pj)

1 Lowest price (pi < pj, pk)

This ranking system is then used to determine whether a change in rank occurs

between periods/sub-periods. We then generate proportion of rank changes for each

group, in each supergame, by dividing the number of changes by the number of pric-

ing opportunities. The resulting proportions can be seen in Figure 2.5. It appears

that there is a marginally higher proportion of rank discrepancies for n4, which

may indicate more attempts at signalling intentions by individual firms. Increased

signalling, but lower prices, indicates failed attempts at cooperation.

Figure 2.5: Frequency of change in price rank in each supergame, divided by the number of price
change opportunities.
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Cycle length and adaptive pricing

Within cycle price decreases are apparent for both pricing frequencies. However,

with a higher frequency of interaction a more frequently occurring focal point, or

restart point, was chosen by participants. The adaptive pricing that occurred within-

cycle is therefore driving down the overall average price. If we only consider the

average starting price (sub-period 1), there is no difference in prices with Mann-

Whitney tests between each treatment having a p-value ≥ 0.169. There is no sta-

tistically significant difference between treatments for a given n, with respect to the

discount factor (n1δh ∼ n1δl, Mann-Whitney rank-sum p=0.89), and n4δh ∼ n4δl

(p=0.16). If we restrict prices to sub-period 1 only, the proportion playing above

Nash increases, as shown in Table 2.4.

We look closer at individual supergames. Table 2.10 shows the p-values for Mann-

Whitney rank-sum tests for each treatment combination in each supergame. The

significance levels are as expected based on the tests of independent observations for

each treatment above. Considering sub-period 1 only, the day starting price, note

the reduced significance in difference between supergame prices in each treatment.

This shows that the adaptive price setting is driving the reduction in average prices.

Table 2.10: Mann-Whitney rank-sum test, p-value for difference between treatments for each
supergame

Supergame 1 2 3 4 5
n1δh vs n4δh 0.094* 0.0143** 0.0025*** 0.16 0.011**
n1δl vs n4δl 0.52 0.186 0.876 0.516 0.021**
n1δh vs n1δl 0.454 0.541 0.56 0.824 0.56
n4δh vs n4δl 0.271 0.171 0.21 0.47 0.879
n1δh vs n4δl 0.944 0.231 0.833 0.597 0.029*
n1δl vs n4δh 0.006*** 0.011** 0.089* 0.101*** 0.034**

Sub-period 1 only
n1δh vs n4δh 0.030** 0.191 0.653 0.87 0.072*
n1δl vs n4δl 0.169 0.153 0.096* 0.406 0.336
n1δh vs n1δl 0.454 0.541 0.36 0.824 0.56
n4δh vs n4δl 0.47 0.382 0.159 0.239 0.675
n1δh vs n4δl 0.078* 0.041** 0.525 0.459 0.231
n1δl vs n4δh 0.074* 0.492 0.676 0.633 0.199
* p ≤ 0.1, ** p ≤ 0.05, *** p ≤ 0.01
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2.5 Conclusion

In this chapter we have demonstrated the theoretical and behavioural uncertainty in

how action frequency impacts cooperation. We embedded this question within the

context of a Bertrand triopoly to provide insight into the potential impact of pricing

frequency regulations, inspired by the 24-hour price commitment regime in Western

Australia. By incorporating the spirit of these regulations in an infinitely repeated

game, it is possible to distinguish between the potential impact of repeated-game

logic from the impact of other behavioural mechanisms. Does making a simultaneous

decision either once, or four times, during a stage game, result in higher levels of

collusion? Four explanations are tested. Our null hypothesis is that the more robust

collusion is in the context of repeated games, the higher the level of tacit collusion

in that market - behaviour is driven by collusion incentives. The first alternative

hypothesis states that pricing frequency itself may lead to lower collusion levels

if prices are set adaptively, similar to the decay observed in public goods games

and in the spirit of Maskin and Tirole (1988) Edgeworth cycles. The process of

undercutting can happen at a faster rate with more price changes per period. The

second alternative hypothesis states that satisficing behaviour, derived from the

discount factor, impacts collusion levels. A lower discount factor (higher inflation)

leads to compensation in the form of higher prices to achieve a target level of real

profit. The final hypothesis is that both pricing frequency and the discount factor

impact collusion levels. We test these hypotheses using four treatments that capture

each of these elements.

Results show that higher pricing frequency leads to lower levels of collusion. The

frequency of price changes per period impacts collusion levels by promoting inter-

period competition. On the aggregate level we observe Edgeworth price cycles in

all treatments. Interestingly, with only one price change per period firms use the

start of a new supergame as a focal point to raise prices, decreasing prices between

each period. With four price changes, firms instead raise prices at the start of each
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period, and decrease them within. This suggests that adaptive pricing is present

in all treatments, but the frequency of price changes impacts the length of cycles

by creating a different focal point to increase prices on. This could be similar to

the restart effect and decay in cooperation observed in repeated prisoner’s dilemmas

(Chaudhuri, 2011), and by Leng et al. (2018) who find a restart effect of periods in

a minimum effort coordination game.

This chapter has established that characteristics of infinitely repeated games may

not provide policy relevant insights on the impact of pricing-frequency restrictions,

and that behavioural mechanisms are relevant. Having bridged the gap between ex-

periments on infinitely repeated games and behaviour in this chapter, the remaining

chapters focus on testing how cooperation is impacted by pricing frequency without

the constraints that infinitely repeated games impose in a laboratory setting.
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Continuous time

3.1 Introduction

The stage game is the cornerstone of repeated-game logic. Traditionally, repeated

games in a theoretical and laboratory environment have been modelled as simul-

taneous or alternate move, e.g., Leufkens and Peeters (2011) follow the models of

Maskin and Tirole (1988) and Fudenberg and Maskin (1986). For applications in-

volving one-off decisions, e.g., bidding in an auction, or the decision to enter a

market, these timing protocols capture the game’s overall structure. However, for

applications involving repeated decisions of the same type, with the same players,

strict adherence to distinct decision periods, and order of moves, may obfuscate

underlying behavioural impacts of policy changes.

The literature on endogenous-move games relaxes these assumptions by allowing

for the order of moves in a game to be determined by players. For example, Huck

et al. (2002) experimentally test the predictions of an endogenous Stackelberg lead-

ership model, however the focus is on the order of moves, rather than the impact of

timing. Differential games can model endogenously ordered decisions made in con-

tinuous time (Vives, 2001). However, a key assumption made by differential games

is that players have an infinitely fine adjustment speed, which may not reflect actual
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decision making by humans. Thus, we are interested in game structures that do not

restrict the order of decision timing and also allow for reaction times greater than

zero. Simon and Stinchcombe (1989) model continuous time using an infinitely fine

grid and show that it is a useful way to model behaviour for dynamic problems. This

has carried over to an emerging area of experimental literature that investigate the

implementation and effect of continuous and discrete time on cooperation (Friedman

and Oprea, 2012; Bigoni et al., 2015; Leng et al., 2018; Horstmann et al., 2016).1

In Chapter 2 we investigated interaction frequency by placing stage-game payoffs

on a grid that was either of size one or four. However, players were still restricted by

a simultaneous-move paradigm and were unable to update prices more frequently.

This is incongruous with the decision structure observed in many markets. The

WA pricing frequency regulations implement a simultaneous move grid structure on

an otherwise endogenously determined ordering of price change decisions which can

be made as quickly as the firm can react. Understanding how the WA restrictions

might impact behaviour therefore requires comparison of cooperation levels with

and without restrictions in an otherwise real-time environment. We define a real-

time environment as having a grid-size is smaller than the minimum reaction time

of participants, and where payoffs are therefore incurred in a flow over time.

An unintended consequence of the design in Chapter 2 was the use of a different

restart point by firms for each pricing frequency treatment - the start of a new day

or supergame. To avoid this as an additional confound, in this chapter we use an

experimental design that runs in real-time without breaks that would signify distinct

periods. In addition, in Chapter 2 the game length was limited by the continuation

probability and inflation rate. Thus, we now move away from the implementation of

an infinitely repeated game, and observe the long-run dynamics of a single continuous

game run for 60 minutes. We implement a symmetric duopoly where firms sell

differentiated goods in real-time, and compare collusion levels between a treatment

1The grid size is determined in these experiments by how frequently the experimental software
is able to update.
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where firms can change their prices instantaneously (and asynchronously), or are

locked into a price for a set time (simultaneous updating of prices for the market).

Although a triopoly may better reflect the number of competing firms in many

markets such as retail petrol, we implement a duopoly to promote comparability

with continuous-time experiments conducted in the literature (Friedman and Oprea,

2012; Bigoni et al., 2015).

There are three key subsets of the experimental literature relevant to our research

question. The first is the literature on the more general impact of continuous time

on cooperation. Friedman and Oprea (2012) run a prisoner’s dilemma in continuous

time, with a flow of profits incurred over 60 seconds. The authors find that coop-

eration is sustainable in continuous time, but less so when choices are made on an

8-sub-period grid, and rarely for 1-shot interactions. Bigoni et al. (2015) compare

cooperation levels in continuous-time social dilemmas, finding that continuous time

leads to qualitative differences in behaviour compared to discrete time, and that

deterministic ending rules make cooperation easier to achieve and maintain com-

pared to games that end stochastically. Leng et al. (2018) run experiments using a

coordination game and find that continuous time can help resolve strategic uncer-

tainty that may hamper cooperation, but not in all circumstances. We contribute to

the literature by exploring whether continuous time supports cooperation in more

complex environments.

The second key subset of the literature is that which explores how continuous

time impacts competition. This area of the literature is sparse. Horstmann et al.

(2016) use an experimental design that compares cooperation levels in discrete and

continuous time for differentiated Cournot and Bertrand competition, and duopolies

and triopolies. The authors’ show that tacit collusion is higher in discrete time,

compared to continuous. This finding is different to previous experimental studies.

Thus, the impact of continuous time in an industrial organisation context warrants

further investigation. We contribute to this area by providing further evidence of

the impact of continuous time in oligopoly markets.
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The third relevant subset of the literature is experiments that test retail petrol

pricing regulations. Experimental work has attempted to provide a more controlled

approach to causally identifying the impact of pricing frequency restrictions. Con-

trary to empirical studies that use real petrol-pricing data, Berninghaus et al. (2012)

and Haucap and Müller (2012) find that the Austrian rule leads to higher prices in

markets.2 Contrary to our results, Haucap and Müller (2012) find the WA rule has

no impact on the price level, however we note that with four firms experimental mar-

kets are generally over-competitive (Huck et al., 2004), which may result in more

power being needed to identify any difference where collusion is already unlikely.

Our experimental design abstracts from real world market characteristics in order

to identify the causal impact of pricing frequency restrictions. These abstractions

allow us to cleanly distinguish effects between real-time and the discretisation of

decisions in an otherwise real-time environment.

Repeated-game logic supports the proposition of higher prices in real-time envi-

ronments through easier initiation and maintenance of tacit collusion. In general,

tacit collusion is more likely to be initiated and sustained in a dynamic, or re-

peated game context, if signalling costs and gains from cheating on an agreement

are low. Initiation through price leadership is cheaper when prices can be updated

more quickly. Signalling an intention to collude is less risky - other firms can more

quickly respond in-kind, otherwise a failed signal can quickly be lowered. Similarly,

once an agreement is reached, punishment of deviators can be implemented more

swiftly, meaning that breaking an agreement is less profitable. In terms of behaviour,

empirical evidence has shown that continuous time may also support higher levels

of collusion (Friedman and Oprea, 2012; Bigoni et al., 2015; Leng et al., 2018).

A potential reason why higher prices might be observed in discrete settings could

be that with coordination becomes easier. Byrne and de Roos (2019) show that retail

petrol stations in WA were able to collude using days of the week as a coordination

device. In WA, state regulations permit only one price change per day, making days

2The Austrian rule allows for a single price increase, but unlimited price decreases, per day.
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of the week an obvious focal point. Without these discrete pricing periods, there

is no natural coordination device, thus in other jurisdictions without restrictions

it might be harder for firms to coordinate on a collusive equilibrium. Therefore a

priori it is unclear in which direction pricing frequency restrictions might impact

price levels, and whether there are any cognitive differences in how firms behave in

real compared to discrete time.

In order to identify which of these factors impact collusion, we compare price

levels in real-time experimental markets, with and without simultaneous discrete

pricing frequency restrictions (implementing the pricing rule found in WA). We cre-

ate a high information, real-time environment where two firms compete in prices over

a 60 minute experiment. Using a logit demand function (Anderson and de Palma,

1992) with known demand shocks, we create an environment highly conducive to

both collusion and deviation. Demand fluctuates between day (high) and night

(low) every 20 seconds, requiring participants to actively set prices to maximise

their payoff. In our first treatment, there are no restrictions on how often firms can

change their price.3 Our second treatment implements discrete pricing periods in

an otherwise real-time environment, where firms can select a different price in real

time, but the change only takes effect in the market every 20 seconds.

Results show significantly higher levels of collusion in markets with unrestricted

price changes. This difference quickly emerges at the start of the 60 minute exper-

iment, and is maintained until the final seconds where collusion unravels. Looking

closer at individual markets we find a significantly higher proportion of fully collusive

markets in our unrestricted treatment. In markets that were not able to successfully

collude, this difference in prices between treatments persists. Thus, we show that

continuous time supports collusion, while the introduction of discrete pricing periods

into an otherwise real-time environment leads to fewer fully collusive markets and

lower prices more generally.

3Computationally there is a 0.5 second restriction, as this is how frequently the program
updates. As the reaction time required for participants to view a change their strategy is greater
than 0.5 seconds, from the participant’s point of view, the market is perceived to run continuously.
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The remainder of the paper is organised as follows. First, we outline our model,

implementation and predictions. Second, we provide details on our experimental

design. Third, we show the results from our experiment, before concluding.

3.2 Model and implementation

In this section we describe our model and its implementation for our experiment.

We are interested in how action frequency impacts cooperation. To facilitate this

we focus on price competition in long-run symmetric duopoly markets. Firms sell

products that are imperfect substitutes for each other. This represents the nature

of competition between petrol stations, or online sellers of branded goods, where

products are similar but differentiated by location, loyalty program, or services

provided.

We use a multinomial logit discrete choice demand function (Anderson and

de Palma, 1992), a non-linear form of Bertrand price competition with product

differentiation. The rationale for using this demand structure is twofold. First, it

captures the above characteristics of consumer demand in our market, which will

be explained in more detail below. Second, compared to the predominantly used

linear demand function, this function allows for a wider gap between Nash and joint

profit maximising (JPM) prices. This is a desirable feature for our experiments, as

it allows for more pronounced treatment effects. In addition, the difference between

JPM and Nash profits is significantly greater than with linear demand. The envi-

ronment is therefore designed to be behaviourally conducive to collusion, as we are

interested in how pricing frequency impacts the ability to cooperate. If participants

play close to Nash, or competitively, treatment effects may not be as clear. Simi-

larly, we keep in mind the competitiveness of experimental oligopolies with two and

three firms (Huck et al., 2004).
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3.2.1 Model

In what follows, we provide a general description of the structure of the market

in our experiments. In our model two identical firms compete in price and sell

products that are imperfect substitutes for each other. We use a demand function

from a multinomial discrete-choice model, which was introduced to the literature

by Anderson and de Palma (1992). The expressed demand for the product of firm

i is expressed in terms of the probability that a randomly chosen buyer buys the

good and depends on the price pi, the competitor’s price pj, the reservation price

a, the value of the outside option V0, and the consumers’ preference for variety µ.

Normalising the number of consumers to unity, we can express demand P(pi, pj, V0)

as:

Pi(pi, pj, V0) =
exp[(a− pi)/µ]

exp[(a− pi)/µ] + exp[(a− pj)/µ] + exp[V0/µ]
, i ̸= j (3.1)

Note that such a demand function can be either interpreted as ex ante identical con-

sumers having idiosyncratic utility shocks (McFadden, 1981), the result of consumers

balancing exploration and exploitation (Weisbuch et al., 2000; Duncan, 1959), or

consumers exhibiting rational inattention (Fosgerau et al., 2020).

With constant marginal cost c, firm i′s profit function is:

πi(pi, pj) = (pi − c)Pi(pi, pj, V0), i ̸= j (3.2)

Strategies are strategic complements, such that firm i’s best response is to increase

price if firm j increases their price. To see this consider the case of a duopoly market,

where the best response function of firm i to the price of firm j is given by:

BRi(pj) = c+ µ+ µ W0

e−1+
(a−c+pj)

µ

e
a
µ + e

pj+V0
µ

 , (3.3)

where W refers to the Lambert W function. We use W0, which gives the principle

47



Chapter 3. Continuous time

solution to z = wew. As the Lambert W function is increasing in its argument and

the argument (as can be shown) increases with pj, we have the best-response price

increase with the competitors price

∂BRi(pj)

∂pj
> 0.

The difference between the value of the product and the outside option (V0 − a)

determines the maximum price a firm would ever charge. For example, increasing

the value of non-purchase relative to a results in profits decreasing as the firm’s

price increases, i.e., flattens the slope of the best response function. Initially the

best response function increases in response to an increase in the price of the other

firm. Eventually the function levels off, and increasing own price further only results

in consumers taking the outside option of non purchase, rather than increasing the

own profit. The taste for variety in consumer preferences, µ, impacts the intersection

of the best response functions i.e., the Nash price. As µ → 0, the Nash price tends

towards marginal cost (i.e., Bertrand duopoly with homogeneous goods), as the

consumer now buys from whoever is cheaper. An increase in µ makes demand less

elastic, which increases equilibrium prices.

3.2.2 Parameters and Static Equilibrium.

This market has a unique, symmetric Nash equilibrium (see the appendix in Ander-

son and de Palma, 1992, for a proof). We use two parameterisations of the above

model to create high (Day) and low (Night) demand environments and restrict prices

to whole numbers. The low demand scenario is characterised by consumers having

less of an urge to purchase the good from either firm, which is reflected in a higher

outside-option value V0. Furthermore, in the low-demand environment consumers

have less of taste for variety µ. This can be interpreted in a fuel-market setting

that at night less people require fuel but the ones that do are less willing to try out
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unfamiliar petrol stations than during the day. Figure 3.1 shows the best response

functions and equilibrium in the two demand conditions.

Figure 3.1: Best response functions for Day and Night demand levels, duopoly.

Table 3.1 summarises the static Nash equilibrium predictions. The JPM and

one-shot deviation prices and profits are shown for the two demand conditions.4

The parameters were chosen to achieve a broad spread between Nash and collu-

sion prices. For our duopoly, the Nash price pN is 3 or 4 and the JPM price pJPM

is 17 during the Day. During Night, the Nash price decreases to 2 and 3, while the

JPM price changes to 10. In addition, we still want a competitive outcome, below

Nash, to be a possibility. With marginal cost of zero, positive profit can still be

earned if both firms price below Nash.

In our experiment we implement a finitely repeated game (90 periods), where the

stage game consists of one Day (with high demand) and one Night (low demand).

The treatments will determine how many pricing choices participants have to make

per stage game. In what follows we do not seek to theoretically characterise all
4The multiplicity of static NE arises from the discretisation of the strategy space.
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subgame perfect Nash equilibria (SPNE) for the finitely repeated game.5 We are

primarily interested in determining which price-change regime leads to higher levels

of collusion. Once this is established, we will use the actual behaviour to investigate

if the mechanisms behind our result are likely to be behavioural or strategic in the

sense of repeated games.

Table 3.1: Parameters and Nash, joint-profit maximising, and best shot deviation prices and profits.

High demand
(price) [profit]

Low demand
(price) [profit]

Firms Parameters a = 30, V = 10, µ = 1.6, c = 0 a = 30, V = 18, µ = 0.95, c = 0

2
Nash (3, 3), (4, 4)

[149, 149], [199, 199]
(2, 2), (3, 3)

[99, 99], [149, 149]

Collusion (17, 17)
[789, 789]

(10, 10)
[471, 471]

Deviation (14, 17)
[1189, 221]

(8, 10)
[703, 107]

3.3 Hypothesis and experimental design

In this section we outline our experimental design, hypothesis, and procedure. We

use two treatments to identify the impact of pricing frequency restrictions on the

ability for firms to tacitly collude in real-time markets. The baseline treatment is

an unregulated real-time duopoly where firms are able to update prices without

restriction.6 As price changes can be made continuously, we refer to this treatment

as continuous. Our second treatment is still run in real-time, i.e., with flow profits,

but now with prices updating in the market every 20 seconds. Prices update at the

same time for all firms in the market at these set intervals. With the introduction

of discrete pricing periods, we call this treatment discrete. The overall measure of

collusiveness is the average price level throughout the experiment.

Collusion incentives and continuous time both work to support the hypothesis

5The multiple static equilibria and the many choices to be made give rise to a very large set
of subgame-perfect Nash equilibria.

6The computer program updated every 0.5 seconds. While not literally continuous, the min-
imum amount of time required for participants to react to new information is assumed to be at
least half a second, and thus can be considered continuous from their point of view (Horstmann
et al., 2016).
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that higher prices are observed in continuous compared to in discrete. Following

repeated-game logic, generally the quicker a firm can react in the market, the more

sustainable collusion will be in that environment. This is because firms can react

more quickly to punish those that deviate from collusion, making deviation profits

small. In the context of repeated games, the threshold level of firm patience required

for a collusive outcome to be sustained as a SPNE is lower when deviation profits

are low (Fudenberg and Maskin, 1986; Vives, 2001; Mailath and Samuelson, 2006;

Dal Bó and Fréchette, 2011). Experiments implementing infinitely repeated games

have provided evidence that cooperation being a possible equilibrium on average

can increase cooperation (Dal Bó and Fréchette, 2018). In addition, experimental

evidence has shown that continuous time can support cooperation (Friedman and

Oprea, 2012), thus the introduction of discrete pricing periods may make collusion

harder to initiate and maintain.

On the other hand, if the introduction of discrete pricing periods leads to higher

prices, then the regulations may facilitate coordination through the introduction of

structural breaks that are used as focal points (Schelling, 1960). Although there

is evidence of firms using days of the week as focal points to support coordination

between petrol stations in WA (Byrne and de Roos, 2019), it is not clear that this

necessarily leads to higher price levels compared to an environment without them.

A separate explanation could be that restricting pricing frequency makes it easier

to keep tack of competitors’ actions, facilitating cooperative outcomes.

Collusion incentives and continuous time work to support the hypothesis of

higher collusion levels in continuous compared to discrete. Focal points and ease of

following the market would lead to lower levels of collusion in continuous. Thus it

is unclear ex ante whether price levels will be significantly different between treat-

ments. We state our null hypothesis that average prices in each treatment are equal

as follows:

H10: The average price level is not impacted by simultaneous pricing frequency
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restrictions.⇒ pdiscrete = pcontinuous

If the null hypothesis is rejected, the alternative will depend on which direction

the difference in price goes. If the price level is higher in discrete, the coordination

aspect will be the predominant effect:

H1a: Simultaneous pricing frequency restrictions lead to higher price levels

(more collusion) ⇒ pdiscrete > pcontinuous.

If the price level is higher in continuous, repeated-game logic and/or the impact

of continuous time are behind this result:

H1b: Simultaneous pricing frequency restrictions lead to lower price levels (less

collusion) ⇒ pdiscrete < pcontinuous.

3.3.1 Experimental implementation and procedure

At the start of the experiment participants were asked to select their starting price

for the first Day period. Possible prices were the integers between 1 and 20, inclusive.

Once all participants had selected their price, the game began. Participants played

in the same pair for the entire experiment. Each period contained one Day (high

demand), and one Night (low demand), lasting 20 seconds each. These 40 second

periods were referred to as “cycles” in the experiment. This allowed a total of 90

periods to be run over 60 minutes. Our data provides us with an observation for

each subject every half second, resulting in 7,200 observations per participant.

In the continuous treatment firms were able to change their price at any time.

In the discrete treatment, the price selected was only implemented in the next Day

or Night. There was no break between periods, and if a participant did not change

their price, the previously selected price carried over. The experiment was pro-

grammed to run in quasi-continuous time (updated every 0.5 seconds) to avoid the
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period break being used as a second restart point by participants.7 This ensured the

demand shocks were the only structural point for both the discrete and continuous

the treatments. Participants needed to actively adjust their price to adapt to the

demand shocks - if they did not change their price, the last selected price remained.

A screenshot of the continuous experiment can be found in Figure 3.2. The

graph displayed a live stream of prices with a history length of 120 seconds. After

the initial 120 seconds, the graph continues to move with older prices disappearing

from the graph, being replaced with new ones. The shaded areas represent Night and

allowed participants to keep track of when demand changes were approaching. This

feature is particularly important for the discrete treatment, where the flow of profits

continued to be observed between pricing periods. The interface was designed to

be intuitive for participants to understand the actions of their partner, and impact

on their own profit. For example, the price history line changed colour to represent

their current profit level. The brighter the green, the higher the profit. As the line

became darker, this indicated a lower profit level.

A table on the upper right of the screen displayed the current prices and profit

levels. Profit each period was calculated as the average profit level over each 40

second cycle. When a new period began, the previous period profit was calculated

and shown to participants. This was the same for both treatments. In the discrete

treatment the values only updated when a Day or Night started, whereas in the

continuous treatment it also updated whenever a firm in the market changed their

price. At the end of the experiment a computer randomly selected 10 periods for

payment.

The experimental sessions were conducted at the Adelaide Laboratory for Eco-

nomics Experiments in 2021 using z-Tree (Fischbacher, 2007). Participants were

recruited using ORSEE (Greiner, 2015) and were mainly students (undergraduate

and postgraduate) of the University of Adelaide. In total, three sessions were run

7Although short, the blank screen between periods in z-Tree would have disrupted the flow of
time.
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Figure 3.2: Example screenshot for the continuous treatment.

for each treatment with a total of 92 participants during October and November

2021, and April 2022. The session size ranged from between 10-24 participants. At

the beginning of the experiment participants were given instructions to read pri-

vately.8 Instructions, including screen shots of the review question and the profit

tables, can be found in the Appendix A.3 and A.4. Before the experiment began,

participants answered review questions to help them understand the profit table,

and played a practice round (with the computer). Each participant was paid, on

average, AUD $37.9.9 Each session, including the reading of instructions, practice

round, and payment, took between one and a half and two hours.

8The instructions were not read aloud to participants so that they could read and process the
examples/numbers in the profit table at their own pace. Understanding of profit during the Day
and Night was crucial and tested using the control question. Participants could develop additional
common understanding during the practice round.

9The first two sessions (1 continuous, 1 discrete) were run using an exchange rate of 100
Experimental Currency Units (ECU) = 1 AUD. Participants coordinated more successfully than
expected, so the remaining sessions were run with an exchange rate of 130 ECU = 1 AUD. Results
remain qualitatively the same when excluding these first two sessions from statistical testing.

54



Chapter 3. Continuous time

3.4 Results

We start by presenting our experimental data on aggregate and then outline and

investigate specific findings in the subsections that follow. The primary result of

our experiment is that the continuous treatment yields higher prices on average,

and therefore reduced consumer welfare, compared to discrete. Our result is driven

by more successful initiation and maintenance of full collusion in continous, as well

as higher prices on average in non fully-collusive markets. Thus, we reject our null

hypothesis H10. As prices are higher in continuous, the introduction of discrete

pricing periods does not lead to more collusion between firms, as was the logic

behind hypothesis H1a. We instead adopt alternative hypothesis H1b that prices

are lower with pricing frequency restrictions.

Figure 3.3 shows the average price for each 1 second interval during the exper-

iment (top) and the average period price separately for Day and Night (bottom).

Both figures reveal a distinct treatment effect, with the average price for Day and

Night in continuous approaching pJPM and staying well above the average price in

discrete. Prices overlap between treatments in the first few periods, but quickly di-

verge. It is interesting to note the end game effect, which is particularly pronounced

for the continuous treatment. A timer was included at the top of the screen count-

ing down the time remaining in the experiment. However, a red line indicating the

end of the experiment was only visible on the graph in the last Night, and appears

to have initiated the unravelling of collusion in the final seconds.

General demographic information about participants in each treatment can be

found in Table 3.2. Individual market prices over time in each treatment can be

observed in Figure 3.4. A first look at the individual markets reveals a higher pro-

portion of successful joint-profit maximising markets in continuous. The dynamics

appear to be quite different in discrete, with a smaller range of prices in non-JMP

markets compared to discrete. To play stage-game Nash or joint profit-maximising

collusion would require 360 price changes per group (180 per firm) to adapt to de-
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Figure 3.3: Average price over the experiment. Average price per second (top). Average period
price, Day and Night (bottom).

mand shocks. For the continuous treatment the minimum number of price changes

in a group was 3, whilst the maximum was 2,430. The mean number of price changes

was 938 (median 710). We look closer at prices within individual markets in what

follows.

The continuous interaction of participants means that pricing at a certain point

in time is correlated with whatever happened before. This is a challenge for any

regression approach. The different decision timing in the treatment also means that

there is no appropriate time variable that would allow for dynamic panel analysis.

Hence, the only robust and universal test is a simple comparison of prices averaged

over the whole experiment and markets across treatments. A non-parametric test

like the used Mann-Whitney rank-sum test is extremely robust, as it has the weak-
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Figure 3.4: Prices in each market.

est assumptions to be valid. Averaging the prices is a perfect way of eliminating

problems of correlation within markets, but implies a loss of power, which could be

increased by making very restrictive and questionable assumptions allowing the use

of a panel data regression. Our effect size is so large that we do not need to do this

and the power of the Mann-Whitney rank-sum test is sufficient to pick it up. This is

the cleanest and most robust way of establishing our result, and how the following

results proceed.

Result 1 Price levels in continuous are significantly higher than in discrete.

On average, prices are higher in the continuous treatment compared to discrete,

thus we reject H10 and adopt H1b. This also holds separately for day and night
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Table 3.2: Demographics across treatments

Continuous Discrete
Completed high-school math % 77.27 75.00
Gender % Female 54.55 50.00

Male 45.45 50.00
Age group % 18-25 years 50.00 70.83

26-30 years 27.27 8.33
31+ 22.73 20.83

Home country % Asia 54.55 29.16
Australia 22.73 33.33

Other 22.73 37.50

period prices. Although this is clear from the figures above, we now calculate the av-

erage price for each independent observation. Table 3.3 provides summary statistics

for the average price of independent observations in each treatment. The average

price is 11.91 in the continuous treatment, and 8.23 for discrete. For reference,

the fully joint-profit maximising average period price is 13.5. We conduct a Mann-

Whitney rank-sum test for average prices between treatments and reject the null

hypothesis that prices are equal (p = 0.0002). Note that the mean and median

price in discrete still remains above stage-game Nash, thus both treatments are

considered collusive, despite the stark difference between them.

Table 3.3: Average price of independent observations.

Mean Std. Dev. Min. Median Max. Obs.
Continuous 11.91 1.49 8.27 12.46 13.85 22
Discrete 8.23 2.99 3.09 8.08 12.46 24

To investigate the frequency of different prices in markets, we break down prices

into five groups of 4. We calculate the fraction of time spent in each pricing category

for Day and Night, as shown in Figures 3.5. In the continuous treatment, the

distribution of prices is tighter and more concentrated around the pJPM category

for both the Day and Night. This indicates that continuous markets had higher

prices more generally.

Higher levels of collusion in the continuous treatment is consistent with the

findings of Friedman and Oprea (2012), where higher levels of cooperation in a
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Figure 3.5: Fraction of time (seconds) played by each group in each pricing category.

repeated prisoner’s dilemma are observed in continuous time. Interestingly, our

finding is the opposite to that in Horstmann et al. (2016), where more collusion was

observed in discrete time oligopolies. Our action space of [1, 20] is much smaller that

of [0, 100] used in their experiment.10 These results suggest that comparison between

continuous and discrete time experiments yield different results, thus strengthening

our design of imposing pricing frequency restrictions in an otherwise continuous time

market.

Result 2 Higher fraction of fully collusive markets in continuous.

Given the findings above, we now focus on the behaviour within individual mar-

kets that leads to to higher prices in continuous. Observing the individual market

behaviour in Figure 3.4, it appears that more firms are able to initiate and sustain

collusion in continuous. We are interested in characterising markets as collusive or

otherwise. Defining when a tacitly collusive agreement has been reached is not im-

mediately clear. Although prices above stage-game Nash would indicate a collusive

market, they do not guarantee the existence of a tacitly collusive agreement, and

instead may indicate experimentation and/or attempts at signalling. Different sets

of prices may also be part of a tacitly collusive agreement if a particular pattern of
10The minimum increment of 1 for the strategy space in Horstmann et al. (2016) is large, however

the sliders shown in the display of the experimental software screen show labels in integers of 10.
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pricing behaviour is consistently followed by both firms. Defining and identifying

strategies (i.e., trigger strategies) used by firms is also not trivial, given the large

strategy space.

To solve these issues, we define successful initiation of collusion through the

stability of average prices over time, as well as the average price being collusive.

First we characterise whether the market price over time is stable. The average price

in period t for each market g is calculated. We then create two moving averages,

incorporating the current and previous 5 period average prices for p̄, and the current

and subsequent 5 periods for p. We define a market as stable (ωt=1) if there is

minimal difference between the moving averages, as follows:

ωt,g =


1 if |p̄− p| ≤ 0.1

0 if |p̄− p| > 0.1

(3.4)

Table 3.4 shows the summary statistics for our moving average. We believe the

choice of 0.1 is a reasonably strict requirement for stability.11

Table 3.4: Summary statistics for moving average p̄− p.

Treatment Mean Min p25 p50 p75 Max
Continuous 0.59 0 0.03 0.22 0.83 6.84
Discrete 1.21 0 0.29 .83 1.75 8.17

The level of collusiveness in each market is determined using the average period

price. Perfectly collusive markets are identified if the average period price is ≥ 13,

just slightly less than full JPM price of 13.5. We are also interested in categorising

stable groups that are below this price, but above Nash, and allow an average

period price greater than 3, but less than 13. Thus we have classify three categories

of market types:

11Reducing the cut-off for our moving average to be ≤0.05 results in the following. The fraction
of observations classed as stable in each treatment for 0.1 (0.05) is 0.40, 0.13 (0.31, 0.099) for C
and D, respectively. The median average period price in the low/unstable category is 11.86, 8.00
(12.13, 8.00).
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• Stable Perfect Collusion (ωg,t = 1 & pave ≥ 13)

• Stable Imperfect Collusion (ωg,t = 1 & 3 < pave < 13)

• Unstable/Low (ωg,t = 0 | pave ≤ 3)

Figure 3.6 shows distribution of the count of periods spent in each market cate-

gory. The medium count of periods spent in Stable Perfect Collusion is much higher

for continuous. There is minimal time spent in the Stable Imperfect Collusion cat-

egory, indicating that the majority of markets cooperated perfectly, or not at all.

The fraction of Stable Perfectly Colluding markets in continuous is above 40% by

the half-way point of the experiment. In discrete, the fraction remains well below at

less than 20% throughout. The end-game effects appear more pronounced using this

measure, with a steep decline in Stable Perfectly Collusive markets in the last 10

periods.12 This proportion still remains above that in discrete. Thus, we conclude

that there are a higher fraction of markets that successfully joint profit maximised

in continuous.

Figure 3.6: Fraction of markets within each category in each period.

Result 3 Higher prices in continuous non-stable markets.
12The length of our experiment means that these end game effects are not significant with

respect to the overall results. They are interesting to note, and are consistent with end game
effects observed in the literature.
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One could suggest that the ease of initiating collusion in the continuous treat-

ment has led to a higher fraction of fully collusive markets. We now explore average

prices in Unstable/Low markets to determine whether there are differences in price

levels between treatments, as well as in the proportion of fully collusive markets. In

markets categorised as Unstable/Low, prices remain higher in continuous, as shown

in Figure 3.7. The distribution of average prices in discrete is wider, and the me-

dian price lower, than in continuous. Thus, even amongst firms that were unable to

fully collude, prices remain higher in continuous. This implication being that with

discrete pricing periods, fewer markets are able to fully collude, and those who do

not still have lower prices than in continuous.

Figure 3.7: Average period price for Unstable/Low markets.

3.5 Conclusion

In this chapter we show how pricing frequency restrictions impact the level of tacit

collusion in experimental real-time oligopolies. It is unclear whether implementing

discrete pricing periods into an otherwise real-time market will help or hinder the

ability of firms to tacitly collude. Collusion incentives and findings from repeated

games in continuous time suggest that such restrictions should lower price levels.
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On the other hand, introducing clear focal points may make it easier for firms to

keep track of, and coordinate, their prices.

Our experimental market consists of two symmetric firms competing in prices

over 60 minutes. In our first treatment, firms are able to change their price at any

time (computer program updated every 0.5 seconds), asynchronously, and affecting

profit immediately. The second treatment implements a new selected price at set

timed intervals, otherwise termed near-continuous time by Horstmann et al. (2016).

Our experiments are differentiated in two key aspects. The first, through the use of

a multinomial-logit demand function (Anderson and de Palma, 1992), allows us to

generate a large strategy space between Nash and JPM price within which treatment

effects can be clearly identified. A second key difference between these studies and

our own is the inclusion of anticipated demand shocks to replicate high and low

demand periods (for example, the changes in demand for petrol before school pickup,

or late at night). Schelling (1960, p. 74) recognises the importance of qualitatively

identifiable signals for tacit communication, thus we include these shocks for firms to

use as a coordination device. In the real world, days of the week have always existed,

the key difference was the pricing restrictions making them salient in the study by

Byrne and de Roos (2019). Mutually selecting symmetric prices above Nash is a

Pareto improvement for both firms in our market, i.e., a coordination game with

no conflict of interest, thus taking advantage of these focal points should aid tacit

collusion (Sitzia and Zheng, 2019). The environment conducive to collusion will

hopefully aid future investigation of treatment effects in more competitive markets.

Results show a clear treatment effect, with higher levels of collusion in the

continuous treatment compared to discrete. This result is driven by a higher pro-

portion of markets reaching the fully joint profit maximising price, as well as higher

prices in markets that do not. Previous work on continuous time and cooperation

has been in relatively short games, with Friedman and Oprea (2012); Leng et al.

(2018); Bigoni et al. (2015) using games that last for no more than 60 seconds. Thus,

we have shown that even over 3,600 seconds, and in a more complex environment,
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that their finding that continuous time supports cooperation still holds.

In the next chapter we explore the underlying mechanism that has led to this

result.
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Chapter 4

Behavioural mechanism

4.1 Introduction

In the previous chapter we explored how implementing discrete pricing-frequency

restrictions impacted collusion in real-time markets, and found a clear treatment

effect with higher collusion levels in the treatment with unrestricted price changes.

The question remains as to what mechanism is causing this difference. There are two

potential explanations. We showed in Chapter 2 that more frequent price changes

increased overall collusion incentives. With more price changes, engaging in price

leadership, or signalling intention to collude, is less costly. It is quicker for other

firms in the market to follow, and to reduce a failed signal. Similarly, the incentive to

break a collusive agreement becomes smaller with more frequent price changes as the

‘sucker’ firm can quickly respond and lower their price. With fewer allowable price

changes, other firms are forced to endure the lower payoff for the entire price period,

whilst the deviator gets to enjoy deviation profits for longer. Thus, the continuous

treatment has the lower initiation cost and benefit from breaking collusion. Firms

are able to react more quickly to signals and any changes in the market. With

easier initiation, and lower gain from breaking collusion, more markets successfully

collude. Given the higher proportion of fully collusive markets in continuous, this
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explanation appears feasible.

The second explanation is that something about the nature of continuous time

supports cooperation, leading to higher levels of collusion in continuous compared

to in discrete. Leng et al. (2018) find that with full information feedback, continu-

ous time increases average group effort in a minimum effort coordination game. Our

approach also implements a full information design where participants observe all

prices and profit levels in the market, from which it follows could explain the higher

levels of cooperation. Friedman and Oprea (2012) and Bigoni et al. (2015) both

show that continuous time games support higher rates of cooperation in a repeated

prisoner’s dilemma. Friedman and Oprea (2012) find that as the frequency of de-

cisions increases, cooperation rates increase almost linearly, which would support

not only a potential behavioural explanation, but is also consistent with the first

explanation above. Bigoni et al. (2015) show qualitative differences between contin-

uous and discrete time, unlike Friedman et al. (2015), and are unable to reconcile

results with equilibrium theories that could explain differences between stochastic

and deterministic ending rules. The explanation behind the higher levels of cooper-

ation observed in continuous time remains unclear, but the common finding is that

it supports cooperative outcomes.

In order to discriminate between the effects of collusion incentives and the qual-

itative aspect of continuous time, we make collusion incentives as close to those in

continuous time, while maintaining the recognisable discontinuities introduced by

pricing periods. We run an additional treatment, short-discrete, that imposes 2.5

second pricing periods. If collusion incentives lead to higher prices in continuous,

then this treatment will have a similar price level. If the imposition of discrete

pricing periods in otherwise real-time markets leads to lower prices, then our new

treatment will have price levels similar to discrete.

Price levels in the 2.5 second treatment are virtually identical to those in the 20

second treatment. Separating markets into the same categories as we did in Chapter
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3, we find comparable proportions of fully collusive markets in discrete and short-

discrete, as well as between average prices in markets that were not. We reject

collusion incentives as the driving force behind overall price levels being higher in

continuous, and conclude that a behavioural mechanism is responsible. A potential

explanation is that continuous time implements a status-quo effect for participants

(Samuelson and Zeckhauser, 1988), and that discrete pricing periods overcome this

bias.

In what follows we outline our new treatment in context of our experimental

design from Chapter 3. We explain and state our hypothesis. We then show results,

before finally concluding.

4.2 Experimental Design and Hypothesis

We are interested in identifying the mechanism driving the result in Chapter 3.

There are two key differences between our primary treatments. The first is the

difference in collusion incentives in each treatment. Repeated-game logic tells us

that the lower cost of signalling, and gain from deviating from collusion, are lower

in continuous and therefore in general collusion is more likely than in the discrete

treatment. The second is a potential behavioural mechanism that arises due to the

implementation of discrete pricing periods in an otherwise continuous time market.

If instead of collusion incentives, a behavioural mechanism is driving the difference

in results, then the introduction of discrete pricing periods may lead to less collu-

sion on average. This hypothesis is derived from the literature on continuous time

supporting cooperation (Friedman and Oprea, 2012; Leng et al., 2018; Bigoni et al.,

2015). Thus, there are two competing explanations as to why lower prices are ob-

served in the discrete treatment. A third treatment, short-discrete, is implemented

that captures both of these characteristics and allows us to test which factor is

responsible.
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We lower the price commitment period from 20 seconds to 2.5 seconds, such

that in each 40 second cycle firms are able to change their price 16 times. This

duration was chosen to be long enough to feel discrete, but not be so short such

that participants were cognitively unable to identify and respond to changes in

the market. We looked at the distribution of time between price changes in the

continuous treatment and found that the majority of changes occurred within this

time frame. Although 2.5 seconds may not seem long, it is sufficient to feel like a

distinct pricing period for participants, who are making the same decision over the

entire 60 minute game.

Table 4.1: Difference in deviation profit, and loss from signalling the JPM price instead of Nash,
for each treatment.

Continuous Short-discrete Discrete
Price commitment none 2.5 sec 20 sec

Deviation profit AUD tr × $0.14 $0.34 $2.7
Signalling loss AUD tr × $0.04 $0.1 $0.77

(tr = minimum reaction time in seconds.)

The cost of signalling and deviating is brought closer to the continuous treatment

by implementing a 2.5 second interval, as summarised in Table 4.1. For example,

assuming the minimum time required for a participant to observe a change and react

is tr seconds, the profit made by deviating in continuous is tr × $0.14 AUD.1 For

discrete, 20 seconds of deviation profit yields a gain of $2.7 AUD. Thus, the deviation

profit in short-discrete results in profit of $0.34 AUD. Signalling an intention to

collude by playing the JPM price instead of Nash is decreased from $0.77 AUD

in discrete to $0.10 AUD in short-discrete, closer to the continuous cost of tr ×

$0.04 AUD. If collusion incentives drive the difference between our two primary

treatments, then average prices in short-discrete should be closer to continuous,

p̄SD = p̄C . Thus, our null hypothesis can be stated as follows:

H20: Prices are higher in continuous due to repeated-game logic:

If this is the case, then there will be no statistically significant difference in prices

between continuous and short-discrete (pshort−discrete = pcontinuous).
1Assuming deviation occurs during night, using an exchange rate of 1 AUD per 130 ECU.

68



Chapter 4. Behavioural mechanism

If we reject H20, and price levels are closer to discrete, then the introduction of

discrete pricing periods is driving the primary result in Chapter 3. In the alternative,

we would expect that if discrete pricing periods act as a behavioural prompt, average

prices in short-discrete will instead be similar to discrete, p̄SD = p̄D:

H2a: Prices are lower in discrete due to a behavioural mechanism:

Figure 4.1: Screenshot of Short-Discrete treatment screen shown to participants.

Figure 4.1 shows a screenshot of the screen shown to participants. To further

emphasise the discrete pricing periods, a vertical line appeared on the moving price

graph shown to participants every 2.5 seconds to count down the time until the

next price change was implemented. The moving graph remained the same as in the

previous treatments, and emphasised the flow of time. The short-discrete treatment

was run with an additional 50 participants with between 8-22 per session, in April

2022, paid each on average $26.6 AUD, and followed the same procedure as the two

primary treatments outlined in Chapter 3. The instructions used can be found in

Appendix A.5, and control questions used in Appendix A.4.
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4.3 Results

We present results in a similar manner to the previous chapter and include previous

results for ease of comparison. Overall, short-discrete appears to be similar to

discrete, in terms of the average price over time, the proportion of firms in each

market category over time, and price levels for markets unable to fully collude.

Thus, we reject the null hypothesis H20 and adopt the alternative that prices are

closer to discrete, indicating that a behavioural factor is driving the difference in

collusion levels in Chapter 3. General demographic information can be seen in Table

4.2.

Table 4.2: Demographics across treatments

Short-discrete
Completed high-school math % 56
Gender % Female 48

Male 52
Age group % 18-25 years 76

26-30 years 4
31+ 20

Home country % Asia 44
Australia 32

Other 24

Result 1 There is no statistical difference between prices in discrete and short-

discrete.

On aggregate, prices in short-discrete are similar to discrete. Figure 4.2 plots

the average period, Day and Night price for our secondary treatment, with the

bottom panel plotting the difference in average period price between short-discrete,

continuous and discrete. A question that immediately comes to mind is whether

there is an upward trend in the short-discrete average period price. It is not straight

forward to test this, given the demand shocks, however in the next section we inves-

tigate prices over time more closely, and it appears that end game effect on average

period price are stronger in discrete compared to short-discrete, which may result

in this difference emerging.
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Figure 4.2: The top figure shows the average period price for each treatment (dashed lines), and
separately for day and night in short-discrete (solid green lines). The bottom figure shows the
difference in average period price between treatments.

Table 4.3 shows the summary statistics for the independent observations. The av-

erage price in short-discrete is significantly different to continuous (Mann-Whitney

rank sum, p=0.000), but not to discrete (p=0.69). The minimum average price for

independent observations in continuous is much higher than our two discrete treat-

ments, indicating that the discrete treatments were far more competitive (although

still collusive with respect to stage-game Nash).

Table 4.3: Average price of independent observations.

Mean Std. Dev. Min Max Obs.
Continuous 11.91 1.49 8.27 13.85 22
Discrete 8.23 2.99 3.09 12.46 24
Short Discrete 8.54 2.88 2.74 13.30 25

We again characterise markets by their level of stability and collusion. Table 4.4

shows the summary statistics for our moving average.2

2Reducing the cut-off for our moving average to be ≤0.05 results in the following. The fraction
of observations classed as stable in each treatment for 0.1 (0.05) is 0.40, 0.13, 0.16 (0.31, 0.099,
0.099) for C, D and SD, respectively. The median average period price in the low/unstable category
is 11.86, 8.00, and 7.94 (12.13, 8, 9.09).
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Table 4.4: Summary statistics for moving average p̄− p

Treatment Mean Min p25 p50 p75 Max
Continuous 0.59 0 0.03 0.22 0.83 6.84
Discrete 1.21 0 0.29 .83 1.75 8.17
Short Discrete 1.06 0 0.18 .65 1.52 11.52

Figure 4.3 shows distribution of the count of periods spent in each market cate-

gory. The medium count of periods spent in Stable Perfect Collusion is much higher

for continuous. For discrete and short-discrete the median count of periods being

Unstable/Low are similar and high. There is minimal time spent in the Stable Im-

perfect Collusion category, indicating that the majority of markets that did manage

to cooperate did so fully, and the remainder were unable to do so at all.

Figure 4.5 plots the fraction of groups in each category over time in each treat-

ment. There is a stark difference between the continuous and two discrete treat-

ments. By half-way through the experiment around half of continuous markets were

perfectly colluding. The majority of time in the discrete treatments is spent in the

Unstable/Low categories, confirming that the count distribution in each category

reflects what happened over the entire experiment. Overall, there are a higher frac-

tion of Stable Fully Collusive markets in continuous for almost the entire 90 periods

of the experiment.

Figure 4.3: Average market period price in each category.

Individual markets are shown in Figure 4.4. Despite the similarities in aggregate
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prices between discrete and short-discrete, the overall dynamics observed in markets

not perfectly colluding appears to be more similar to markets in continuous. The

number of available price changes is therefore not impacting collusion levels. In

Chapter 3 it could be claimed that with more price changes, eventually more markets

would successfully collude. The results of short-discrete appear to go against this.

Figure 4.4: Prices in each market.

Result 2 Discrete treatments have lower prices in Unstable/Low markets.

We now investigate the price level in markets that were unable to perfectly

collude. Following the argument that it is easier to initiate and maintain tacit

collusion in continuous, is there a treatment effect with respect to price levels in

those that were unable to do so? Figure 4.6 shows the distribution of prices in

each treatment for the Unstable/Low category. The median average period price

is almost identical in the two discrete treatments, while in continuous it is sitting

slightly below the joint profit maximising average period price.

To see how this might change over the experiment, we plot the average period
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price for each treatment over time in Figure 4.7. The starting points in each treat-

ment are similar, with prices diverging upwards in continuous and downwards in

discrete. There does appear to be a slight upward trend in average price in short-

discrete, however it remains well below that in continuous.

Rank-sum tests on the fraction of time each market spends in each category

between treatments confirms this result. Comparing continuous with discrete and

again with short-discrete confirms a significantly higher time spent in Stable Per-

fect Collusion by continuous markets (p<0.05). There is no statistically significant

difference between the two discrete treatments with respect to the fraction of time

spent in Stable Perfect Collusion.

Figure 4.5: Fraction of markets in each category over time.

Figure 4.6 shows the distribution of prices in each treatment for the Unsta-

ble/Low category, and in Figure 4.7 the average period price in the Unstable/Low

category over the experiment. The median price in both discrete treatments is

similar and significantly lower than markets in continuous. This shows that even

in markets that were not perfectly colluding, there is less collusion with pricing-

frequency restrictions.

74



Chapter 4. Behavioural mechanism

Figure 4.6: Distribution of average period prices in markets that are Unstable/Low.

Figure 4.7: Average period price for markets that are Unstable/Low, over time.

4.4 Conclusion

We have shown that restrictions on pricing frequency can reduce tacit collusion

in otherwise real-time environments. Discrete pricing periods act as a behavioural

prompt for participants to re-strategise for the next pricing period, resulting in a

lower proportion of fully-collusive markets, and a lower price level more generally.

Which behavioural mechanism is responsible for this effect requires further in-

vestigation. Our findings are opposite to those by Horstmann et al. (2016), who are

the only other study that investigates oligopoly markets in continuous time. The

reason for this is unclear. Similarly, our finding that cooperation levels do not lin-

early increase with reductions in grid size, as found by Friedman and Oprea (2012),
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is also notable. Our model is more complex than a simple prisoner’s dilemma, and

we also run our game for 3,600 seconds, rather than 60 seconds. The results in this

thesis do not support repeated-game logic or collusion incentives driving cooperation

levels.

One potential behavioural explanation for higher cooperation levels in continuous

could be a status quo effect (Samuelson and Zeckhauser, 1988). The introduction of

pricing periods appears to have prompted the decay in cooperation levels on aggre-

gate. Although it is difficult to observe in the individual markets, it is interesting

to note how prices jump up at the start of each Day, before drifting down. This

is similar to the within-period competitive effect we observed in Chapter 2. Direct

comparison of results from Chapter 2 and those in Chapters 3 and 4 should be made

with caution. The markets in each experiment are characteristically different, in-

cluding the number of firms competing, the length of interaction between firms, and

the overall collusion incentives derived from the underlying model used. Nonethe-

less, the qualitative differences between these experiments highlights the need for

experimentalists to be cautious in choosing their timing protocol, which may impact

behaviour in an unexpected manner.
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Conclusion

Tacit collusion in markets is a key issue for policy makers in designing regulations

to support consumer welfare. Retail petrol markets are a common target for pricing

regulations in many jurisdictions around the world. A common regulation supports

pricing transparency for consumers, ensuring up-to-date prices are easily found on-

line, thus reducing consumer search costs and supposedly promoting competition.

A second, unintended, consequence of these regulations is that communication be-

tween firms becomes cheaper - checking your competitors’ prices is now a click away.

The regulations explored in this thesis are based on those in the WA retail petrol

market, where firms are restricted to simultaneously announcing their prices that

are then fixed for 24 hours. The limitations of theory on this topic, and complexities

of real-world markets, prompted us to experimentally investigate this question. We

have contributed to the experimental literature on repeated games, cooperation in

continuous time, and competition policy.

We designed experiments to test how interaction frequency within a stage game

impacts cooperation levels. In Chapter 2 we embedded behavioural hypotheses

within the context of a repeated game, thus bridging the gap between the two areas of

the literature. Results support that the frequency of price changes impacts collusion.

Collusion levels were higher with only one price change per period, compared to the
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level in the treatment that allowed for four changes. Cooperation levels appeared to

decay over time in all treatments. It is interesting to note the choice of focal point

and restart effect, which was the start of a supergame for one price change, or the

start of each period in the treatments with 4. The within-period competition led to

overall lower average collusion levels.

In Chapter 3 we tested whether interaction frequency impacts cooperation in

real-time markets. Results from a 60 minute duopoly experiment confirm that con-

tinuous time can support cooperation, even in more complex environments and over

a long period of time. With unrestricted price changes, more markets successfully

initiated and maintained full collusion. In addition, prices where higher in markets

that were not able to do so. At first glance this result appears to contradict the

results from Chapter 2. More available price changes in our unrestricted treatment

lead to higher levels of collusion, while higher collusion levels were observed in Chap-

ter 2 with only one price change per period. In Chapter 4 we test for the mechanism

behind our finding in Chapter 3.

In Chapter 4 we run an additional treatment, reducing the pricing period from

20 seconds down to 2.5 seconds. This allows us to determine whether collusion

incentives, i.e., the cost of signalling and gain from deviating, lead to lower prices

in our 20 second treatment, or whether the discrete pricing periods themselves are

behaviourally relevant. Price levels in the 2.5 second treatment are virtually identical

to those in the 20 second treatment. Thus, we reject that collusion incentives impact

collusion levels, and instead conclude that discrete pricing periods are prompting

firms to compete. This explains the seemingly contrary results between Chapters 2

and 3, as more pricing periods in Chapter 2 led to more opportunities to undercut.

Further research is still required in this area. Our results support the previous

findings of Friedman and Oprea (2012); Bigoni et al. (2015); Leng et al. (2018) that

continuous time supports cooperation. However, Horstmann et al. (2016) run ex-

periments to test the impact of discrete and continuous time in a oligopoly context
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and find results opposite to ours. The behavioural mechanism identified in Chap-

ter 4 requires further investigation. We hypothesise that the status quo effect of

continuous time is broken with the introduction of discrete decision periods. It is

interesting that a prompt leads to undercutting, as opposed to attempts to raise

prices. This could be explained as players simply best responding to the previous

price, which in context of the stage game is to lower their price.

Another area that warrants future research is on the impact of Artificial Intelli-

gence (AI) and pricing algorithms. It has been shown that algorithms are able to

reach collusive outcomes in both simultaneous and sequential environments (Calvano

et al., 2020; Klein, 2021). Calvano et al. (2020) run experiments with AI subjects

using a similar model to ours in Chapters 3 and 4, and find that a collusive outcome

is indeed possible and robust to various market characteristics. Interestingly, the

introduction of additional AI firms does not appear to reduce profit levels as quickly

as has been observed with human participants (Horstmann et al., 2018; Potters and

Suetens, 2013). Thus questions arise as to how pricing frequency regulations impact

cooperation in the presence of at least one firm setting prices using AI. Our finding

that discrete pricing periods, through a behavioural mechanism, drives down the

price level may not apply to AI.
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General information

Welcome to the experiment. Please read these instructions carefully. If you have a question
please raise your hand. Please switch off your mobile phone and do not communicate with
other participants.

During this experiment you can earn Experimental Currency Units (ECU) which will be
exchanged into Australian dollars. You will receive payment at the end of the experiment,
privately, in cash. The exchange rate will be given later in the instructions.

As you read through these instructions you will be prompted to answer questions displayed on
your screen. These questions are designed to help you understand the game. If your answer is
incorrect you may try again. If you are unsure at any time, please raise your hand. By
answering these questions you will earn 10 AUD in addition to the profit you earn in the game.

There will be a practice game (competing with a computer) before the experiment begins.

Your task

In today’s session all participants are sellers of a fictitious product. Your objective is to set and
adjust your price such that you make as much profit as possible. In each game you will
compete with two other sellers, who also set prices. A game consists of multiple days (which
last for 60 seconds each).

Before the first day begins you will be asked to set your price, which you can change during the
day. Your profit for the day depends on the prices you and your competitors charge throughout
the day.

At the end of each day you will see your final profit. It is randomly determined if a new day
starts, or if the game ends.

How to play

When a new game starts you will see a screen asking you to select your starting price. Possible
prices are whole numbers between 1 and 7. A day is divided into four periods of 15 seconds
each.

The day begins with period 1, and you will observe your price and profit, as well as that of the
other two sellers you are competing with. If you change your price, it will be effective in the
next period. For example, if you select a new price during period 1, it will become effective in
period 2. If you select a new price during period 2 it will be effective in period 3, and so on.

Please complete Question 1 on your screen.

1

A.1 Chapter 2 - Instructions

Chapter 2 instructions for treatment n4δh:



A screenshot of the day screen is shown in Figure 1. At the top of the screen there is
information about the time remaining in the current period (countdown from 15 seconds to 0
seconds).

The top left-hand side of the screen shows a table with the current period’s prices and profits
for you and your competitors. On the right-hand side of the screen are two graphs showing the
day’s profit (top) and price (bottom) levels. The table and graphs will update automatically
when each new period begins.

At the bottom left of your screen your selected price is displayed. There you can also change
your price. Once the timer reaches zero, the price you have currently selected will be entered as
your price for the next period.

Figure 1: Screenshot of day screen
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At the end of the day you will see an overnight screen, as shown in Figure 2. The screen
summarises the prices and day profit for you and the other sellers you are competing with. You
also have the option to change your starting price for the following day, which will take effect
once the new day begins. If you don’t change your price, the last price selected will be your
starting price for period 1 tomorrow.

Number of days in each game

The number of days in each game is randomly determined and unknown until the game has
ended. As seen in Figure 2, the spinning of a computerised wheel determines if the game
continues. After each day there is a 20% probability the game will end. This means there is an
80% probability that the game will continue to the next day.

If the game continues, you will compete with the same participants.

If the game ends, and there is enough time for another game, you will be rematched with two
other participants and a new game begins. In case that there is not enough time in the session
for another game, the experiment ends.

Figure 2: Screenshot of overnight screen
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Profit

Below we explain how period profit is calculated, and then how day profit is determined.

Period profit - the profit table

How much you are able to sell depends on your price, and the average price of your competitors
(Seller 2 and Seller 3). Profit, for each combination of prices, is shown in the attached Profit
Table.

Example of how to look up profit

Let’s look at an example of how to use the Profit Table. The table is replicated below in Table
1. Your price is 3. Seller 2’s price is 4. Seller 3’s price is 6:

You -

• the average of your competitors prices is (4+6)/2 = 5. If you set your price to 3, and the
average of the other firms’ price is 5, your profit for the period is 52 ECU. This is
coloured blue in Table 1.

Seller 2 -

• the average price of you and Seller 3 is (3+6)/2=4.5. If Seller 2’s price is 4 and the
average price is 4.5, Seller 2’s profit is 45 ECU. This is coloured red in Table 1.

Seller 3 -

• the average of your price and Seller 2’s price is (3+4)/2=3.5. If Seller 3’s price is 6 and
the average price of others is 3.5, Seller 3’s profit is 13 ECU. This is coloured green in
Table 1.

Now complete Question 2 on your screen.

Table 1: Profit table example (ECU)
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How does changing your price impact your profit?

Increasing your price impacts your profit in two ways. A higher price means you receive more
money per unit sold, positively impacting your profit. However, there is also a negative effect,
as a higher price means you will sell a lower quantity. Therefore, raising your price may
increase or decrease your profit:

• Increasing a low price will increase your profit - For example, if your price is 1 and the
average price of your competitors is 5, your profit is 47 ECU. If you were to raise your
price to 3, your profit increases to 52 ECU.

• Increasing a high price will decrease your profit - For example, if your price is 6 and the
average price of your competitors is 5, your profit is 31 ECU. If you were to raise your
price to 7, your profit decreases to 16 ECU.

This is true for any given average price set by your competitors. The same logic can be applied
to the impact of decreasing your price. Reducing a low price will decrease your profit, but
reducing a high price will increase your profit.

You can see how changing your price (given the average price of your competitors) impacts
your profit by looking down each column in the Profit Table.

How do your competitor’s prices impact your profit?

If your competitors increase their prices (and yours is held constant), then you sell more and
your profit increases. If your competitors decrease their prices, you sell less and your profit
decreases.

For example, if you set your price to 5 and your competitors average price is also 5, your profit
is 42 ECU. If the average of your competitors price decreases to 4.5, your profit is 37 ECU. If
their average price increases to 5.5, your profit is 48.

You can see how changes in your competitors average price impacts your profit (for your given
price) by looking across each row in the Profit Table.

Day profit - average of period profits

On the day screen, period profit is displayed. Your final profit for the day is shown on the
overnight screen. Overall, your profit for the day is the average of your period profits.

For example, if your profit in each period during the day is (30, 30, 20, 40 ECUs), adding these
values up gives us 120 ECU. Then we take the average by dividing 120 ECU by 4. Your final
profit for the day is therefore 30 ECU.
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Exchange rate & final payment

The value of profit will decrease by approximately 9% with every new day. The starting
exchange rate is 1 ECU = 0.75 AUD. The exchange rate can be found in Table 2 for the first 10
days (also displayed on the day screen).

For example, on the first day 10 ECU is worth 7.5 AUD. On the second day, 10 ECU is worth
6.8 AUD, and so on. Let’s say your day profit is 40 ECU. If the game ends on day 1, your
payment for this game would be 30 AUD. However, if the game ends on day 6, your payment
would be 18.6 AUD. Each new game will start again from day 1.

Please complete Question 3 on your screen.

Table 2: Exchange rate - The amount of AUD received for 10 ECU

At the end of the experiment a random game will be selected. You will be paid only for profit
(in AUD) you earn on the last day before this game ended.

Please complete Question 4 on your screen.

Closing

After the last game of the experiment a questionnaire will appear on your screen for you to fill
out before you can receive your payment. Please remain seated and silent.

Please fill out and sign your receipt form. The experimenter will then provide instructions for
you to receive your payment.
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General information

Welcome to the experiment. Please read these instructions carefully. If you have a question
please raise your hand. Please switch off your mobile phone and do not communicate with
other participants.

During this experiment you can earn Experimental Currency Units (ECU) which will be
exchanged into Australian dollars. You will receive payment at the end of the experiment,
privately, in cash. The exchange rate will be given later in the instructions.

As you read through these instructions you will be prompted to answer questions displayed on
your screen. These questions are designed to help you understand the game. If your answer is
incorrect you may try again. If you are unsure at any time, please raise your hand. By
answering these questions you will earn 10 AUD in addition to the profit you earn in the game.

There will be a practice game (competing with a computer) before the experiment begins.

Your task

In today’s session all participants are sellers of a fictitious product. Your objective is to set and
adjust your price such that you make as much profit as possible. In each game you will
compete with two other sellers, who also set prices. A game consists of multiple days (which
last for 60 seconds each).

Before the first day begins you will be asked to set your price, which you can change during the
day. Your profit for the day depends on the prices you and your competitors charge throughout
the day.

At the end of each day you will see your final profit. It is randomly determined if a new day
starts, or if the game ends.

How to play

When a new game starts you will see a screen asking you to select your starting price. Possible
prices are whole numbers between 1 and 7. A day is divided into four periods of 15 seconds
each.

The day begins with period 1, and you will observe your price and profit, as well as that of the
other two sellers you are competing with. If you change your price, it will be effective in the
next period. For example, if you select a new price during period 1, it will become effective in
period 2. If you select a new price during period 2 it will be effective in period 3, and so on.

Please complete Question 1 on your screen.
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A screenshot of the day screen is shown in Figure 1. At the top of the screen there is
information about the time remaining in the current period (countdown from 15 seconds to 0
seconds).

The top left-hand side of the screen shows a table with the current period’s prices and profits
for you and your competitors. On the right-hand side of the screen are two graphs showing the
day’s profit (top) and prices (bottom) levels. The table and graphs will update automatically
when each new period begins.

At the bottom left of your screen your selected price is displayed. There you can also change
your price. Once the timer reaches zero, the price you have currently selected will be entered as
your price for the next period.

Figure 1: Screenshot of day screen
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At the end of the day you will see an overnight screen, as shown in Figure 2. The screen
summarises the prices and day profit for you and the other sellers you are competing with. You
also have the option to change your starting price for the following day, which will take effect
once the new day begins. If you don’t change your price, the last price selected will be your
starting price for period 1 tomorrow.

Number of days in each game

The number of days in each game is randomly determined and unknown until the game has
ended. As seen in Figure 2, the spinning of a computerised wheel determines if the game
continues. After each day there is a 20% probability the game will end. This means there is an
80% probability that the game will continue to the next day.

If the game continues, you will compete with the same participants.

If the game ends, and there is enough time for another game, you will be rematched with two
other participants and a new game begins. In case that there is not enough time in the session
for another game, the experiment ends.

Figure 2: Screenshot of overnight screen
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Profit

Below we explain how period profit is calculated, and then how day profit is determined.

Period profit - the profit table

How much you are able to sell depends on your price, and the average price of your competitors
(Seller 2 and Seller 3). Profit, for each combination of prices, is shown in the attached Profit
Table.

Example of how to look up profit

Let’s look at an example of how to use the Profit Table. The table is replicated below in Table
1. Your price is 3. Seller 2’s price is 4. Seller 3’s price is 6:

You -

• the average of your competitors prices is (4+6)/2 = 5. If you set your price to 3, and the
average of the other firms’ price is 5, your profit for the period is 52 ECU. This is
coloured blue in Table 1.

Seller 2 -

• the average price of you and Seller 3 is (3+6)/2=4.5. If Seller 2’s price is 4 and the
average price is 4.5, Seller 2’s profit is 45 ECU. This is coloured red in Table 1.

Seller 3 -

• the average of your price and Seller 2’s price is (3+4)/2=3.5. If Seller 3’s price is 6 and
the average price of others is 3.5, Seller 3’s profit is 13 ECU. This is coloured green in
Table 1.

Now complete Question 2 on your screen.

Table 1: Profit table example (ECU)
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How does changing your price impact your profit?

Increasing your price impacts your profit in two ways. A higher price means you receive more
money per unit sold, positively impacting your profit. However, there is also a negative effect,
as a higher price means you will sell a lower quantity. Therefore, raising your price may
increase or decrease your profit:

• Increasing a low price will increase your profit - For example, if your price is 1 and the
average price of your competitors is 5, your profit is 47 ECU. If you were to raise your
price to 3, your profit increases to 52 ECU.

• Increasing a high price will decrease your profit - For example, if your price is 6 and the
average price of your competitors is 5, your profit is 31 ECU. If you were to raise your
price to 7, your profit decreases to 16 ECU.

This is true for any given average price set by your competitors. The same logic can be applied
to the impact of decreasing your price. Reducing a low price will decrease your profit, but
reducing a high price will increase your profit.

You can see how changing your price (given the average price of your competitors) impacts
your profit by looking down each column in the Profit Table.

How do your competitor’s prices impact your profit?

If your competitors increase their prices (and yours is held constant), then you sell more and
your profit increases. If your competitors decrease their prices, you sell less and your profit
decreases.

For example: if you set your price to 5 and your competitors average price is also 5, your profit
is 42 ECU. If the average of your competitors price decreases to 4.5, your profit is 37 ECU. If
their average price increases to 5.5, your profit is 48.

You can see how changes in your competitors average price impacts your profit (for your given
price) by looking across each row in the Profit Table.

Day profit - average of period profits

On the day screen, period profit is displayed. Your final profit for the day is shown on the
overnight screen. Overall, your profit for the day is the average of your period profits.

For example:

If your profit in each period during the day is (30, 30, 20, 40 ECUs), adding these values up
gives us 120 ECU. Then we take the average by dividing 120 ECU by 4. Your final profit for
the day is therefore 30 ECU.
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Exchange rate & final payment

The value of profit will decrease by approximately 22% with every new day. The starting
exchange rate is 1 ECU = 1.5 AUD. The exchange rate can be found in Table 2 for the first 10
days (also displayed on the day screen).

For example, on the first day 10 ECU is worth 15 AUD. On the second day, 10 ECU is worth
11.6 AUD, and so on. Let’s say your day profit is 40 ECU. If the game ends on day 1, your
payment for this game would be 60 AUD. However, if the game ends on day 6, your payment
would be 16.8 AUD. Each new game will start again from day 1.

Please complete Question 3 on your screen.

Table 2: Exchange rate - The amount of AUD received for 10 ECU

At the end of the experiment a random game will be selected. You will be paid only for profit
(in AUD) you earn on the last day before this game ended.

Please complete Question 4 on your screen.

Closing

After the last game of the experiment a questionnaire will appear on your screen for you to fill
out before you can receive your payment. Please remain seated and silent.

Please fill out and sign your receipt form. The experimenter will then provide instructions for
you to receive your payment.
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General information

Welcome to the experiment. Please read these instructions carefully. If you have a question
please raise your hand. Please switch off your mobile phone and do not communicate with
other participants.

During this experiment you can earn Experimental Currency Units (ECU) which will be
exchanged into Australian dollars. You will receive payment at the end of the experiment,
privately, in cash. The exchange rate will be given later in the instructions.

As you read through these instructions you will be prompted to answer questions displayed on
your screen. These questions are designed to help you understand the game. If your answer is
incorrect you may try again. If you are unsure at any time, please raise your hand. By
answering these questions you will earn 10 AUD in addition to the profit you earn in the game.

There will be a practice game (competing with a computer) before the experiment begins.

Your task

In today’s session all participants are sellers of a fictitious product. Your objective is to set and
adjust your price such that you make as much profit as possible. In each game you will
compete with two other sellers, who also set prices. A game consists of multiple days (which
last for 60 seconds each).

Before the first day begins you will be asked to set your price. Your profit for the day depends
on the price charged by you and your competitors during the day.

At the end of each day you will see your final profit. It is randomly determined if a new day
starts, or if the game ends.

How to play

When a new game starts you will see a screen asking you to select your starting price. Possible
prices are whole numbers between 1 and 7.

When the day begins you will observe your price and profit, as well as that of the other two
sellers you are competing with.

Please complete Question 1 on your screen.
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A screenshot of the day screen is shown in Figure 1. At the top of the screen there is
information about the time remaining in the current day (countdown from 60 seconds to 0
seconds).

The top left-hand side of the screen shows a table with the current period’s prices and profits
for you and your competitors. On the right-hand side of the screen are two graphs showing the
day’s profit (top) and price (bottom) levels.

Figure 1: Screenshot of day screen
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At the end of the day you will see an overnight screen, as shown in Figure 2. The screen
summarises the price and profit for you and the other sellers you are competing with. You also
have the option to change your starting price for the following day, which will take effect once
the new day begins. If you don’t change your price, the last price selected will be your starting
price tomorrow.

Number of days in each game

The number of days in each game is randomly determined and unknown until the game has
ended. As seen in Figure 2, the spinning of a computerised wheel determines if the game
continues. After each day there is a 20% probability the game will end. This means there is an
80% probability that the game will continue to the next day.

If the game continues, you will compete with the same participants.

If the game ends, and there is enough time for another game, you will be rematched with two
other participants and a new game begins. In case that there is not enough time in the session
for another game, the experiment ends.

Figure 2: Screenshot of overnight screen
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Profit

Below we explain how profit is determined.

Day profit - the profit table

How much you are able to sell depends on your price, and the average price of your competitors
(Seller 2 and Seller 3). Profit, for each combination of prices, is shown in the attached Profit
Table.

Example of how to look up profit

Let’s look at an example of how to use the Profit Table. The table is replicated below in Table
1. Your price is 3. Seller 2’s price is 4. Seller 3’s price is 6:

You -

• the average of your competitors prices is (4+6)/2 = 5. If you set your price to 3, and the
average of the other firms’ price is 5, your profit for the period is 52 ECU. This is
coloured blue in Table 1.

Seller 2 -

• the average price of you and Seller 3 is (3+6)/2=4.5. If Seller 2’s price is 4 and the
average price is 4.5, Seller 2’s profit is 45 ECU. This is coloured red in Table 1.

Seller 3 -

• the average of your price and Seller 2’s price is (3+4)/2=3.5. If Seller 3’s price is 6 and
the average price of others is 3.5, Seller 3’s profit is 13 ECU. This is coloured green in
Table 1.

Now complete Question 2 on your screen.

Table 1: Profit table example (ECU)
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How does changing your price impact your profit?

Increasing your price impacts your profit in two ways. A higher price means you receive more
money per unit sold, positively impacting your profit. However, there is also a negative effect,
as a higher price means you will sell a lower quantity. Therefore, raising your price may
increase or decrease your profit:

• Increasing a low price will increase your profit - For example, if your price is 1 and the
average price of your competitors is 5, your profit is 47 ECU. If you were to raise your
price to 3, your profit increases to 52 ECU.

• Increasing a high price will decrease your profit - For example, if your price is 6 and the
average price of your competitors is 5, your profit is 31 ECU. If you were to raise your
price to 7, your profit decreases to 16 ECU.

This is true for any given average price set by your competitors. The same logic can be applied
to the impact of decreasing your price. Reducing a low price will decrease your profit, but
reducing a high price will increase your profit.

You can see how changing your price (given the average price of your competitors) impacts
your profit by looking down each column in the Profit Table.

How do your competitor’s prices impact your profit?

If your competitors increase their prices (and yours is held constant), then you sell more and
your profit increases. If your competitors decrease their prices, you sell less and your profit
decreases.

For example, if you set your price to 5 and your competitors average price is also 5, your profit
is 42 ECU. If the average of your competitors price decreases to 4.5, your profit is 37 ECU. If
their average price increases to 5.5, your profit is 48.

You can see how changes in your competitors average price impacts your profit (for your given
price) by looking across each row in the Profit Table.
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Exchange rate & final payment

The value of profit will decrease by approximately 9% with every new day. The starting
exchange rate is 1 ECU = 0.75 AUD. The exchange rate can be found in Table 2 for the first 10
days (also displayed on the day screen).

For example, on the first day 10 ECU is worth 7.5 AUD. On the second day, 10 ECU is worth
6.8 AUD, and so on. Let’s say your day profit is 40 ECU. If the game ends on day 1, your
payment for this game would be 30 AUD. However, if the game ends on day 6, your payment
would be 18.6 AUD. Each new game will start again from day 1.

Please complete Question 3 on your screen.

Table 2: Exchange rate - The amount of AUD received for 10 ECU

At the end of the experiment a random game will be selected. You will be paid only for profit
(in AUD) you earn on the last day before this game ended.

Please complete Question 4 on your screen.

Closing

After the last game of the experiment a questionnaire will appear on your screen for you to fill
out before you can receive your payment. Please remain seated and silent.

Please fill out and sign your receipt form. The experimenter will then provide instructions for
you to receive your payment.
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General information

Welcome to the experiment. Please read these instructions carefully. If you have a question
please raise your hand. Please switch off your mobile phone and do not communicate with
other participants.

During this experiment you can earn Experimental Currency Units (ECU) which will be
exchanged into Australian dollars. You will receive payment at the end of the experiment,
privately, in cash. The exchange rate will be given later in the instructions.

As you read through these instructions you will be prompted to answer questions displayed on
your screen. These questions are designed to help you understand the game. If your answer is
incorrect you may try again. If you are unsure at any time, please raise your hand. By
answering these questions you will earn 10 AUD in addition to the profit you earn in the game.

There will be a practice game (competing with a computer) before the experiment begins.

Your task

In today’s session all participants are sellers of a fictitious product. Your objective is to set and
adjust your price such that you make as much profit as possible. In each game you will
compete with two other sellers, who also set prices. A game consists of multiple days (which
last for 60 seconds each).

Before the first day begins you will be asked to set your price. Your profit for the day depends
on the price charged by you and your competitors during the day.

At the end of each day you will see your final profit. It is randomly determined if a new day
starts, or if the game ends.

How to play

When a new game starts you will see a screen asking you to select your starting price. Possible
prices are whole numbers between 1 and 7.

When the day begins you will observe your price and profit, as well as that of the other two
sellers you are competing with.

Please complete Question 1 on your screen.
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A screenshot of the day screen is shown in Figure 1. At the top of the screen there is
information about the time remaining in the current day (countdown from 60 seconds to 0
seconds).

The top left-hand side of the screen shows a table with the current period’s prices and profits
for you and your competitors. On the right-hand side of the screen are two graphs showing the
day’s profit (top) and price (bottom) levels.

Figure 1: Screenshot of day screen
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At the end of the day you will see an overnight screen, as shown in Figure 2. The screen
summarises the price and profit for you and the other sellers you are competing with. You also
have the option to change your starting price for the following day, which will take effect once
the new day begins. If you don’t change your price, the last price selected will be your starting
price tomorrow.

Number of days in each game

The number of days in each game is randomly determined and unknown until the game has
ended. As seen in Figure 2, the spinning of a computerised wheel determines if the game
continues. After each day there is a 20% probability the game will end. This means there is an
80% probability that the game will continue to the next day.

If the game continues, you will compete with the same participants.

If the game ends, and there is enough time for another game, you will be rematched with two
other participants and a new game begins. In case that there is not enough time in the session
for another game, the experiment ends.

Figure 2: Screenshot of overnight screen
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Profit

Below we explain how profit is determined.

Day profit - the profit table

How much you are able to sell depends on your price, and the average price of your competitors
(Seller 2 and Seller 3). Profit, for each combination of prices, is shown in the attached Profit
Table.

Example of how to look up profit

Let’s look at an example of how to use the Profit Table. The table is replicated below in Table
1. Your price is 3. Seller 2’s price is 4. Seller 3’s price is 6:

You -

• the average of your competitors prices is (4+6)/2 = 5. If you set your price to 3, and the
average of the other firms’ price is 5, your profit for the period is 52 ECU. This is
coloured blue in Table 1.

Seller 2 -

• the average price of you and Seller 3 is (3+6)/2=4.5. If Seller 2’s price is 4 and the
average price is 4.5, Seller 2’s profit is 45 ECU. This is coloured red in Table 1.

Seller 3 -

• the average of your price and Seller 2’s price is (3+4)/2=3.5. If Seller 3’s price is 6 and
the average price of others is 3.5, Seller 3’s profit is 13 ECU. This is coloured green in
Table 1.

Now complete Question 2 on your screen.

Table 1: Profit table example (ECU)
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How does changing your price impact your profit?

Increasing your price impacts your profit in two ways. A higher price means you receive more
money per unit sold, positively impacting your profit. However, there is also a negative effect,
as a higher price means you will sell a lower quantity. Therefore, raising your price may
increase or decrease your profit:

• Increasing a low price will increase your profit - For example, if your price is 1 and the
average price of your competitors is 5, your profit is 47 ECU. If you were to raise your
price to 3, your profit increases to 52 ECU.

• Increasing a high price will decrease your profit - For example, if your price is 6 and the
average price of your competitors is 5, your profit is 31 ECU. If you were to raise your
price to 7, your profit decreases to 16 ECU.

This is true for any given average price set by your competitors. The same logic can be applied
to the impact of decreasing your price. Reducing a low price will decrease your profit, but
reducing a high price will increase your profit.

You can see how changing your price (given the average price of your competitors) impacts
your profit by looking down each column in the Profit Table.

How do your competitor’s prices impact your profit?

If your competitors increase their prices (and yours is held constant), then you sell more and
your profit increases. If your competitors decrease their prices, you sell less and your profit
decreases.

For example, if you set your price to 5 and your competitors average price is also 5, your profit
is 42 ECU. If the average of your competitors price decreases to 4.5, your profit is 37 ECU. If
their average price increases to 5.5, your profit is 48.

You can see how changes in your competitors average price impacts your profit (for your given
price) by looking across each row in the Profit Table.
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Exchange rate & final payment

The value of profit will decrease by approximately 22% with every new day. The starting
exchange rate is 1 ECU = 1.5 AUD. The exchange rate can be found in Table 2 for the first 10
days (also displayed on the day screen).

For example, on the first day 10 ECU is worth 15 AUD. On the second day, 10 ECU is worth
11.6 AUD, and so on. Let’s say your day profit is 40 ECU. If the game ends on day 1, your
payment for this game would be 60 AUD. However, if the game ends on day 6, your payment
would be 16.8 AUD. Each new game will start again from day 1.

Please complete Question 3 on your screen.

Table 2: Exchange rate - The amount of AUD received for 10 ECU

At the end of the experiment a random game will be selected. You will be paid only for profit
(in AUD) you earn on the last day before this game ended.

Please complete Question 4 on your screen.

Closing

After the last game of the experiment a questionnaire will appear on your screen for you to fill
out before you can receive your payment. Please remain seated and silent.

Please fill out and sign your receipt form. The experimenter will then provide instructions for
you to receive your payment.
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General information

Welcome to the experiment. Please switch off your mobile phone and do not communicate with
other participants. Raise your hand if you have a question, an experimenter will assist you.

During this experiment you can earn Experimental Currency Units (ECU) which will be
exchanged into Australian dollars. You will receive payment at the end of the experiment,
privately, in cash.

The exchange rate is 130 ECU = 1 AUD.

There will be review questions and a practice round (playing with a computer) to help you
understand the game before the experiment begins.

Your task

In today’s session all participants are sellers of a fictitious product. Your objective is to set and
adjust your price to make as much profit as possible. You will be paired with another
participant (Seller 2), who also sets prices. The two of you are the only sellers in the market.
The product you sell is similar to the one sold by Seller 2, and so the amount you are able to
sell depends on your price, as well as Seller 2’s. This will be explained in more detail later in
the instructions.

You will be partnered with the same Seller for the entire experiment, which will run for 60
minutes.

Throughout the experiment there are two different types of intervals: Day and Night. This will
impact the profit you can earn at a given price - you can think of this as there being more
buyers in the market during the Day, but fewer around at Night.

The experiment will start during the Day, and after 20 seconds will switch to Night. Then, 20
seconds later, it will switch back to Day time. This cycle of Day and Night will continue for the
entire 60 minutes of the experiment. Each cycle (1 Day + 1 Night) your total profit is
calculated as the average profit over that 40 second interval.

You are able to change your price at any time. Your price change will be implemented
immediately.

The next section will explain how to play and the screen you will see. We will then explain how
profit is calculated. Finally, we explain how your final payment for today’s session will be
determined.
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How to play

At the start of the experiment you will be asked to choose your starting price. Figure 1 shows
the screen you will see once the experiment begins.

At the top right of the screen there is a table that shows current prices and profits.

In the middle there is a graph that plots the prices of you and Seller 2. Your price line is
thicker, while Seller 2’s is represented using a thin blue line.

To help you keep track of your current profit, the colour of your entire price line will change
between black to light green. The darker the line, the lower your profit. The brighter green the
line is, the higher your profit. Seller 2’s line does not change colour on your graph. You can see
their current profit in the table above the price graph.

The shaded blocks on the graph represent Night time, while the un-shaded areas represent Day
time. You can use this to keep track of when Day/Night is approaching.

On the right of the screen there are buttons to change your price. Possible prices are between 1
and 20. You can change your price at any time, which will take effect immediately. Seller 2 can
also change their price at any time. When this happens, the prices and profits in the table and
graph will update immediately.

At the top left of the screen is a timer counting down from 60 minutes. Below that you can see
your total profit for the previous cycle, the average of your profit for that 40 second interval.

Figure 1: Screenshot of the user interface
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Profit

In this section we explain how to calculate profit, and how it is impacted by Day/Night and
relative prices. Please note the two profit tables attached.

During the experiment, your profit will depend on your price, and the price set by Seller 2. Your
total profit each cycle is the average profit during each 40 second interval. Profit Table 1 shows
profits during the Day, while Profit Table 2 shows profits during the Night. You can think of
this as there being fewer buyers around at Night, while there are more buyers during the Day.

How to use the profit table

You can use each profit table to determine your profit, depending on your price, and the price
set by Seller 2. The column on the left is your price. As you look across each row, you can see
how your profit changes with the price selected by Seller 2.

For example, if your price is 13 and Seller 2’s price is 16 your profit is 1,114 ECU during the
Day, and 332 ECU at Night.

You can also use the same process to figure out what Seller 2’s profit would be, as you both are
using the same table. Instead, now use the ‘Your price’ column to represent Seller 2.

If Seller 2’s price is 16, and your price is 13, then Seller 2’s profit is 210 ECU during the Day,
and 17 at Night.

If your prices are the same, your profits are also the same.

For example, if you and Seller 2 both set your prices to 17, during the Day each of you has a
profit of 789 ECU, while at Night your profits would both be 8 ECU.

Understanding prices and profit

You and Seller 2 make similar products. This means that buyers are more likely to purchase
from the seller with the lower price. Your profit depends on the amount you can sell (your
price, relative to Seller 2), and how much you earn from selling each unit (your price):

• If you set a low price, you will sell more units, but your profit won’t be high as you
receive a low price per unit sold.

• As you start increasing your price, you may sell fewer units, but overall you earn more
profit due to the higher price per unit.

• However, after a certain point the higher price is outweighed by a decrease in units sold -
so your profit will decrease.

• To see this, look down the profit tables to see how your profit changes as you increase
price from 1 to 20, for any given price set by Seller 2.

Although more buyers will purchase from the seller with the lower price, if you both set your
prices higher you may both earn higher profit levels:

• For example, if you both set a lower price (i.e. 3), you both make 149 ECU. If your both
increase your price to 10, you each have a profit of 499 ECU during the Day, and 472
ECU at Night.
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• You can see how Seller 2’s price impacts your profit by looking across the profit tables
from left to right, for any price you choose. Your profit increases if Seller 2’s price
increases. This works the same for Seller 2 - if your price increases, Seller 2’s profit
increases.

Therefore, when choosing your price to earn as much profit as possible, consider your price
relative to that of Seller 2, and the profit that each of you earn at those prices.

Payment

After the final day, a computer will randomly select 10 intervals of 40 seconds from the
experiment. Each interval is equally likely to be chosen. You will only be paid for the average
profit you made during these 10 intervals. The selected intervals and profits in ECU will be
shown on your screen once the experiment ends.
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General information

Welcome to the experiment. Please switch off your mobile phone and do not communicate with
other participants. Raise your hand if you have a question, an experimenter will assist you.

During this experiment you can earn Experimental Currency Units (ECU) which will be
exchanged into Australian dollars. You will receive payment at the end of the experiment,
privately, in cash.

The exchange rate is 130 ECU = 1 AUD.

There will be review questions and a practice round (playing with a computer) to help you
understand the game before the experiment begins.

Your task

In today’s session all participants are sellers of a fictitious product. Your objective is to set and
adjust your price to make as much profit as possible. You will be paired with another
participant (Seller 2), who also sets prices. The two of you are the only sellers in the market.
The product you sell is similar to the one sold by Seller 2, and so the amount you are able to
sell depends on your price, as well as Seller 2’s. This will be explained in more detail later in
the instructions.

You will be partnered with the same Seller for the entire experiment, which will run for 60
minutes.

Throughout the experiment there are two different types of intervals: Day and Night. This will
impact the profit you can earn at a given price - you can think of this as there being more
buyers in the market during the Day, but fewer around at Night.

The experiment will start during the Day, and after 20 seconds will switch to Night. Then, 20
seconds later, it will switch back to Day time. This cycle of Day and Night will continue for the
entire 60 minutes of the experiment. Each cycle (1 Day + 1 Night) your total profit is
calculated as the average profit over that 40 second interval.

You are able to change your price at any time - but your price will only take effect at the start
of the next Day or Night.

The next section will explain how to play and the screen you will see. We will then explain how
profit is calculated. Finally, we explain how your final payment for today’s session will be
determined.
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How to play

At the start of the experiment you will be asked to choose your starting price. Figure 1 shows
the screen you will see once the experiment begins.

At the top right of the screen there is a table that shows current prices and profits.

In the middle there is a graph that plots the prices of you and Seller 2. Your price line is
thicker, while Seller 2’s is represented using a thin blue line.

To help you keep track of your current profit, the colour of your entire price line will change
between black to light green. The darker the line, the lower your profit. The brighter green the
line is, the higher your profit. Seller 2’s line does not change colour on your graph. You can see
their current profit in the table above the price graph.

The shaded blocks on the graph represent Night time, while the un-shaded areas represent Day
time. You can use this to keep track of when Day/Night is approaching.

On the right of the screen there are buttons to change your price. Possible prices are between 1
and 20. You can change your price at any time, however it won’t take effect until the next Day
or Night. For example, if you change your price during the Day, this new price will only take
effect once Night starts. You can see your selected price below the table on the right. This is
also the same for Seller 2. When there is a switch from Day to Night (or Night to Day), the
prices and profits in the table and graph will update automatically.

At the top left of the screen is a timer counting down from 60 minutes. Below that you can see
your total profit for the previous cycle, the average of your profit for that 40 second interval.

Figure 1: Screenshot of the user interface
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Profit

In this section we explain how to calculate profit, and how it is impacted by Day/Night and
relative prices. Please note the two profit tables attached.

During the experiment, your profit will depend on your price, and the price set by Seller 2. Your
total profit each cycle is the average profit during each 40 second interval. Profit Table 1 shows
profits during the Day, while Profit Table 2 shows profits during the Night. You can think of
this as there being fewer buyers around at Night, while there are more buyers during the Day.

How to use the profit table

You can use each profit table to determine your profit, depending on your price, and the price
set by Seller 2. The column on the left is your price. As you look across each row, you can see
how your profit changes with the price selected by Seller 2.

For example, if your price is 13 and Seller 2’s price is 16 your profit is 1,114 ECU during the
Day, and 332 ECU at Night.

You can also use the same process to figure out what Seller 2’s profit would be, as you both are
using the same table. Instead, now use the ‘Your price’ column to represent Seller 2.

If Seller 2’s price is 16, and your price is 13, then Seller 2’s profit is 210 ECU during the Day,
and 17 at Night.

If your prices are the same, your profits are also the same.

For example, if you and Seller 2 both set your prices to 17, during the Day each of you has a
profit of 789 ECU, while at Night your profits would both be 8 ECU.

Understanding prices and profit

You and Seller 2 make similar products. This means that buyers are more likely to purchase
from the seller with the lower price. Your profit depends on the amount you can sell (your
price, relative to Seller 2), and how much you earn from selling each unit (your price):

• If you set a low price, you will sell more units, but your profit won’t be high as you
receive a low price per unit sold.

• As you start increasing your price, you may sell fewer units, but overall you earn more
profit due to the higher price per unit.

• However, after a certain point the higher price is outweighed by a decrease in units sold -
so your profit will decrease.

• To see this, look down the profit tables to see how your profit changes as you increase
price from 1 to 20, for any given price set by Seller 2.

Although more buyers will purchase from the seller with the lower price, if you both set your
prices higher you may both earn higher profit levels:

• For example, if you both set a lower price (i.e. 3), you both make 149 ECU. If your both
increase your price to 10, you each have a profit of 499 ECU during the Day, and 472
ECU at Night.
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• You can see how Seller 2’s price impacts your profit by looking across the profit tables
from left to right, for any price you choose. Your profit increases if Seller 2’s price
increases. This works the same for Seller 2 - if your price increases, Seller 2’s profit
increases.

Therefore, when choosing your price to earn as much profit as possible, consider your price
relative to that of Seller 2, and the profit that each of you earn at those prices.

Payment

After the final day, a computer will randomly select 10 intervals of 40 seconds from the
experiment. Each interval is equally likely to be chosen. You will only be paid for the average
profit you made during these 10 intervals. The selected intervals and profits in ECU will be
shown on your screen once the experiment ends.
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A.4 Chapters 3 and 4 - Control questions



General information

Welcome to the experiment. Please switch off your mobile phone and do not communicate with
other participants. Raise your hand if you have a question, an experimenter will assist you.

During this experiment you can earn Experimental Currency Units (ECU) which will be
exchanged into Australian dollars. You will receive payment at the end of the experiment,
privately, in cash.

The exchange rate is 130 ECU = 1 AUD.

There will be review questions and a practice round (playing with a computer) to help you
understand the game before the experiment begins.

Your task

In today’s session all participants are sellers of a fictitious product. Your objective is to set and
adjust your price to make as much profit as possible. You will be paired with another
participant (Seller 2), who also sets prices. The two of you are the only sellers in the market.
The product you sell is similar to the one sold by Seller 2, and so the amount you are able to
sell depends on your price, as well as Seller 2’s. This will be explained in more detail later in
the instructions.

You will be partnered with the same Seller for the entire experiment, which will run for 60
minutes.

Throughout the experiment there are two different types of intervals: Day and Night. This will
impact the profit you can earn at a given price - you can think of this as there being more
buyers in the market during the Day, but fewer around at Night.

The experiment will start during the Day, and after 20 seconds will switch to Night. Then, 20
seconds later, it will switch back to Day time. This cycle of Day and Night will continue for the
entire 60 minutes of the experiment. Each cycle (1 Day + 1 Night) your total profit is
calculated as the average profit over that 40 second interval.

You are able to change your price at any time - but prices only take effect every 2.5 seconds.
This equates to 8 price changes per Day, and 8 per Night. Thus, you have the option to change
your price 16 times per cycle.

The next section will explain how to play and the screen you will see. We will then explain how
profit is calculated. Finally, we explain how your final payment for today’s session will be
determined.

1
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How to play

At the start of the experiment you will be asked to choose your starting price. Figure 1 shows
the screen you will see once the experiment begins.

At the top right of the screen there is a table that shows current prices and profits.

In the middle there is a graph that plots the prices of you and Seller 2. Your price line is
thicker, while Seller 2’s is represented using a thin blue line.

To help you keep track of your current profit, the colour of your entire price line will change
between black to light green. The darker the line, the lower your profit. The brighter green the
line is, the higher your profit. Seller 2’s line does not change colour on your graph. You can see
their current profit in the table above the price graph.

The shaded blocks on the graph represent Night time, while the un-shaded areas represent Day
time. You can use this to keep track of when Day/Night is approaching.

On the right of the screen there are buttons to change your price. Possible prices are between 1
and 20. You can change your price at any time, however it will only take effect once the next
2.5 second block begins. You can see your selected price below the table on the right. This is
also the same for Seller 2. When there is a switch from Day to Night (or Night to Day), the
prices and profits in the table and graph will also update automatically.

At the top left of the screen is a timer counting down from 60 minutes. Below that you can see
your total profit for the previous cycle, the average of your profit for that 40 second interval.

Figure 1: Screenshot of the user interface
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Profit

In this section we explain how to calculate profit, and how it is impacted by Day/Night and
relative prices. Please note the two profit tables attached.

During the experiment, your profit will depend on your price, and the price set by Seller 2. Your
total profit each cycle is the average profit during each 40 second interval. Profit Table 1 shows
profits during the Day, while Profit Table 2 shows profits during the Night. You can think of
this as there being fewer buyers around at Night, while there are more buyers during the Day.

How to use the profit table

You can use each profit table to determine your profit, depending on your price, and the price
set by Seller 2. The column on the left is your price. As you look across each row, you can see
how your profit changes with the price selected by Seller 2.

For example, if your price is 13 and Seller 2’s price is 16 your profit is 1,114 ECU during the
Day, and 332 ECU at Night.

You can also use the same process to figure out what Seller 2’s profit would be, as you both are
using the same table. Instead, now use the ‘Your price’ column to represent Seller 2.

If Seller 2’s price is 16, and your price is 13, then Seller 2’s profit is 210 ECU during the Day,
and 17 at Night.

If your prices are the same, your profits are also the same.

For example, if you and Seller 2 both set your prices to 17, during the Day each of you has a
profit of 789 ECU, while at Night your profits would both be 8 ECU.

Understanding prices and profit

You and Seller 2 make similar products. This means that buyers are more likely to purchase
from the seller with the lower price. Your profit depends on the amount you can sell (your
price, relative to Seller 2), and how much you earn from selling each unit (your price):

� If you set a low price, you will sell more units, but your profit won’t be high as you
receive a low price per unit sold.

� As you start increasing your price, you may sell fewer units, but overall you earn more
profit due to the higher price per unit.

� However, after a certain point the higher price is outweighed by a decrease in units sold -
so your profit will decrease.

� To see this, look down the profit tables to see how your profit changes as you increase
price from 1 to 20, for any given price set by Seller 2.

Although more buyers will purchase from the seller with the lower price, if you both set your
prices higher you may both earn higher profit levels:

� For example, if you both set a lower price (i.e. 3), you both make 149 ECU. If your both
increase your price to 10, you each have a profit of 499 ECU during the Day, and 472
ECU at Night.

3



� You can see how Seller 2’s price impacts your profit by looking across the profit tables
from left to right, for any price you choose. Your profit increases if Seller 2’s price
increases. This works the same for Seller 2 - if your price increases, Seller 2’s profit
increases.

Therefore, when choosing your price to earn as much profit as possible, consider your price
relative to that of Seller 2, and the profit that each of you earn at those prices.

Payment

After the final day, a computer will randomly select 10 intervals of 40 seconds from the
experiment. Each interval is equally likely to be chosen. You will only be paid for the average
profit you made during these 10 intervals. The selected intervals and profits in ECU will be
shown on your screen once the experiment ends.
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