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1. Introduction

This thesis reports the results of three experimental studies, each dealing with

a recent challenge encountered in the regulation of Europe’s network indus-

tries. Section 1.1 of this chapter specifies the terms “network industries” and

“regulation”. Section 1.2 introduces the methodology of economic laboratory

experiments and elaborates on the advantages of applying this methodology to

regulatory problems. Finally, Section 1.3 provides and overview of the three

studies to be reported in this thesis and outlines their individual contributions.

1.1. Network Industries and Their Regulation

The electricity-, natural gas- and telecommunication industries provide prod-

ucts and services of highest economic importance. As “network industries”,

they all rely on a specialized network infrastructure to deliver those products

and services. It is this reliance which gives rise to a most fascinating nodus:

Network infrastructure can be characterized by strong economies of scale and

in some cases even by subadditivity1 of costs. Efficient market outcomes can

consequently only be realized if few firms - or in case of subadditivity exactly

one firm - provide the network infrastructure. Yet the resulting oligopolistic

or monopolistic market structure makes network industries prone to the abuse

1If the costs for the provision of network infrastructure are sub-additive, its provision by a
single firm is required for cost minimization (and by duality welfare maximization). Such
a situation is known as “natural monopoly”. Baumol (1977) shows that economies of scale
are neither necessary nor sufficient for subadditivity of costs.

1



2 1.1. Network Industries and Their Regulation

of market power. If exercised, market power would reduce consumer surplus

- and under rather general conditions2 total welfare - below efficient levels.

Regulation is implemented with the goal to mitigate these negative con-

sequences; more specifically, regulation represents a set of rules which gov-

erns or restricts the behavior of market participants with the express purpose

of maximizing a convex combination of consumer surplus and total welfare.

While economists and policy makers aim to devise regulation that successfully

lives up to this premise, there can be no doubt that this is a truly formidable

task; there is no guarantee of success, and failures - costly ones - did occur.

The Californian Electricity Crisis of 2000 and 2001 was the direct conse-

quence of such a failure; revised regulation allowed market participants to act

strategically, resulting in extreme electricity prices and even rolling blackouts.

S. David Freeman, who was appointed chair of the California Power Author-

ity amidst the crisis, commented as follows on the regulatory decisions made

in the run-up to the crisis:

“[...] If Murphy’s Law were written for a market approach to elec-

tricity, then the law would state ’any system that can be gamed,

will be gamed, and at the worst possible time.’ And a market ap-

proach for electricity is inherently gameable. Never again can we

allow private interests to create artificial or even real shortages

and to be in control.”3

The Californian Electricity Crisis is a striking example which outlines the

need to thoroughly assess and verify the properties of regulation PRIOR to

its implementation. However, while the Californian Energy Crisis is a prime

2A combination of elastic demand and firms which are unable to perfectly price-discriminate
would represent such conditions.

3Testimony submitted before the Subcommittee on Consumer Affairs, Foreign Commerce
and Tourism of the Senate Committee on Commerce, Science and Transportation on May
15, 2002.
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example of how mis-specified incentives schemes can severely harm short-

term effieciency, ensuring long-term inefficiency is of equally high impor-

tance: Consider, for example, the multi-billion Euro investments into Euro-

pean grid-infrastructure which will be necessary over the next decade in order

to ensure system-stability in the face of increasing infeed of energy from re-

newables. Insufficient or inadequetely-specified investment incentives could

lead to sub-optimal investment patterns and consequently result in significant

welfare losses.

The next section argues that laboratory experiments represent a powerful

instrument by which market-mechanisms can be evaluated prior to their im-

plementation.

1.2. Economic Laboratory Experiments

In economic laboratory experiments, participants (“subjects”) make decisions

within a controlled setting (“environment”) and subject to rules (“institu-

tions”) defined by the experimenter.4 A particular combination of environ-

mental and institutional characteristics is designated as “treatment”; the ex-

perimenter exercises full control over any differences between treatments, and

changes in subjects’ behavior between treatments can thus be causally linked

to these differences. Data for each treatment is generated by multiple groups

of subjects during “sessions”.5 Subjects receive a performance-dependent

payment; this ensures that subjects face incentives to discover and follow

strategies which they deem optimal to maximize their payment.

The ability to discover and observe those strategies turns experiments into

a most valuable complement6 to both theoretical predictions and simulations.

4See Smith (1982).
5For all three studies reported in this thesis, subjects were exposed to exactly one treatment

per session. Subjects were furthermore restricted to attend a single session per study.
6Which is arguably best illustrated in the study presented in Chapter 4.



4 1.2. Economic Laboratory Experiments

While experiments can be used to verify theoretical predictions, they can also

provide insights into market participants’ behavior in regulatory environments

which might be too complex to be tracked theoretically. And while simula-

tions can help in those instances, simulated agents lack the human subjects’

ability to come up with strategies that have not been considered by the re-

searcher or policy maker beforehand. The latter point is probably the sin-

gle greatest benefit of conducting experiments on regulatory issues: The re-

searcher can test regulatory schemes prior their implementation for any weak-

nesses which, if the scheme was implemented, would reduce total welfare.

And as the researcher exercises full control over the experimental environ-

ment, one can asses the performance of a regulatory scheme not only against

theoretical benchmarks, but also against other regulatory options under con-

sideration; the identification of the most efficient regulatory scheme for a given

environment is possible.

There exists a substantial literature of “market experiments” which deals

with regulatory issues in network industries. I will present one of them at this

point7 in order to illustrate the capability of experimental studies to provide

valuable policy advice. Rassenti, Smith and Wilson (2003b) consider a radial8

electricity network in which subjects taking on the role as generators face fluc-

tuating demand from automated electricity retailers. Using this environment,

the authors compare the performance of two allocation- and pricing-schemes

7The individual literature reviews of the following three chapters will provide a much more
in-depth treatment. In addition, Kiesling (2005) provides a thorough survey on market
experiments with an electricity sector background.

8In a radial network, electricity can only take a single path from one network node to another
one. This implies that “loop flows”, that is electricity flowing from one node to another one
over several transmission lines according to Kirchoff’s law, need not be considered. While
this is clearly a simplification from the real environment encountered in most electricity
markets, it greatly simplifies the analysis of the results and aids the internal validity of
the design. These compromises are inherent in any experimental study and choosing the
“essential features” to be included in the experimental environment is one of the most
challenging aspects encountered during the design of an experiment.
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for electricity: uniform price auctions and discriminatory price auctions. In

a uniform price auction, the highest accepted bid submitted by all generators

sets the uniform market price. A bid is accepted if it is below or equal to the

uniform market price, and a generator receives the market price for each of its

accepted bids. The authors report that some policy makers considered uniform

price auctions as being disadvantageous for consumers. Their reasoning: As

generators receive the (high) market price for electricity that they were evi-

dently willing to offer at a lower price - as indicated by their bids - consumers

would benefit if generators received exactly their bid instead of the market

price. Consequently, discriminatory price auctions were put forward as an al-

ternative to uniform price auctions. Rassenti, Smith and Wilson (2003b) find

that while discriminatory price auctions reduce price volatility, they do so at

the expense of significantly higher electricity prices and - as demand is elastic

the considered environment - also at the expense of total welfare. The exper-

iment thus showed that the policy maker’s premise that generators would not

adjust their bidding behavior under the new market rules was flawed; genera-

tors did adjust their bidding behavior and posted higher bids compared to the

uniform price auctions.

Rassenti, Smith and Wilson (2003b) thus provide a prime-example how

experiments which were designed to provide policy advice on the regulation of

network industries can enrich the literature on market experiments; the studies

presented in this thesis are intended to contribute to the literature through the

same approach.

1.3. The Studies and Their Contributions

The following three chapters present self-contained experimental studies. These

studies expand the literature on market experiments by considering recent

challenges encountered in the regulation of network industries in the European
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Union. Each chapter includes both an introduction to the respective regulatory

challenge and a comprehensive review of the relevant literature.

The first study9 - presented in Chapter 2 - deals with the challenge of pro-

viding a regulated monopolist with incentives to expand network infrastruc-

ture optimally. There is some evidence10 - theoretical and empirical - that the

price cap regulation might lead to sub-optimal investments into infrastructure.

The study compares price cap regulation with two alternative schemes - reg-

ulatory holidays and Long Term Financial Transmission Rights (LTFTR) - in

this regard. To the best of my knowledge, the performance of these schemes

has not yet been compared using economic laboratory experiments. The study

also contributes to the literature by devising an experimental environment

which captures many essential features of the European energy industry; it

has been designed after extensive consultations with regulators and industry

stakeholders. Nevertheless, the environment is still sufficiently generic to ex-

tend conclusions on the considered regulatory schemes beyond the European

Union’s energy sector. The study finds that in the considered environment,

neither regulatory holidays nor LTFTR improve on the performance of price

cap regulation, if for different reasons: While regulatory holidays lead to sub-

optimal network expansion due to the grid owner excercising its temporary

monopoly power on (residual) demand, a session specific analysis of the treat-

ment implementing LTFTR highlighted the scheme’s dependency on the net-

work operators ability to correctly interpret price signals from the forward

market: If she takes high or increasing forward prices as a willingness to pay

for an increase in capacity, she may indeed invest more in response. If, on

the other hand, the forward market is viewed as being driven by speculative

9The chapter is based on Henze, Noussair and Willems (2012) and Henze, Noussair and
Willems (2013). Funding by Dutch Energy Regulator NMa and CentER is gratefully ack-
knowledged.

10Please refer to Sections 2.2.1 and 3.1 in Chapters 2 and 3 respectively for an extensive
coverage of this topic.
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demand unconnected to the underlying commodity, the network operator may

not respond to the price signals it generates. Provided the operator fails to cor-

rect for strategic underrevelation of demand in the forward market, she may

believe that demand is likely to decline in the future and withhold investment

in response. The study thus again highlights the importance to check proposed

market mechanisms for features which might result in efficiency-decreasing

strategic behaviour by market actors prior to the mechanism’s actual imple-

mentation.

The second study of this thesis - presented in Chapter 3 - is also concerned

with incentivizing a monopolist to expand its network infrastructure in an op-

timal manner. To this end, the study assesses a class of regulatory schemes

with highly desirable theoretical properties: Incremental surplus subsidy (ISS)

schemes. ISS schemes are based on two part tariffs; the regulated monopo-

list receives a fixed subsidy payment in addition to variable, consumption-

based payments. IF the subsidy payment equals the change in consumer

surplus generated by the network expansion, the monopolist maximizes its

profit by choosing the socially optimal investment level.11 But is it possi-

ble to sufficiently approximate the the actual change in consumer surplus if

neither the regulator nor the regulated firm possess information on aggregate

demand? The study identifies which combinations of multi-unit auction for-

mats and subsidy-contribution rules induce consumers to reveal their demand

accurately enough for efficient investments to take place under ISS schemes.

The contribution of this study is three-fold: First, the study provides - to the

best of my knowledge - the first experimental assessment of ISS scheme per-

formance. Second, the study contributes to the literature on ISS schemes in

outlining implementation strategies under difficult informational conditions.

11The intuition behind this result is that by transferring the entire increment in consumer sur-
plus to the monopolist, the monopolist’s profit maximization problem effectively turns into
one of welfare maximization.
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Finally, the study contributes to the experimental literature on multi-unit auc-

tions; for the first time, bidding behavior in multi-unit auctions is evaluated in

a two-part tariff setting.

The final study12 of this thesis - presented in Chapter 4 - started out with a

request by the Dutch Ministry of Economic Affairs on obtaining policy advice

for a regulatory challenge then encountered by all member states of the Eu-

ropean Union: The implementation of the Universal Service Directive13 into

national law. The Universal Service Directive’s transparency requirements

mandate member states to take action such that Internet Service Providers

(ISP) disclose information on the quality of their broadband internet access

offerings to consumers. The study considers a duopolistic14 market environ-

ment in which ISPs decide on the quality level and price of their individual

offerings. Consumers have different tastes for quality, and their ability to ob-

serve the quality offered by each of the ISPs varies between treatments. Con-

trary to theoretical predictions, the study finds that if consumers can perfectly

observe quality, ISPs do not maximally differentiate the quality of their prod-

ucts. Instead, they engage in fierce quality and price competition, resulting in

higher levels of consumer surplus and total welfare. The study also considers

cases in which consumers are endowed with intermediate levels of quality in-

formation. In a first setting, a subset of consumers can observe quality levels

12This chapter consists of Henze, Schuett and Sluijs (2015) (including its annexes for the on-
line version of that paper) and represents the most recent evolution of this research project
which, along its way, had also resulted in a report to the Dutch Ministry of Economic Af-
fairs and a companion (“policy”) paper Sluijs, Henze and Schuett (2011). Funding by the
Dutch Ministry for Economic Affairs and CentER is gratefully acknowledged.

13Directive 2009/136/EC of the European Parliament and of the Council of 25 November 2009
amending Directive 2002/22/EC on universal service and users’ rights relating to electronic
communications networks, Directive 2002/58/EC concerning the processing of personal
data and the protection of privacy in the electronic communications sector and Regulation
(EC) No 2006/2004 on consumer protection cooperation.

14The duopolistic market structure mirrors the situation in the Dutch market for broadband
internet access.
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while another subset has no quality information at all at the time of the pur-

chasing decision. In the second setting, all consumers receive an imperfect

quality signal. In both situations, consumer surplus and total welfare are sig-

nificantly higher compared to a situation in which no consumer can observe

quality. The study thus outlines the effectiveness of transparency regulation

and establishes that its benefits are arguably larger than predicted by theory -

a result of potential relevance not only for the the initially considered market

for internet access but for experience goods in general.





2. Regulation of Network
Infrastructure Investments

2.1. Introduction

As outlined in Chapter 1, some types of network infrastructure, such as gas

pipelines and electricity grids, are characterized by natural monopoly, irre-

versible investment in capacity, and a lack of vertical integration between net-

work operator and user. The sub-additive cost structure of these networks

necessitates access regulation to prevent the network operator from exploiting

its market power. In the European Union, the typical approach is to impose

incentive regulation in the form of price or revenue caps.1 Cap regulation cre-

ates an incentive for the network operator to reduce its marginal costs, but it

provides weak incentives to expand capacity, and can decrease the expected

1Within the European Union, regulatory policies vary by country, by industry, and can differ
between transmission and distribution. Furthermore, prices or revenue may be capped.
For new investment in electricity distribution networks, France, Germany, and the UK use
a revenue cap, while Italy employs a mix of price cap and rate of return, and Spain has
a hybrid between revenue cap and rate-of-return regulation (Eurelectric, 2010), For gas
distribution, revenue or price capping is employed in all five countries, having been adopted
in 2009 in Germany and 2011 in France. For both electricity and gas transmission, rate of
return regulation is applied in France, while capping is used in the UK, Germany, France
and Spain. The regulatory system we use in the paper as our Baseline is a price cap on
capital costs. In our environment with constant marginal cost, it is equivalent to rate-of-
return regulation with an ex-post used-and-useful rule.

11
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profitability of additional capacity (Vogelsang, 2010).2

Several regulatory schemes exist with the specific purpose of addressing un-

derinvestment in such industries. Under a Regulatory Holiday (see e.g. Gans

& King 2003), a firm undertaking an investment is exempted from regulation

of the profits from the investment, for a pre-specified period of time. A reg-

ulatory holiday3 has the advantages that it is easy for authorities to commit

to, and carries no cost of enforcement. It increases the expected profit from a

new investment, compensating the network operator for the risk of low future

demand, and thereby can create an incentive to increase capacity.4 However,

the regulatory holiday may also incentivize the network operator to withhold

or delay capacity expansion, in order to exploit potential monopoly pricing

power.

Another approach to encourage infrastructure investment is to reduce the

investor’s risk by improving its information about future demand for access to

its network. A market for forward contracts for network access can potentially

provide this information. There are other potential advantages of forward con-

tracting. It decouples the network operator’s income from potentially volatile

2In the European Union, there is a particular need for investment in the gas pipeline network
because of growing demand for natural gas. Around 200 Billion Euro must be invested in
the energy transport networks (gas and electricity) by 2020 (MEMO/10/582).

3The term “regulatory holidays” as used throughout this chapter refers exclusively to the
concept as being applied in European energy regulation, i.e. the temporary exemption
of a clearly defined amount of assets from incentive regulation. With the novelization of
the German Telecommunications Act (Telekommunikationsgesetz, TKG) in 2006, a dif-
ferent institutional arrangement gained widespread attention as “regulatory holiday”; the
proposed legislation waived the incumbent’s (Deutsche Telekom) obligation to grant com-
petitors access to its newly built high-speed data network. The European Court of Justice
subsequently ruled on 3 December 2009 that such access-holidays violated EU rules on
regulation.

4The European Union has provisions for regulatory holidays for electricity and gas networks.
The Second Gas Market Directive (2003/55/EC, Article 22) allows the granting of a regula-
tory holiday for investors establishing new pipeline capacity, albeit under strict conditions.
Sometimes only partial exemptions are given (ERGEG, 2008). A total of 13 exemptions
for LNG terminals and interconnectors have been granted (ERGEG, 2009).



Chapter 2. Regulation of Network Infrastructure Investments 13

spot market revenues. Network users can use the contracts to hedge against

shortages and high spot market prices. Inclusion of a forward market might

also cause the spot market to become more competitive, because of arbitrage

between the spot and forward markets.

We consider here a special type of forward contract called a Long-Term

Financial Transmission Right or LTFTR (Hogan 1992; Bushnell and Stoft,

1996; Hogan et al. 2010). A network user holding such a contract receives

a payment equal to the spot price for each access right unit, regardless of

whether or not she obtains units on the spot market.5 In the implementation

we study, the LTFTR are allocated with a uniform price sealed bid auction.

The use of an auction, in addition to its presumed tendency to allocate the

contracts to the most highly valued users, has the feature that it yields an array

of bids to the seller that may give her useful information about the future

demand she faces.6

We construct a laboratory experimental environment to evaluate the per-

formance of a regulatory holiday, and a system of forward contracting in the

form of auctions of LTFTR, against a baseline of price cap regulation. The

criteria for evaluation are investment and welfare levels. We compare the reg-

ulatory schemes to each other and to several simulated benchmarks: the social

optimum, the behavior of an unregulated monopolist, and the decisions of a

profit-maximizing firm acting within each scheme. We also compare prices,

5In the gas market, capacity contracts often come with a “use-it-or-lose-it” rule. If a user
purchases capacity but does not use it, it still has to pay for it, and the unused capacity
will be sold by the network operator to other network users. This contract feature prevents
network users from strategically withholding network capacity. Joskow and Tirole (2000)
show that a financial transmission right is strategically equivalent to a physical transmission
right with a use-it-or-lose-it condition.

6The auction uses lowest-accepted-bid pricing in an environment in which all bidders have
multi-unit demand. While the auction is not incentive compatible (see for example
Draaisma and Noussair, 1997), experiments show that the ordering of the bidding array
tends to reflect rather well the ordering of the underlying valuations, resulting in high al-
locative efficiency (Alsemgeest et al., 1998).
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and the relative share of the surplus that network operators, users, and the

regulating authority receive, among the three systems.

The literature on price caps and related incentives concentrates almost ex-

clusively on the relationship between regulators and network operators, and

reduces the role of network users to perfectly competitive, rational, fully in-

formed price takers. Our experimental approach allows us to relax these as-

sumptions and to study the complex, and possibly boundedly rational, interac-

tions between network operator and users. We point out how questionable the

assumption of price-taking on the part of demanders is, and we conclude that

buyer behavior should be modeled more realistically, and taken into account

in any proposed regulatory mechanism. This is particularly relevant in the en-

ergy transmission market, where the small number of buyers are themselves

load-serving entities.

This chapter is organized as follows. Section 2.2 provides an overview of

the relevant literature. Section 2.3 describes the experimental design while

Section 2.4 presents the results from simulations that serve as our source for

null hypotheses. In Section 2.5 we present and analyze our results. Section

2.6 concludes.

2.2. Literature Review

2.2.1. Policy Issues

Under traditional rate-of-return regulation, rates are set to guarantee that firms

recover their investment cost. This has led to concerns that firms might over-

invest (Averch and Johnson, 1962) or exert too little effort to lower cost, lead-

ing to “x-inefficiencies”. As a result, regulators, especially in Europe, often

opt for incentive regulation, typically by setting a price cap. Under a price
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cap regime, firms do have strong incentives to reduce cost.7 Indeed, Cambini

and Rondi (2010) show that investment levels by European energy companies

in cost reduction are greater under incentive regulation than under rate-of-

return regulation. However incentives to undertake durable sunk investments

in new capacity are weak, especially when future demand is very uncertain.8

Network operators face a large downside risk if an investment turns out to

unprofitable, but cannot reap the full upside benefit if it is profitable. Price

cap regulation does not take into account the real option value of investments,

and thus the timing of new investments might also not be optimal (Guthrie,

2006).9

Gans and King (2004) describe how Regulatory Holidays can reduce these

problems, if the duration of the regulatory holidays is appropriately chosen.

Spanjer (2008) points out that while Regulatory Holidays can alleviate under-

investment, they can distort the timing of investments away from the optimum.

Nagel and Rammerstorfer (2008) propose enhancing price cap regulation with

revenue sharing, in order to improve the timing of investments. Under their

system, the price cap does not apply for a portion of the installed capacity.

Similarly, Vogelsang (2010) advocates regulatory holidays only for truly in-

novative investments.10 In our implementation, the regulatory holiday applies

7It is often argued that incentive regulation lowers the informational requirements for the reg-
ulator. Joskowet al. (2005) suggests that this might not be the case in electricity networks.

8In their excellent review, Armstrong and Sappington (2007) give an overview of various
aspects in which rate of return and price cap regulation might differ.

9Cambini and Jiang (2009) review the evidence linking incentive regulation and investments.
10Rosellón (2003) discusses three regulatory policies for electricity network investments and

the possible hurdles for implementing them in practice. Two of these policies roughly
correspond to two of our experimental treatments. One is a system of long-term financial
transmission rights, as we implement in our forward auction treatment. The second is a
system where regulation attempts to take into account the real option value of investments,
as in our “regulatory holiday” treatment. The third is incentive regulation (see also Léautier,
2000), of which price cap regulation is a special case. Hogan et al. (2010) combine a Long
Term Financial Transmission Rights system with Vogelsang’s (2001) system of incentive
regulation, in an attempt to combine the advantages of both systems.
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for newly built capacity by the incumbent network operator; while old capac-

ity remains regulated. We allow the network operator to withhold capacity

from the market.11

An LTFTR is a financial forward contract on network capacity. It is well

known that forward contracts can have beneficial effects on competition in

some theoretical models. For instance, forward markets improve competition

in Cournot (Allaz and Vila, 1993) and supply function bidding (Holmberg,

2011) games. Long term transportation rights, similar to LTFTRs, have been

in use for allocating network infrastructure in the American gas market. Fur-

thermore, Bushnell and Stoft (1996, 1997) show how Financial Transmission

Rights (FTRs) could be used in the US electricity sector to decentralize in-

vestment decisions. The long term rights to capacity give merchant investors

an incentive to build additional pipeline capacity (Kristiansen and Rosellón,

2006). Joskow and Tirole (2005), however, argue that such a system cannot

easily be implemented in the American electricity sector because of its inher-

ent complexities.

Energy network services are separated by law from energy commodities,

and this vertical separation is called unbundling.12 There is an ongoing de-

bate about whether unbundling itself, independently of the type of regulation,

leads to underinvestment (see Cremer et al., 2006 and Hirschhausen, 2008).

Long-term contracting can be viewed as a substitute for vertical integration,

because it allows internalization of the externalities from investments. It may

11Brunekreeft and Newbery (2005) show that imposing a must-serve obligation on a merchant
investor, who is subject to a regulatory holiday, would reduce investment and welfare in
most cases.

12In the E.U., directives No. 2009/72/EC and 2009/73/EC impose unbundling in the gas and
electricity markets. FERC order No. 636 (1992) imposes similar measures for intrastate
pipelines in the U.S. In the telecommunication sector, network owners are also active down-
stream, which affects their investment incentives. See Klumpp and Su (2010) for an anal-
ysis of the investment incentives of a vertically integrated firm that is subject to revenue
neutral open access regulation.
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be particularly suitable for energy markets, which have a few large users, since

relatively few contracts would need to be made. In our paper we impose un-

bundling and completely separate the network operator and users.

2.2.2. Previous Related Experimental Work

Experimental methods have been applied to various economic issues arising

for network industries. Important early contributions include work on the allo-

cation of airport landing slots (Grether et al., 1981) and gas pipelines (McCabe

et al., 1989; 1990). See Staropoli and Jullien (2006) for a survey of experi-

ments focused on electricity markets, and Normann and Ricciuti (2009) for a

survey of experimental work on economic policy issues.

Some studies have considered the behavior of auctions in experimental

environments modeled on electricity markets. Rassenti, Smith and Wilson

(2003a) find that demand side bidding on a spot market is an effective way

to discipline the pricing behavior of a network operator. As already outlined

in Chapter 1, Rassenti, Smith and Wilson (2003b) find that the uniform price

auction leads to more efficient allocations in an experimental electricity mar-

ket than a discriminatory auction. These results have influenced our choice

to have the market price and allocation determined by a demand-side uniform

price auction, since we seek to minimize the inefficiency that results from the

market trading rules.13

There have been some previous studies of forward contracting in markets.

For example, Krogmeier et al. (1997) and Phillips, Menkhaus and Krogmeier

(2001) compare markets in which production can occur in response to de-

mand, which is in essence a forward market, to those in which production

must occur in advance. Le Coq and Orzen (2006) construct an experimen-

13A sizable experimental literature has considered the properties of different auction rules for
generators making offers to sell electricity to a power grid (see for example Denton et al.,
2001; Abbink et al., 2003; and Vossler et al., 2009).
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tal environment with an explicit forward market structure. All three studies

find that the forward market, operating alone, has lower prices, greater quan-

tity traded and greater efficiency than a spot market operating alone. Brandts,

Pezanis-Christou and Schram (2008) consider, in an experimental setting de-

signed to represent an electricity market, the effect of adding a forward market

for electricity producers and traders. Their environment features imperfect

competition between producers and no demand uncertainty, so that forward

contracting has no risk hedging function. They find that for both quantity and

supply function competition, the addition of a forward market lowers prices

and increases production. These findings suggest that a forward market might

be effective in allocating existing capacity in our setting.

Kench (2004) conducts the only experiment, of which we are aware, that

investigates financial transmission rights. He compares their performance to a

system of physical rights, in a setting in which network users obtain a random

initial allocation of rights, and then can trade rights with other users, rather

than buying rights from the network operator, as in our setting. He finds that

physical rights outperform financial rights in terms of providing accurate mar-

ket signals.14 In a setting with financial rights, generators are less active in the

transmission rights market, as they still have the option to wait, and trade

energy in the spot market. Furthermore, network users that were unable to

procure financial transmission rights and are therefore unhedged, bid strategi-

cally in the spot market and lower the overall efficiency of the market system.

These results suggest the presence of LTFTR’s might change spot market bid-

ding in our setting. In particular, holders of LTFTR might bid high prices for

capacity in the spot market because they are insured against high prices. On

14In contrast to our paper, Kench (2004) considers the auctioning of two complimentary goods:
the commodity that is being traded, electricity, and the transportation capacity, access to
the transmission line. We consider only the market for transportation capacity. Kench also
distinguishes three types of network users: buyers of electricity, producers of electricity
upstream from the congested line, and produces downstream from the congested line.
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the other hand, those without LTFTR may tend to strategically underbid, with

the effect of lowering prices.

There are two experimental studies that focus specifically on investment in

supply capacity in energy markets. They consider the generation and supply

of energy rather than the transport of energy as we do here. Kiesling and

Wilson (2007) find that an automated mitigation procedure (AMP), which has

been proposed as an alternative to a price cap, does not decrease investment

in capacity relative to a setting in which prices are unregulated. Williamson

et al. (2006) find that investment, in an unregulated oligopoly, is close to

the Cournot-Nash level on average, with some distortion in the mix between

marginal and baseload capacities. These two studies differ from ours in many

respects, but perhaps most fundamentally in that they study oligopolies, in

contrast to the monopoly setting that is of interest to us.

As all treatments to be assessed in this chapter implement price-caps to dif-

fering degrees, the existing experimental literature on price ceilings shall also

be briefly mentioned. This branch of the literature has however mainly fo-

cused on assessing whether non-binding price ceilings can facilitate collusion

between several sellers in a market. Early work by Isaac and Plott (1981) as

well as Smith and Williams (1981) finds that even though non-binding price

ceilings (and floors) do affect the convergence-patterns towards the compet-

itive equilibrium in double auction markets, they are incapable of serving

as “focal points” (Scherer 1970) for sustaining collusive market outcomes.

Coursey and Smith (1983) obtain qualitatively similar results for posted offer

markets. More recent research by Engelmann and Normann (2009) as well

as Engelmann and Müller (2011) considers environments which are deliber-

ately designed to be more conductive to collusive behavior when compared to

those utilized in the early studies. Still, both studies fail to provide additional

experimental evidence that price ceilings foster collusion.
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2.3. Experimental Design and Procedures

The experiments took place in 12 sessions conducted at CentERlab at Tilburg

University. The experiment was computerized and used the Ztree platform

(Fischbacher 2007). There were four sessions conducted under each of three

treatments. Eight subjects were recruited for each session using an online re-

cruiting system. All participants were undergraduate students at Tilburg Uni-

versity, with the majority from the School of Economics and Management.

After the instructions were read out aloud, subjects had the opportunity to ask

questions and subsequently participated in a paper and pencil quiz. The quiz

consisted of questions and calculation-exercises designed to test the subjects’

understanding of the experiment’s proceedings and market institutions. The

quiz took about 10 minutes to complete. Subjects were made aware that the

parameters used in the calculation exercises were not indictative of those to

be encountered during the experiment. The experimenter then checked the

answers, handed the quiz-sheets back to the subjects and discussed the correct

answers. The three subjects with the greatest number of mistakes were then in-

formed that they could not participate in the experiment and were paid 10 Euro

for their participation. Of the remaining five subjects, the best-performing one

was assigned to the role of network operator while the remaining four were

network users.

Subjects participated in three independent sequences of periods. Initially,

there was a twelve period training sequence which did not count toward par-

ticipants’ earnings, followed by two 30 period sequences which did count.

The data from the last 30-period sequence is used for the analysis in this pa-

per.15 Sessions lasted from 3 – 3.5 hours. The instructions and the quiz took

on average between 60 and 75 minutes.16

15The development of installed network capacity, spot prices and welfare during the first 30
period horizon are provided by means of three separate graphs in the appendix.

16While this experiment is very complex from the point of view of participants relative to many
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In our experiment, the regulator is passive, and does not adjust policy based

on prior activity. The regulatory schemes are exogenously imposed, and im-

plemented with complete certainty. Regulator revenue is not rebated to partic-

ipants and is thus assumed to be spent outside this sector. Our design allows

the regulatory regimes to be compared ceteris paribus, and a focus on the in-

teraction of network operator and user.

2.3.1. The Environment

Aggregate demand for network access (the product) in each period t is of the

form:

Dt = a− 2b
gt

qt (2.1)

a and b are constants, qt is the quantity of the product - access to the network

offered by the network operator, and gt is a growth parameter.17 The inverse

demand is calculated by evaluating (2.1) for qt ∈ [0,23] and rounding to the

closest multiple of 10.18 Individual demand is private information.

Access to the network is supplied by a single network operator. In order to

other experiments, it is less so than some other paradigms that members of the same subject
pool have participated in (see for example Noussair et al., 2011). To allow for learning the
task, we use only the last horizon in our data analysis. The length of each session, 3 - 3.5
hours, is long in comparison to most other studies, but we have successfully implemented
other experiments that exceed four hours. To incentivize participants over this relatively
long period of time, subject payments were substantial. They averaged 30.45 Euro for
network operators and 23.61 Euro for users in the Baseline treatment. The comparable
figures are 34.25 Euro for operators and 21.65 Euro for users in the Regulatory Holiday
treatment, and 30.94 Euro for operators and 24.31 Euro for users under Forward Auction.

17Keeping the intercept of the demand function constant ensures that the demand elasticity for
a given price level remains constant over time. As all the cost parameters are constant over
time as well, we might expect prices to be roughly constant over time, making it easier for
subjects to form expectations about future prices.

18Figure A.1 in Appendix A indicates the demand realization for each of the 30 periods of the
experiment and also illustrates the time profile of gt .
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supply a unit of the product, the network operator must possess a sufficient

quantity of network capacity. For each unit of network capacity, one unit of

the product can be sold in each period. The installation of additional network

capacity itself is costless for the operator, but each unit of network capac-

ity generates a cost of c ECU (Experimental Currency Units) in each period,

regardless of whether it was actually used to provide a unit of the product

or not.19 Network capacity cannot be dismantled once it has been installed.

There is no depreciation or scrap value for capacity. The total capacity of the

network in period t is designated as Kt , and the initial network capacity as K0

. The irreversibility of investment implies that Kt ≥ Kt−1 for all t.

2.3.2. The Spot Market

In each period, the product is allocated by means of a uniform-price sealed-

bid auction with lowest-accepted-bid pricing. Network users submit one bid

for each one of their valuations. The network operator then decides how many

units of the product it offers. If the operator offers q units of the product, the q

highest bids are accepted and the q-th highest bid sets the market price for the

current period. All units of the product are sold at this market price. A price

cap of pcap ECU is in effect. If the market price exceeds the cap, the operator

receives pcap ECU per unit of the product while network users pay the market

price. The resulting difference is kept by the experimenter and can be thought

of as transferred to the regulating authority20.

19The per-period cost c can be seen as the leasing cost or rental price of network capacity. We
use this framing, instead of a lump-sum capacity cost, because it allows subjects to compare
capital costs and revenues more easily, and avoids the need to impose a scrap value for the
last period of the experiment.

20We do not induce any framing for the subjects concerning where the revenue is directed. In
the analysis here, we designate it as “government/regulating-authority revenue” and include
it in the calculation of total welfare.

The use of an auction corresponds with E.U. Regulation 1228/2003 which imposes a
market-based allocation mechanism for cross-border network capacity and forbids for in-
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Price

Capacity

Underlying demand
Bid Shading
Spot Demand
Network Users‘ Profit
Regulatory Profit
Network Operator‘s Profit

tp
capp

c

tq

Figure 2.1.: Price Cap Regulation (Baseline)

Figure 2.1 shows the rents that each of the three parties receive when qt

units are sold in a period. The dashed line shows the demand revealed by the

auction. The area between c and pcap and 0 to qt , defines a rectangle that in-

dicates the profit to the network operator equal to (pcap− c)qt . The rectangle

immediately above indicates the profit accruing the regulator of (pcap− pt)qt .

The darkened region above that is the consumer surplus accruing to the users.

2.3.3. Timing of Activity and Parameters

The 30 periods are divided into five six-period “blocks”. At the beginning

of the first period of each block, the four network users learn their individual

stance “first come, first serve” rationing. Regulation 1228/2003 also limits the auction
revenues the network operator can receive, in order to prevent it from making too little
capacity available.
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demand for each period in the current block. The users can then choose to

increase the valuations from their initial level for their first two units by either

the fixed value κLOW , another fixed value κHIGH , or 0, for all periods in

the current block. To do so, they incur per-period costs of γLOW , γHIGH , or

0, respectively.21 Figure A.2 in Appendix A provides an illustration of the

valuations under the assumption that all users raise their valuations by κHIGH .

In the first and the fourth period of each block, that is, in every third period

beginning in period 1, the network operator decides whether or not to increase

the capacity of the network. The maximum amount of additional capacity

which can be installed at each of these opportunities is ∆KMAX . The operator

makes its decision prior to the spot auction of the current period. Network

users are informed of any changes in network capacity before they submit

their bids in the spot auction. The choices of parameter values are explained

in Appendix C. Table 2.1 provides the values for all parameters discussed in

this section.

2.3.4. Treatments

There are three treatments, Baseline (B), Regulatory Holiday (RH), and For-

ward Auction (FA). Sections 2.3.1-2.3.3 described the Baseline (i.e. price cap

regulation in the spot market, no forward auctioning) treatment. The next two

subsections indicate the differences between the Baseline and the other two

21This opportunity to increase one’s valuations is meant to represent the take-or-pay contracts
that are common in Europe. These are contracts that provide a network user, typically a
gas company, with the opportunity to make a long-term contract with an upstream supplier.
These contracts are lucrative but also costly to break by failing to take delivery of the
contracted quantity. This leads to greater valuations for the corresponding units of network
capacity. The cost to users of increasing these valuations represents the various costs of
concluding such a contract and the penalty that one incurs if the contracted quantity is not
exchanged. We added this feature of the market, as discussions with stakeholders indicated
that it was an essential feature of European gas markets. It reflects the demands of gas
companies for certainty regarding long-term transportation access.
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Parameter Value Description
a 80 Intercept parameter in the aggregate demand function
b 5 Slope parameter in the aggregate demand function
c 10 Per period cost for one unit of network capacity
pcap = f cap 15 Price Cap
κLOW 20 Low optional increase of the highest two valuations

of a network user
κHIGH 40 High optional increase of the highest two valuations

of a network user
γLOW 10 Per period cost for raising highest two valuations

by κLOW

γHIGH 20 Per period cost for raising highest two valuations
by κHIGH

K0 4 Initial network capacity
∆KMAX 5 Maximum possible investment at each investment

opportunity

Table 2.1.: Parameters

treatments.

2.3.4.1. Regulatory Holiday (RH)

In the RH treatment, sales of newly installed capacity are exempt from the

price cap. Thus, we in effect implement our regulatory holiday as in Nagel

and Rammerstorfer (2008). We tax the difference between the market price

and the price cap on old capacity, but exempt newly built capacity from the

tax. The RH treatment differs from the Baseline treatment only with regard

to the number of product units to which the price cap is applied in the spot

market. The price cap is suspended for those units of capacity that were added

in the current six-period block. The suspension lasts until the onset of the

subsequent six-period block.

The payoff structure in RH is illustrated in Figure 2.2. The figure shows
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Price

Capacity

Underlying demand
Spot Demand
Network Users‘ Profit
Regulatory Profit
Operator‘s Profit - regulated
Operator‘s Profit - unregulated

tp
capp

c

oldK newK

Figure 2.2.: Regulatory Holiday

that the units between Kold and Knew are not subject to the price cap. The

regulator revenue is equal to (pt − pcap)Kold and the profits to the network

operator equal (pcap− c)Kold +(pt − c)(Knew−Kold).

2.3.4.2. Forward Auction (FA)

In the FA treatment, an auction for LTFTR is conducted in the first period of

each six period block. The auction takes place after the network users have

been informed about their valuations, but prior to their decision about whether

to increase their valuations and prior to the network operator’s decision to in-

stall additional network capacity. The LTFTR which are auctioned are forward

contracts which pay the network user who obtains them the spot price of one

product unit in each period of the current block, regardless whether or not that

user actually obtains units of the product in the spot market. The forward auc-
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tion is a uniform price auction with lowest-accepted-bid pricing. All network

users pay the same per-unit, per-period market price f and there is a price-cap

of f cap ECU in place.

The network operator must offer to sell every unit of the product it has

in the forward auction. It also must offer the maximum number of units of

the product that it can provide with its current network capacity in the spot

auction. This implies that the operator always uses its entire revenue from the

spot auction to compensate the network users who acquired forward contracts.

Thus, its profit is determined exclusively in the forward market. The spot

market is effectively a secondary market.22

The operator’s profit is shown in Figure 2.3. In the Figure on the left, the

Price

Capacity

Forward Demand
Regulatory Profit
Network Operator‘s Profit

capf
c

tK

f

Price

Capacity

Spot Demand
Profit Buyers Spot Market
Profit Holders LTFTR +
Profit Network Users

tp

c

tK

f

Figure 2.3.: Forward Auction: Forward market (Left) and spot market(Right)

revealed demand in the forward auction is indicated in the dashed line la-

beled “Forward Demand”. The profit to the network operator is given by

( f cap− c)Kt and regulator payoff is equal to ( f − f cap)Kt . The Figure on the

22The network operator must offer all capacity in the forward market. This is a feature of
actual markets in the field. For instance, FERC only allows investments in gas pipelines
if “..the shippers [are] willing to purchase capacity at a rate that pays the full costs of the
project,..” (Carr, 2005). In the PJM electricity market, FTR’s are offered to bidders as long
as the associated flows are technically feasible. For this the network operator conducts the
“simultaneous feasibility test” (PJM, 2009).
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right presents the spot market. The revealed demand in the spot market is il-

lustrated by the dashed line labeled “Spot Demand”. The surplus of the buyers

in the spot market is given by the darker area. The auction revenue given by

ptKt is transferred from buyers in the spot market to holders of LTFTR, and

thus (pt − f )Kt indicates the profit accruing to holders of LTFTR. The sum of

both areas represents the total profit of the network users.

The differences in the timing of activity between treatments are illustrated

in Table 2.2 and Table 2.3. The columns indicate the period within the six-

Period within Block
1 2 3 4 5 6

Users learn their individual valuations
X

for periods 1-6
Users decide whether to raise their highest

X
two valuations at a cost
Operator decides whether to install additional

X X
network capacity

Spot auction X X X X X X

Table 2.2.: Timing of Activity in the Baseline (B) and Regulatory Holiday
(RH) Treatments

period block, and the rows list the activities that take place. An “X” indicates

that the activity occurs within the applicable period.
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Period within Block
1 2 3 4 5 6

Users learn their individual valuations
X

for periods 1-6

Users bid for LTFTR X

Operator builds additional capacity,
X X

sells all capacity in LTFTR
Users decide whether to raise their highest

X
two valuations at a cost

Spot auction X X X X X X

Table 2.3.: Timing of Activity in the Forward Auctioning (FA) Treatment

2.4. Benchmarks

We use three23 benchmarks against which to compare the performance of the

regulatory mechanisms we consider. The first benchmark is the outcome of

the decisions of a benevolent social planner with perfect foresight and facing

no regulation, where users pay the competitive equilibrium spot price. The

social planner maximizes the sum of user surplus, network operator profit, and

government revenue over the 30-period horizon. We also use this theoretical

benchmark as a denominator to calculate the efficiency levels of all treatments.

The efficiency level provides a measure of the extent to which the maximum

possible gains from exchange are realized. The second and third benchmarks

correspond to the behavior of a profit maximizing monopolist with perfect

foresight, facing the regulatory regimes we implement in the experiment: (1)

23A mixed integer program was solved with CPLEX. We solved for a global optimum. For the
most complex scenario (the regulatory holiday), the model contains 1500 integer variables
and took about 2 hours to solve on an Intel Q9450 processor with 8 GB ram. The other
scenarios had about 400 integer variables, and only took about 2 seconds to solve.
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price cap regulation, and (2) a regulatory holiday for new capacity. We assume

that all four network users committed to the largest possible demand increase

in each period. We use the price cap regulation benchmark to compare prices

and investment levels for both the B and FA treatments.

Figure 2.4.: Operator Profit, User Surplus, and Regulatory Income

Figure 2.4 summarizes the results of the three benchmark simulations, as

well as the case of an unregulated monopoly. The total shaded area is the over-

all market surplus generated. The differently-colored shadings distinguish the

network operator’s profit, the network users’ surplus and, in cases where the

market is regulated, the revenue for the government/regulatory income. Price

cap regulation generates a total surplus that is close to the social planner level.

However, the surplus of the network operator is lower under the price cap than

under the social planner’s policy. The reason for this is that under the social

planner’s policy, the network operator can earn prices which are as high as 20

in periods with relatively scarce supply, while prices are capped at 15 under
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price cap regulation. The total surplus under the regulatory holiday is con-

siderably lower, as the amount of investment remains low, and hence prices

remain high. The government benefits from the regulatory holiday, as it can

collect a large amount of revenue from the units that are subject to a price cap.

The network operator also earns more revenue under the regulatory holiday

than under the price cap regulation, since it obtains monopoly rents on newly

built capacity.

2.5. Results

2.5.1. Prices and Capacity

Figure 2.5.: Spot Prices over Time: Treatment Averages

Figure 2.5 depicts the time series of spot prices for each of the three treat-

ments. Each line presents the average over the four sessions comprising the

treatment. The figure also presents the simulation results for the price cap and

the regulatory holiday. The simulated outcomes for FA are identical to the B
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treatment.

Prices in the Baseline treatment are very close to those in the corresponding

price cap simulations, especially from period 8 onward. This suggests that

network operators are behaving close to optimally in the Baseline treatment,

and that the cognitive demands of the experiment are within the capabilities

of our subjects. Prices in the other two treatments are generally greater than

under the Baseline.

The impressions of Figure 2.5 are supported by statistical tests. Using a

random effects regression of prices on a constant and two treatment dummy-

variables, we find that spot prices in the FA and the RH treatments are sig-

nificantly greater than in the Baseline treatment. This can be seen in the first

column of Table 2.4. In the table “RH tmt” and “FA tmt” are dummy variables

that equal 1 if the observation is from the RH and FA treatments, respectively,

and zero otherwise. The dependent variable is the observed price minus the

simulated price under the social planner’s policy. Error terms are assumed to

be clustered at the session level (see Frechette, 2007). In the Baseline treat-

ment, spot prices are 5.8 ECU (experimental currency units) greater than in

the social optimum. Prices in the RH and the FA treatments are, respectively,

9.3 and 21.3 ECU greater than in the Baseline.24

In the FA treatment there are two current prices at any time, the spot price

and the forward price of the last auction for LTFTR. Figure 2.6 shows how

the two prices compare on average. It indicates that the spot price is generally

considerably greater, by an average of 14.43 ECU. The forward price fails

to give an unbiased estimate of the future spot price. Arbitrage between the

24In addition to parametric regressions, we also conduct non-parametric Mann Whitney tests
for treatment differences, in which the conservative assumption that each session is one
unit of observation is made. These fully concur with the results of the regression analysis
with regard to treatment differences. In the rest of this section, we report the results of the
random effects regressions; the results of the non-parametric tests can be found in Appendix
A.
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Figure 2.6.: Spot Price and LTFTR Price in the Forward Auction Treatment:
Averages over all Sessions.

forward market and the spot market does not succeed in eliminating the price

gap.

Figure 2.7 shows the average capacity over time in each of the three treat-

ments, and in the two benchmark simulations. The price cap simulation has a

steadily increasing capacity over the 30 periods, with an interval of constant

capacity that corresponds to a decrease in demand that occurs from periods 14

to 18. Under the regulatory holiday, the monopolist keeps the initial invest-

ment levels low, in order to obtain the monopoly profit over a long interval of

periods.

In the B treatment the amount of installed capacity falls consistently short

of the price cap benchmark. It does, however, exceed the levels in the other

two treatments in the early periods, thereafter falling behind in the late pe-

riods. The pace of capacity expansion seems to be largely unaffected by the

temporary drop in demand in RH, while in the other two treatments investment
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Figure 2.7.: Installed Capacity: Treatment Averages.

recovers more slowly.

The second column of data in Table 2.4 reports regressions of the shortfall

of investment on a constant term and the treatment dummies. The shortfall

is defined as the actual installed capacity minus the socially optimal quantity.

There are no significant treatment effects, but the amount of available capacity

in all treatments is lower than socially optimal.

2.5.2. Demand for Capacity

There is substantial underbidding in the spot market in the B and RH treat-

ments, as well as in the forward market in FA. There is also more variability in

demand in FA than in the other two treatments. Full demand revelation occurs

on average only in the spot market in FA, but is nevertheless characterized by a

mix of over- and underbidding. The low spot prices in B and RH appear to in-

duce a belief on the part of the network operator that spot demand is weak. In

FA, the fact that forward prices are variable, as well as lower than spot prices,

may induce a belief that future demand is volatile and likely to decline. These
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inferences would have a negative effect on investment in all treatments.

To analyze bidding behavior, we distinguish between (a) revealed demand,

the demand function equivalent to the array of bids that users submit, and (b)

underlying demand, corresponding to their induced willingness to pay. We

construct a smoothed normalized market revealed demand function. In or-

der to compute this function, we first array all of the bids of the users from

highest to lowest to obtain a market revealed demand function. The market

revealed demand function is then normalized, by dividing it by the underlying

demand, evaluated at the price cap. This normalization corrects for changes

in demand over time. We then use a LOESS kernel regression (Cleveland,

1979) to smooth the normalized functions over the 30 periods and 4 sessions

that make up each treatment. Each smoothed revealed demand function sum-

marizes information from 2880 price-quantity vectors.25

Figure 2.8 shows the revealed demand in the market. Each dot corresponds

to the normalized revealed quantity demanded, evaluated at a given price for

a group in a given period. Thus, for each group in each period, there is one

dot for each quantity step in the inverse aggregate revealed demand function.

Lines in each panel of the figure show the smoothed normalized revealed de-

mand function and its 60% confidence intervals for the spot market of the B,

FA and RH treatments, and for the forward market of the FA treatment. The

figure also presents the underlying demand function, using the same technique

for normalization.

In the spot markets under B and RH, and in the forward market under FA, it

appears that strategic underbidding is the primary source of the underrevela-

tion of demand evident in the figure. Comparison of the error bounds shows

that demand uncertainty, from the point of view of the network operator, is

greater in the forward market under FA. This may be due to the complexity of

254 treatments * 30 time periods * 24 price quantity vectors (one for each possible quantity
demanded).
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formulating a bid in the forward market, where users have to aggregate their

own demand function for several future periods, and take into account expec-

tations about future spot prices. This would lead to more heterogeneous re-

vealed demand functions, as different bidders solve this bid formulation prob-

lem differently.

In the FA spot markets, users who are hedged with LTFTR and who do

wish to purchase the corresponding units have no incentive to underbid and

reduced cost from overbidding, since they are rebated the market price for

these units. This tends to offset the strategic underbidding of other agents, and

allows prices in the spot market to roughly correspond to underlying demand

on average. However, as a consequence the revealed demand function in the

spot market is not only less elastic than the revealed demand function in the

forward market, but also less elastic than underlying demand.

2.5.3. Efficiency

We now compare the treatments in terms of the total surplus they generate and

how it is divided among the stakeholders. We define Total Efficiency ηTot
t in

period t as the total welfare realized in each period, Wt , the sum of consumer

surplus, network operator’s profit and regulatory revenue, divided by the total

welfare generated in the social planner simulation in the same period, W ∗t :

η
Tot
t =

Wt

W ∗t
(2.2)

The first column of Table 2.5 gives the treatment averages for total effi-

ciency. Observed efficiency is greatest in the B treatment: close to 90% of

the maximum feasible welfare level is realized. The values for the RH and FA

treatments are 84% and 83%, respectively. We decompose total efficiency into

two multiplicative components: allocative and dynamic efficiency. Allocative

efficiency is a measure of how well the spot market performs in awarding the
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(1) (2) (3) (4) (5)
ηTot

t ηa
t Obs. ηd

t Sim. ηd
t (4)-(3)

Baseline 89.6% 97.3% 92.0% 99.5% 7.5%
Regulatory Holiday 84.3% 96.9% 87.1% 89.2% 2.1%
Forward Auctioning 83.3% 94.6% 88.0% 99.5% 11.5%

Table 2.5.: Observed and Simulated Efficiency for all Treatments

current capacity to the demanders with the greatest valuations. If the highest-

valued users fail to receive the units, allocative inefficiency exists. The alloca-

tive efficiency ηa
t in period t is defined as:

η
a
t =

Wt

W a
t (Kt)

(2.3)

Where W a
t (Kt) is the welfare level resulting from allocating the current

capacity Kt to the users with the highest valuations.

Dynamic efficiency is a measure of the optimality of the timing and the

size of investments. Dynamic efficiency is the fraction of the globally optimal

welfare that could be reached with an efficient allocation of the actual current

capacity. Dynamic efficiency is defined as:

η
d
t =

W a
t (Kt)

W ∗t
(2.4)

The second column of Table 2.5 reports that allocative efficiency is almost

identical in the B and RH treatments (97%). It is, however, significantly lower

in FA (94%). In the B and RH treatments, although users bid strategically

by lowering their bids, the individual ranking of their bids still reflects their

ranking of willingness to pay.

The results do not support the contention that the forward market improves

allocative efficiency. Rather, they suggest that the allocation in the two-stage

market consisting of a forward market followed by a spot market, is less ef-
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ficient than in a spot market operating alone, as in the B- and RH treatments.

The spot market does improve the initial allocation of the forward market.

The forward market allocates the network capacity at an average allocative

efficiency of 89 %. The spot market improves the allocation by 5%.

The third column of Table 2.5 indicates that dynamic efficiency is also

greatest in the B treatment (92%) and somewhat lower in the other two treat-

ments. Dynamic efficiency averages 88% in the FA treatment and 87% in

the RH Treatment. However, as shown in Table 2.4, none of the differences

between treatments are significant.

The fourth column of Table 2.5 reports the efficiency levels obtained in

the corresponding simulations. These yield total efficiencies of 99.5%, 89.2

% and 99.5% for the B-, the RH-, and the FA treatment, respectively. The

fifth column compares the dynamic efficiency of the simulations and the ex-

perimental results. The inefficiency in the RH treatment is anticipated in the

simulation results and is consistent with strategic underinvestment on the part

of the network operator to exploit market power. However, in the FA treat-

ment, the efficiency level is considerably lower than in the simulation, due to

lower investment.

The division of payoffs among the three type of stakeholder, network oper-

ator, user, and regulatory authority, differs by treatment. Table 2.6 reports the

results of a regression analysis, in which a constant and treatment dummies

are the independent variables and the profits of each type of agent are the de-

pendent variables. In the B treatment, the bulk of the surplus is in the form

of consumer surplus. Under RH, government revenue decreases, as it taxes

fewer units than under the other policies. Consumer surplus declines and net-

work operator profit increases relative to the other policies, since the network

operator is free to charge high prices, and there are fewer units of capacity

available. Under FA, there are no significant differences from the B treatment.

The high spot prices in FA do induce an insignificant increase in government
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Dependent Variable
Indep. Var. Operator’s Profit Consumer Surplus Regulatory Income
Constant 44.55*** (1.69) 499.65*** (34.91) 86.97*** (27.28)
RH tmt. 24.46*** (4.06) -69.31 (51.36) 15.93 (32.00)
FA tmt. -.05 (4.36) -80.92 (79.03) 44.38 (66.65)
N (obs.) 360 360 360
R2 .22 .03
Prob>chi2 .00 .00

*= p < .1, ** = p<.05, ***=p<.01

Table 2.6.: Distribution of Surplus among the Three Types of Agents

revenue and reduction in consumer surplus.

2.5.4. Session Specific Analyses

Our preceding analysis has focused on the evaluation of average behavior in

each of the three treatments. From a policy maker’s perspective, the identifica-

tion of worst-case scenarios under each scheme is of high importance as well,

especially if one considers the high financial stakes over the next decades. To

this end, we also compare and evaluate the individual sessions of each treat-

ment.

2.5.4.1. Price Cap (B)

The results we have presented so far have indicated that in terms of efficiency

and overall welfare the B treatment - in aggregate - performs better than the

two alternatives proposed to improve on its theoretical shortcoming of provid-

ing insufficient investment incentives. The evaluation of each of the B treat-

ment’s four sessions does reveal a somewhat more differentiated view; the

patterns observed in one of the four sessions are consistent with the theoreti-

cal conjecture that price cap regulation might not suffice to generate optimal
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investment.

Figure 2.9 details the installed capacity over the course of the experiment’s

30 periods for each of the four sessions conducted under the B treatment. The

capacity expansion path of the welfare maximizing social planner with perfect

foresight is added for reference as well.

Sessions 2 and 4 exhibit similar capacity expansion patterns; while invest-

ment in session 4 is somewhat lower initially, investment levels from period 7

onwards are virtually identical, tracking the benchmark level closely until the

end of temporary decline in demand in period 18. From period 19 onwards,

expansion levels in both sessions 2 and 4 fail to further track the benchmark

path. Compared to sessions 2 and 4, session 3 exhibits a somewhat more grad-

ual expansion path, only closing the gap to sessions 2 and 4 towards the end

of the experiment. Session 1 exhibits by far the lowest investments in capacity

throughout the entire 30-period horizon; from period 7 onwards, investments

in session 1 fail not only to track the benchmark but also the investments un-

dertaken in the other treatments, with no additional investments taking place

at all until period 22.

The welfare levels associated to the individual sessions as provided in Fig-

ure 2.10 generally mirror the differences observed in the respective capacity

expansion trajectories. Welfare levels in sessions 2 and 4 closely track the

optimum levels up until period 22 from which onwards investments are in-

sufficient to continue in the same manner. Welfare in session 3 is somewhat

lower overall but exhibits a broadly similar pattern. Welfare in session 1 is –

consistent with the low investment levels reported before – substantially be-

low both the optimum benchmark levels and the levels achieved in the other

three sessions, with the shortfall being highest from period 19 to period 25.

With static efficiency being on similar levels in all four sessions (see Figure

B.1 in Appendix B.1), differences in welfare and overall efficiency between

individual sessions can indeed be chiefly attributed to differences in dynamic
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efficiency caused by differing investment patterns. Figure 2.11 illustrates the

development of dynamic efficiency. Session 1’s substantially lower invest-

ment levels and subsequently lower welfare levels are mirrored by a consis-

tently lower dynamic efficiency compared to the other sessions. While all four

sessions exhibit a declining dynamic efficiency over the course of the final 8

periods, dynamic efficiency in session 1 does even decline below the level

of dynamic efficiency achieved at the beginning of the experiment. This is

a pattern not repeated in any other session conducted for the course of this

chapter.

By assessing the individual sessions of the B treatment we have thus estab-

lished that price cap regulation may in some instances indeed fail to provide

sufficient incentives for efficient investment decisions and in doing so can gen-

erate lower welfare compared to what is potentially attainable with the other

two regulatory schemes put to test in this chapter.

2.5.4.2. Forward Auction (FA)

Figure 2.12 details the installed capacity over the course of the experiment’s

30 periods for each of the four sessions conducted under the FA treatment.

There is a clear separation between sessions 1 and 4, which achieve a close

to the optimal capacity trajectory and sessions 2 and 3, which are character-

ized by low investment. While the forward looking social planner anticipates

the increase in demand occurring from periods 14-18 and slows her capacity

expansion, the human operators slow their investment somewhat later. When

demand picks up again towards the end of the 30-period horizon, the network

operators continue to expand capacity while those in session 2 and 3 fail to

do so sufficiently. The welfare levels realized in each session mirror these

discrepancies between sessions 1 and 4 on the one and sessions 2 and 3 on the

other hand.
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As Figure 2.13 illustrates, actual welfare levels in sessions 1 and 4 approach

optimum levels, while those in sessions 2 and 3 fall well short of the theoret-

ical optimum. With static efficiency being comparable over all four sessions

(see Figure B.2 in Appendix B.1), differences in welfare between the sessions

can indeed be attributed to differences in dynamic efficiency, hence to differ-

ences in the respective investment as provided in Figure 2.12.

Figures 2.14 and 2.15 provide the time series for spot and forward prices

of each session respectively. The two figures exhibit a variety of patterns. In

the simulation, the spot price begins at 50 ECU, falling to 10 ECU in period 4

and consequently remains between 10 ECU and 20 ECU. In general, observed

spot prices are considerably greater than along this benchmark trajectory. In

early periods, spot prices in sessions 1 and 3 are much greater than the bench-

mark level early on, reaching more than 3.5 times that level by period 11. In

session 3, spot prices remain high throughout the remainder of the experiment.

Session 2 tracks the benchmark level closely until period 18 and then exhibits

an increase to a higher level which is consequently sustained. In session 4,

prices confirm closely to the benchmark levels throughout.

Forward prices exhibit similar heterogeneity across sessions, both with re-

spect to benchmark levels and to differences with respect to concurring spot

prices. In session 3, forward prices are much higher than the simulated level,

though they are also modestly lower than spot prices. In session 1, forward

prices are much lower than spot prices, though still somewhat greater than

the benchmark level. In session 4, forward prices are modestly lower than

spot prices, but track each other fairly well, converging to close to the bench-

mark. In session 2, forward prices are much lower than spot prices, though

the former are close to the benchmark scenario.

Table 2.7 provides the value of (a) ft−st , (b) | ft−st | and (c) σ ( ft − st), av-

eraged over the 30 periods of each session. These are the average difference

between forward and spot prices, as well as the average absolute value and
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Session 1 Session 2 Session 3 Session 4
ft − st -31.8 -20.4 -1.7 -3.9
| ft − st | 34.0 24.4 8.0 8.3
σ ( ft − st) 34.0 20.1 12.9 10.0
Count( ft−1 6= ft) 5 3 4 5
| ft+1− ft |for ft+1 6= ft 3.6 9.0 13.8 8.0

Table 2.7.: Differences between Spot- and Forward Prices in the FA Treatment

standard deviation of the difference. Also included in the table are the num-

ber of times that forward prices change of the 30 periods (9 is the maximum

possible number of instances) and the average absolute value of such changes.

Table 2.7 reveals three interesting patterns. The first is the insight that the

spot prices are on average indeed lower in each of the four sessions of the FA

treatment. As previously outlined in section 2.5.2, this might be due to the

use of an auction to allocate the LTFTR. A one-sided auction such as the one

used in this environment allows for strategic underbidding, which could lower

prices, while the passive seller does not behave strategically to offset this ef-

fect. The resulting prices, if not properly interpreted by the network operator,

might indeed create the impression on the part of the operator that future de-

mand for investment is lower than it really is, and dampen investment.

The second pattern is that there is no relationship between the level of ef-

ficiency or capacity provision with the level, absolute value, or variance of

the difference between spot and forward prices. Session 1, in which capacity

investment is close to optimal and efficiency is relatively high, has the greatest

discrepancy between spot and forward prices, and the greatest variability of

the difference. On the other hand session 4, the other market with close to

optimal investment and welfare levels, has a below-average discrepancy be-

tween spot and forward prices with below-average variability. Thus, overall

efficiency is not correlated with the predictive power of the forward market
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for subsequent spot prices.

The third pattern is that the forward markets in the more efficient sessions

tend to be characterized by more frequent but smaller price changes. The

resulting, relatively smooth price patterns in forward prices in sessions 1 and

4 may increase the credibility of the forward prices in the view of the network

operator in guiding her investment decisions.

The insights gained from assessing the individual sessions of the FA treat-

ment hence confirm our previous conjecture that the performance of the For-

ward Auction scheme crucially depends on the network operator’s interpreta-

tion of data from the forward markets. If she takes high or increasing prices as

a willingness to pay for an increase in capacity, she may indeed invest more

in response. If, on the other hand, the forward market is viewed as being

driven by speculative demand unconnected to the underlying commodity, the

network operator may not respond to the price signals it generates. Provided

the operator fails to correct for strategic underrevelation of demand in the for-

ward market, she may believe that demand is likely to decline in the future

and withhold investment in response. On the other hand, if she fully corrects

for this and interprets prices in that context, strategic behavior will not affect

investment decisions.

Hence, for a policy maker considering the implementation of a market de-

sign similar to the one implemented in the FA treatment, it seems highly advis-

able to raise awareness on the part of the network operator regarding strategic

implications of the mechanism chosen to govern the forward market.

2.5.4.3. Regulatory Holiday (RH)

Figure 2.16 details the installed capacity over the course of the experiment’s

30 periods for each of the four sessions conducted under the Regulatory Hol-

iday treatment.
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The expansion patterns of sessions 2 and 4 are remarkably similar through-

out the entire 30-period horizon of the experiment; while investment levels

are low compared to the benchmark levels throughout, capacity is nonetheless

gradually increased towards the end of the experiment. The investment pattern

in session 1 generally similar, but characterized by more frequent investments

and an overall higher level of capacity installed, tracking the benchmark level

more closely. Session 3 differs significantly from the others in that installed

levels of capacity are substantially higher and during periods 16 - 25 even

exceed benchmark levels.

As in the B and FA treatments, welfare levels in each of the sessions are

largely determined by the respective investment patterns, as Figure 2.17 illus-

trates.

Due to lower investments, welfare in sessions 2 and 426 generally trails both

the benchmark as well as the levels achieved in the other two sessions. Session

3 in particular does realize welfare levels close to the benchmark throughout

the course of the experiment. With static efficiencies being once again similar

throughout all four sessions of the treatment (see Figure B.3 in Appendix B.1),

differences in overall efficiency and welfare can be attributed to the optimality

of the investment patterns - expressed in terms of dynamic efficiency as given

by Figure 2.18 - in each of the sessions.

Although initially dynamic efficiency is low in all sessions except session

3, sessions 1 and 3 manage to stay close to optimum from period 7 onwards.

Due to lower investments, dynamic efficiency in sessions 2 and 4 fails to reach

comparably high levels throughout the entire 30-period horizon.

The analysis of the RH treatment’s sessions has thus established that even

26In period 9 of session 1, the network operator chose not to offer any capacity. This might
have been an attempt to “pressure” the network users into submitting higher bids. An
attempt which turned out to be futile, though, with the network users evidently realizing
that any non-provision of capacity was not only costly to them but also to the network
operator.
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though regulatory holidays have the potential to induce good investment de-

cisions, they can nevertheless incentivize network operators to deliberately

delay investments in order to maximize their profit from temporarily unregu-

lated spot prices.

2.6. Conclusion

In this chapter, we have used an experimental approach to evaluate two poli-

cies that have been proposed to induce an operator of a network to increase

capacity along an efficient time trajectory. The baseline that we use is an in-

dustry with a cap on fees for use of its capacity. This is the typical status

of network operators in the European gas, electric, and telecommunications

industries.27 Our price cap is set at a level at which an optimizing network

operator would operate at close to the social optimum if demanders behaved

as naïve price takers, and the operators could fully anticipate all shocks to de-

mand. However, the environment is complex, users have some market power,

and there is no way for a firm to anticipate the unpredictable changes in de-

mand, so that some inefficiency might be expected. Indeed in the Baseline

treatment, the realized surplus is roughly 10% below the optimal level. In the

Baseline, as in the other two treatments, less than one half of the inefficiency is

due to misallocation of existing capacity. This indicates that the uniform price

auction performs well at allocating units to users with the highest valuations

and most inefficiency is a result of suboptimal capacity investment.

We find that a regulatory holiday fails to close this gap and, on the contrary,

27One interesting additional treatment would be to look at a different Baseline (Price Cap)
environment with no price cap regulation. This would allow the network operator to ex-
tract monopoly rents over his entire capacity. Operator behavior in the regulatory holiday
treatment suggests that an unregulated monopolist would be able to readily withhold new
investment and raise prices to well above competitive levels. This would likely result in
low dynamic efficiency.
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causes it to widen. This is predicted by the simulation analysis that we have

conducted that assumes an optimizing monopolist. The removal of a price

cap on marginal units causes the firm to slow capacity expansion relative to

the Baseline treatment, reducing the quantity of access units supplied to the

market closer to the monopoly level. This behavior serves to increase prices

and shift rent away from consumers and to the firm. Efficiency losses are

mainly due to suboptimally low investment in capacity, and are reflected in

dynamic inefficiencies. In principle, a regulatory holiday enhances incentives

to invest (Gans and King, 2003, 2004) and can positively affect market com-

petition in an oligopoly or a competitive market. However, in our monopoly

setting, the regulatory holiday also encourages the exercise of market power.

Forward auctioning also generates lower surplus than the price cap. These

inefficiencies were unanticipated from our simulations. Capacity expansion is

slower and prices are higher than under the price cap alone, as well as in com-

parison to the simulation. Spot prices are closer to underlying demand than in

the Baseline and the Regulatory Holiday treatments. Forward auctioning im-

proves price discovery in the spot market. However, strategic bidding behavior

reduces allocative efficiency by severing the close link between bids and un-

derlying valuations. Forward prices in the FA treatment are more volatile than

spot prices in the B and the RH treatment. As discussed in Section 2.5.4.2,

this may have lead the network operator in two sessions of the FA treatment to

believe that future demand is volatile and reduce investment incentives in the

process. This reduces dynamic efficiency. In principle, by selling LTFTRs, the

network operator locks-in the price of transmission capacity for several peri-

ods and can reduce its revenue uncertainty. However, in our experiment, the

effect of increased volatility appears to outweigh that of additional hedging

opportunities on aggregate.

Although the FA treatment did not perform as well as the B treatment, the

opposite might be the case under different market conditions. For example,
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as uncertainty about demand growth increases, the network operator might

find it harder to determine the optimal level of investments in the Baseline

treatment and the additional information LTFTRs provide might lead to better

investment decisions. Furthermore, improvements to the design of the LTFTR

auctions might enhance allocative efficiency. For example, increasing the con-

tract duration of LTFTRs would reduce the risk for the network operators and

mitigate the downside of increased volatility.

Another feature of our design is that the regulatory authority is passive. This

facilitates a focus on the economic effects of the regulatory policies them-

selves, since they are applied exogenously and are fixed for the duration of

the life of the economy. An interesting agenda for follow-up work would

be to assign experimental participants as regulators, and give them discretion

over regulatory policy. This would allow them to test different policies and

then to settle on ones they believe are working well. It would also permit the

investigation of network operators’ and users’ reaction to policy uncertainty.

Different treatments could investigate the effect of varying the regulator’s ob-

jective function, available set of policies, and commitment power.

Regulatory holidays and LTFTR are institutional features that have been

proposed to increase capacity investment by a regulated monopoly. They are

supported by solid economic intuition that they would perform well. How-

ever, such intuition relies on specific assumptions about how agents interpret

and use institutions, and these assumptions may or may not be satisfied. The

two systems were not successful, and indeed were counterproductive, in our

setting. In particular, the data highlight the strategic behavior of network users

in influencing the efficiency of the different regulatory schemes. Underreve-

lation of demand, present in all of the treatments, may lead the network oper-

ator to optimize for a level of demand considerable lower than the true level.

Strategic behavior in the FA treatment reduced allocative efficiency and in-

creased volatility, leading to lower investment levels in those sessions where
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the network operator failes to correct for strategic underrevalation by the buy-

ers. In our view, our results constitute an example of the value of laboratory

experimental tests of new policies before they are applied in the field.
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Figure 2.8.: Smoothed Normalized Market Revealed and Underlying De-
mand, A: Baseline, B: Regulatory Holiday, C: Forward Auction-
ing, Forward Market, D: Forward Auctioning, Spot Market
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Figure 2.9.: Capacity Expansion Trajectories in the Price Cap (B) Treatment

Figure 2.10.: Total Welfare Realized in the Price Cap (B) Treatment
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Figure 2.11.: Dynamic Efficiency in the Price Cap (B) Treatment

Figure 2.12.: Capacity Expansion Trajectories in the Forward Auction (FA)
Treatment
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Figure 2.13.: Total Welfare Realized in the Forward Auction (FA) Treatment

Figure 2.14.: Spot Prices in the Forward Auction (FA) Treatment
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Figure 2.15.: Forward Prices in the Forward Auction (FA) Treatment

Figure 2.16.: Capacity Expansion Trajectories in the Regulatory Holiday
(RH) Treatment
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Figure 2.17.: Total Welfare obtained in the Regulatory Holiday (RH)
Treatment

Figure 2.18.: Dynamic Efficiency in the Regulatory Holiday (RH) Treatment
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A. Induced Demand and
Non-parametric Regressions

A.1. Induced Demand

Figure A.1.: Demand Valuation of the Network Users for each Period and for
each Unit (no Extra Valuation)
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Figure A.2.: Demand Valuation of the Network Users for each Period and for
each Unit (with Extra Valuation)
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A.2. Non-parametric Regressions

We replicate the results of regression model reported in Tables 2.4 and 2.6 with

a non-parametric Mann Whitney test. The null hypothesis for the two-sided

version of the test is that the two treatments come from the same distribution.

In the one-sided, the null hypothesis is that the relationship is opposite in sign

to the one in the Tables. Results with two asterisks are significant at the 5%

level, one asterisk indicates significance at the 10% level.

B vs. RH B vs. FA RH vs. FA

1-sided 2-sided 1-sided 2-sided 1-sided 2-sided

Table 2.4
pt − p∗t .057* .114 .014** .029 .243 .486

qt −q∗t .443 .86 .343 .686 .443 .886

Total Efficiency ηTot
t .243 .486 .057* .114 .557 1

Allocative Efficiency ηa
t .171 .343 .343 .686 .014** .029**

Dynamic Efficiency ηd
t .1* .2 .171 .343 .557 1

Table 2.6
Operator’s Profit .014** .029** .557 1 .014** .029**

Consumer Surplus .171 .343 .243 .486 .443 .886

Regulatory Income .443 .886 .557 1 .443 .86

Table A.1.: Mann Whitney Tests





B. Supplemetary Graphs and
Summary Data from the First 30
Period Horizon

B.1. Session Specific Analyses: Supplementary Graphs

Figure B.1.: Static Efficiency in the Price Cap (B) Treatment
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Figure B.2.: Static Efficiency in the Forward Auctioning (FA) Treatment

Figure B.3.: Static Efficiency in the Regulatory Holiday (RH) Treatment
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B.2. Summary Data from the first 30 Period Horizon

Figure B.4.: Average Capacity by Treatment



66 B.2. Summary Data from the first 30 Period Horizon

Figure B.5.: Average Spot Price by Treatment

Figure B.6.: Average Total Welfare by Treatment



C. Parameter Specification

Our experiment is calibrated to ensure that key variables and ratios take on

similar values in the experiment as in the field. The parameters to be chosen

consist of those listed in Table 2.1, as well as the timing of activity and the

average and variance of demand growth gt .

C.1. Price cap and capacity cost: pcap and c

The ratio of the price cap pcapto the capital cost c,
(

pcap

c

)
, links the potential

benefits of an investment with the capital cost of new capacity. The ratio is

calibrated using information about the capital cost of a typical network oper-

ator.

We assume that the network operator’s costs can be divided into two com-

ponents. Some costs, e ·K, are proportional to capacity K and are fixed in the

short run. Others, d ·Q, are proportional to quantity supplied and are variable

in the short-run. The accounting profit π that the firm earns is distributed to

shareholders, in a manner proportional to equity and thus to installed capacity,

so that π = r ·K. Therefore:

π = r ·K = pacc ·Q+ e ·K +d ·Q

with paccthe accounting price. These values are illustrated in Figure C.1 .

d ·Q is given in light shading, c ·K in dark shading, and r ·K is equal to the

area A minus B. Actual investment behavior is however not driven by account-
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Figure C.1.: Demand, Cost and Profit of Network Operator

ing profit, but by economic profit, which is equal to accounting profit minus

the opportunity cost of capital. The latter cost is assumed to be proportional

to the risk free-rate, r f ·K and reflects the fact there are alternative uses for

capital. Alternative investment options are not part of the experiment, and the

opportunity cost of capital therefore needs to be reflected in the capital cost

parameter c.

We use data of the Belgian gas transportation company Fluxys to calibrate

the parameters, see Table C.1 . We assume that half of the costs, other than

payments to shareholders and bondholders, are capacity related, and the other

half are transportation related. The relative size of the payments to sharehold-

ers and the bondholders depends on the respective interest rates and the capital

structure of the firm. Fluxys has a weighted average cost of capital (WACC)

of 6.6%. Its return on equity (ROE) is about 10%, bondholders receive about

4% interest, and the firm has a debt to capital ratio of 40%. Those numbers are

very similar to other utilities, and thus it is not an atypical network operator.1

1Oxera (2011) reports WACCs for European network operators ranging from 6.01% to 6.51%,
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Assumptions

How is Proportional to Proportional to

revenue spent?(1) Investment K Transportation Q

Revenue 100 100

(pacc ·Q)

Payments to Shareholders 26 26 0

(10% of Equity) (r ·K)

Payments to Bondholders 15 15 0

(4% of Debt) component of (e ·K)

Other Costs(2) 59 29.5 29.5

component of (e ·K) (d ·K)

Opportunity Cost of Capital(3) - 5.2

(2% of equity) (r f ·K)

(1) Data in this column is based on Fluxys’ accounts
(2) Other costs (total 59%), consists of personnel cost (21%), services (25%), con-
sumables (6%) and exploitation (7%).
(3) “Opportunity cost of capital” is assumed to be one fifth of the “payments to share-
holders”.

Table C.1.: Allocation of Revenues of Fluxys and Interpretation in Our
Experiment

We assume a risk free of 2%. Thus, the hence the opportunity cost of capital

(r f ·K) is approximately one fifth of the total payment to shareholders.

There are no variable costs d ·Q in our experiment. We wish to construct

similar ratios of net revenue to total capital costs in our experiment as those

given in Table C.1, namely

pcap ·Q
c ·K

=
(pacc−d)Q
(r f + e)K

=
100−29.5

5.2+15+29.5
=

70.5
49.7

= 142%

To achieve this, pcap

c would be set at 1.42 if K = Q. However, in our en-

and estimates the ROE of the Dutch gas network operator GTS in the range of [6.5, 9.8%].
Macolm and Olsen (2011) observe an average ROE of 17% for pipelines in the U.S.



70 C.2. Equilibrium Price and Demand Elasticity: p∗, a, and b

vironment, we could expect K to modestly exceed Q on average because of

temporary overinvestment or low demand, and thus the actual realized ratio

of pcap

c to be lower than the level specified under the assumption that K = Q.

Hence we set the ratio equal to 1.5 in the event that K =Q. Setting c arbitrarily

at 10, we thus obtain pcap = 15.

C.2. Equilibrium Price and Demand Elasticity: p∗, a,
and b

The demand function was chosen in an attempt to attain an elasticity of de-

mand, e = dq
d p

p
q , close to estimates of the demand function for natural gas.

Using time series data from 1973 till 1999, Krichene (2002) finds short-run

demand elasticities for natural gas of -0.1, and long-run elasticities of -1.1. We

use this range of estimates to calibrate the demand function in our experimen-

tal environment, and specify equilibrium demand elasticities to be between

the short-run and long-run estimates.

In the experiment the variable costs of transportation d ·Q are zero. This is

not the case in practice. In order to compute demand elasticities that are com-

parable with the field, we add the variable cost to the experimental price to

obtain a comparable consumer buyer price p∗, and calculate demand elastici-

ties at that new price level, while keeping the level of output and the demand

slope constant. At the price cap pcap = 15, the comparable price level is found

by equalizing the following ratios of the experiment and those given in Table

C.1:

p∗

pcap =
pacc ·Q

(pacc−d) ·Q
=

100
70.5

= 141%

This price p∗ = 15 ·1.41 = 21.15, is close to 20, the predicted buyer price

for all periods beginning in period 5 in our simulation of the Benchmark Price
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Cap treatment. At the price cap pcap = 15, and given demand parameter

a = 80, the demand elasticity is -0.31. Because the intercept with the price-

axis a does not change, the demand elasticity at any given price level remains

constant over time, even as demand grows. The actual observed market prices,

where revealed demand equaled supply, in the experiment were typically be-

tween 23 and 38 (this is the price that users pay). In this price range the

demand elasticity is greater than at the price cap, and closer to -1, but smaller

than -1 in absolute value. Thus, for the prices observed in our experiment,

the demand elasticity is bounded by the short-run and long-run estimates of

Krichene’s (2002) study.

The parameter b is set sufficiently large, so that market demand would not

grow too large over the 30 periods; otherwise network users would have to

bid for too many units of capacity and the experiment would slow down. On

the other hand, b was set sufficiently small so that all network users would

have positive quantity demanded in the first period. Thus, demand in the

experiment was a discrete approximation of the function p = 80−10
(

qt
gt

)
.

C.3. Demand Growth, gt , Time Horizon, and Demand
Uncertainty

To choose the average demand growth for natural gas E
[
ln
(

gt
gt−1

)]
in the ex-

periment, we use the forecasts of world energy outlook of the International

Energy Agency (IEA). The IEA (2009) world energy outlook gives an aver-

age demand growth of 1.5 % per year in its reference scenario. In our exper-

iment we have a demand growth of 3.5% per period. Thus, each period in

our experiment represents approximately 2.33 years. The time horizon of the

experiment is 30 periods, which corresponds to a 70 year time frame. In the

field, the useful lifetime of gas pipelines is 50 years for accounting purposes,
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but if pipelines are well-maintained their lifetime can be extended beyond this

period. Thus, an overall life of 70 years is realistic for the type of infrastruc-

ture investments that we consider. The forward contracts in the experiment

last up to 6 periods, corresponding to 14 years in the field. Von Hirschhausen

and Neumann (2008) report typical contract duration for bilateral European

gas contracts is about 19 years (with a standard deviation of 8 years). How-

ever, in practice tradable forward contracts often have a shorter duration.

The uncertainty about the demand growth can be measured as the standard

deviation ST D
[
ln
(

gt
gt−1

)]
of growth. For this parameter we compare possi-

ble outcomes in our model with the range of predictions of the IEA. The IEA

2009 report gives three alternative scenarios for demand predictions over the

period 2007-2030. The first alternative scenario assumes that future CO2 con-

centrations would be limited to 450ppm. The demand growth for gas would

then slow to 0.7% per year. Two other scenarios look at the sensitivity of the

growth rate with respect to price dynamics. In a high-and a low-price sce-

nario, demand growth is predicted to be 1.3 and 1.8% per year, respectively.

Hence the IEA reports alternative scenarios with growth rates of 0.7, 1.3 and

1.8%.

After modeling the demand growth in the experiment as a geometric Brow-

nian motion, we calculate the 95% confidence interval of demand growth over

23 years, which corresponds to 10 periods in the experiment. We set this in-

terval for the experiment to [0.7%, 2.3%], which is similar to the range of

scenarios given by the IEA. The average demand growth per period is 3.5%,

with a 95% confidence-interval of [-2.1%, 9.4%]. Over longer time periods,

this confidence interval becomes smaller, as we would have to take the average

over some high growth and some low growth periods.
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C.4. Choice of other Parameters

The parameter ∆KMAX is the limit on the amount of investment in capacity the

network operator can make every 3 periods. This was intended to reflect that

large increases in capacity are technically feasible. Along the optimal invest-

ment path, the maximum ∆KMAX = 5 is not binding. If the network operator

invest the maximum = 5 units whenever he could, total capacity would be 54,

much larger than total demand, which always remains lower than 22 units.

The initial network capacity K0 is set at a level relative to initial demand so

that the network operator would make a similar investment in the first period

as in all subsequent periods.

The parameters γ and κ adjust the demand function for the first two units of

demand for each network user. These are set to reflect the tradeoff from taking

on large commitments to supply powerful downstream users. These require a

specific investment, are very profitable if fulfilled, and particularly costly to

fail to fulfill. With the parameters we have chosen, network users will only

make a loss on these contracts if they do not obtain any network capacity in

the market. If they obtain at least two units, they make a profit of at least 60

ECU.





D. Instructions

Section D.1 provides the instructions for the price cap (B) treatment. Between

“[n] >>>” and “<<< [n]”, text passages are either replaced or added in the

instructions for the other two treatments. Those changes and additions are

detailed in Section D.2 below.

D.1. Instructions for the Baseline Treatment (B)

Welcome!

Thank you very much for your participation in this experiment! If you follow

the instructions carefully and make good decisions, you can earn a consider-

able amount of money, which will be paid to you in cash at the end of the

experiment.

The experiment will be made up of a series of periods. You are either a Type

A or a Type B Player. There will be exactly 4 Type A Players and 1 Type

B Player in the experiment. You will remain the same type of player in each

period.

The money used in the experiment is ECU, or Experimental Currency Units.

The ECU that you earn in the experiment will be converted to Euros and paid

to you.
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In each period, there will be a good sold called X. Type A Players can earn

money by buying X, while the Type B Player can earn money by selling X.

Pages ( ) discuss specific information for Type A Players while Pages () dis-

cuss specific Information for the Type B Player. Page () provides you with

information on the proceedings during the Experiment.

Specific Instructions for Type A Players

[1] >>>

Type A Players can earn money by buying X at low prices.
<<< [1]

[2] >>>

<<< [2]

Buying X:

In each period you can buy units of a good called X. You will receive ECU

for each unit of X that you buy in each period. The amount of ECU that each

unit of X that you buy pays to you is shown on your computer screen at the

beginning of each period. The X that you buy only lasts one period, so you

need to buy more X each period to earn money in every period.



Appendix D. Instructions 77

Please consider now Screenshot 1 issued to you separately. Its layout is similar

to many screens which a Type A Player will encounter. Each period from 1 –

6 is shown in a different column. The first number in each “Period column”

is the amount of ECU you receive from the first unit of X that you buy in a

period. The second number in each column is the additional amount of ECU

that you receive from the second unit that you buy in a period, etc. . . The

amount of ECU you receive for a particular unit of X is also called “Valuation”

In every period, you will have valuations for six (6) units of X. Note though

that if the amount of ECU indicated for a particular unit of X (Your Valuation

for that unit) is 0, then you will not receive any ECU for it. Only you know

your own Valuations.

Bonus Values:

Type A Players may pay some money to increase the ECU that some of the

units they buy pay off. If you do so, your decision is in effect for the next six

periods. You have three options:

• You can pay a total of 60 ECU, which will be charged to you in the form

of 10 ECU each period for the next 6 periods, to increase the ECU you

receive for the first two units you buy by 20 ECU each. This Option is

called Bonus Valuation 1.

• You can pay a total of 120 ECU, which will be charged to you in the

form of 20 ECU each period for the next 6 periods, to increase the ECU

you receive for the first two units you buy by 40 ECU each. This Option

is called Bonus Valuation 2.
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• You can pay 0 ECU and not change the amount of money you receive

for the X you buy. This Option is called Standard Valuation.

The raise in the amount of ECU you receive for the first two units of X is

indicated by “+ 20” (Bonus Valuation 1) or “+ 40” (Bonus Valuation 2) for

your valuations of the first two units.

The Market for X

In each period, units of X are sold to Type A Players in an auction. One

auction for X takes place in each period. To buy units of X, you must place

bids for them. You must place a bid for all six units for which you have a

valuation (i.e. also for those for which your valuation is 0), but if you do not

want to buy a unit, simply enter a “0” in the respective field on the screen.

The outcome of the auction is determined according to the following rules:

• The players who make the highest bids receive the X being sold.

• For example, suppose that the Type B Player offers 5 units of X in

period 1.

• Then, in the auction in period 1, the players who made the five highest

bids receive units, one unit for each of the bids they have among the top

five.

• The price that every winning bidder pays equals the lowest of the win-

ning bids.
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• In the example above with five units for sale, the lowest winning bid is

the fifth highest bid.

Consider the following illustration of the previous example. The table below

indicates the hypothetical bids of the four Type A Players (named Player 1

through Player 4) for X in period 1:

Player 1 Player 2 Player 3 Player 4
13 12 9 5

6 7 4 5

0 3 4 4

0 0 0 3

0 0 0 1

0 0 0 1

• Remember that we assume that there are five units of X for sale.

• The five highest bids are 13 , 12 , 9 , 7 and 6.

• The players who submitted these bids receive one unit of X for each of

these top five bids:

– Player 1 receives 2 units of X (13, 6)

– Player 2 receives 2 units of X (12, 7)

– Player 3 receives 1 unit of X (9)

– Player 4 receives no units of X



80 D.1. Instructions for the Baseline Treatment (B)

• The price that every winning bidder pays is equal to the lowest of the

winning bids. In this example, the lowest winning bid is 6.

– Player 1 receives 2 units of X for a price of 6 ECU per unit.

– Player 2 receives 2 units of X for a price of 6 ECU per unit.

– Player 3 receives 1 unit of X for a price of 6 ECU per unit.

– Player 4 receives no units of X

If there are more bids equal to the winning bid, it will be randomly determined

by the program who of the players which submitted these bids will receive the

unit of X.

[3] >>>

<<< [3]

Your income as a Type A player

In each period, your income as a type A player is equal to:

[4] >>>

The value of X you have purchased

+ bonus values on units you have purchased

- money you spend in the auction for X

- money you spend on bonus values

<<< [4]



Appendix D. Instructions 81

Timing

[5] >>>

The following table shows the actions you will need to take in every block

of 6 periods. In period 1, you can choose a bonus value and then buy X. In

periods 2 – 6, you can buy X. There is a cycle of six periods, so that period 7

is the same as period 1, period 8 the same as period 2, etc. . .

Period

1 2 3 4 5 6

a. Choose Bonus Value x

b. Buy X x x x x x x

<<< [5]

On the top left corner of every screen in the game, the program tells you

exactly at which point you are. If you again have a look at Screenshot 1, you

can see that this particular screen provides you with summary information

(about your valuations and your bonus choice) just prior to the auction for X

in Period 1. It reads: Period 1.b: Summary. With this information and the

table above you can always find out at which point in the game you are!

[6] >>>

Specific Instructions for the Type B Player

The Type B Player can earn money by selling X.
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Selling X & Expanding Capacity

In each period, the Type B Player sells units of X. The maximum amount that

she can sell is called her capacity. So if her capacity is equal to “n” units, she

can at most offer “n” units of X in the auction for X. In every auction of X,

the Type A Players submit their bids before the Type B Player decides on the

amount of X that she wants to sell. The Type B Player can offer her entire

capacity, that is she sells as many units of X as she can. The Type B Player is

however also free to offer less (but at most 10 units of X less than capacity is

available).

For her capacity, the Type B Player incurs a cost: 10 ECU in every period for

each capacity unit, regardless of whether it is actually used to sell X or not.

The Type B Player has the opportunity to increase her capacity in every third

period, beginning in period 1. At each of these instances, she can increase her

capacity by at most 5 units. The capacity of X the Type B Player starts with

in Period 1 is 4 units of X. Recall once more that for each unit of capacity that

she has, she must pay 10 ECU in every period. If she increases her capacity,

she can never decrease it in the future, and she must pay the 10 ECU fee every

period for each unit of capacity she has until the end of the experiment.

Your income as a Type B Player

[7] >>>

<<< [7]
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In each period, your income as a Type B Player is equal to:

The money you receive from selling X

- money you spend on capacity

Timing

The following table shows the actions you will need to take in every block of

6 periods. In period 1 and period 4, can increase your capacity and sell X. In

periods 2, 3, and 5, you sell X. There is a cycle of six periods, so that period 7

is the same as period 1, period 8 the same as period 2, etc. . .

Period

1 2 3 4 5 6

a. Increase Capacity x x

b. Sell X x x x x x x

<<< [6]

FURTHER PROCEEDINGS IN THIS SESSION

After we have read these instructions together, you will have the opportunity

to ask questions. Then the experimenter will issue a quiz to check your un-

derstanding. Performance in the quiz is judged primarily by the correctness

of your answers and secondarily on the speed in which you complete the quiz.
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The first participant with full points (or the highest amount of points in the

quiz) will become the Type B Player. The four next best participants will at-

tain the role as Type A Players. The remaining participants will receive 10

Euros for their participation and are asked to leave. Then the actual experi-

ment begins. There will be three “runs”. The first run consists of 12 periods

(2 blocks). This run is conducted to familiarize you with the procedures and

the screens of the experiment. In the first one or two periods, the experimenter

will go through the screens with you together and explain to you what you see

on each screen. As this run is intended to familiarize you with the experiment,

the decisions you take in these 12 periods do not affect your payment at the

end of the experiment. The second run consists of 30 periods (5 blocks). Your

performance in this run determines your payment at the end of the experiment.

The third and final run consists of 30 periods as well, and again your perfor-

mance in this run determines your payment at the end of the experiment. The

proceedings in all of the three runs are identical. After each run, the computer

will prompt you to enter your first and last name. This is solely for the pur-

pose of paying you after the experiment. At no point will that information be

published! Also, after each run the experimenter will come to you and restart

the program in order to prepare for the next run.

YOUR PAYMENT

Payment for Type A Players

In the second and third run, you will be informed on a screen at the onset

of the run how the amount of ECU is converted to Euros. This conversion

can differ between the second and the third run, as can your valuations. The

sum of your earnings in the second and third run determines your payment.
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You will receive a loan of 500 ECU in the first period of the game (to cover

temporary losses, if any) but that loan will automatically be deducted in the

final period of the experiment.

Payment for the Type B Player

In the second and third run, you will be informed on a screen at the onset of

the run how the amount of ECU is converted to Euros. This conversion can

differ between the second and the third run. The sum of your earnings in the

second and third run determines your payment. You will receive a loan of 500

ECU in the first period of the game (to cover temporary losses, if any) but that

loan will automatically be deducted in the final period of the experiment. In

addition, you will receive a lump sum payment of 30 Eurocent for each period

in runs 2 and 3.

D.2. Changes and additions in the RH and FA
Treatments

[1] In FA replaced by

Type A players can earn money by buying X and by buying insurance at low

prices.

[2] Additional Section in FA
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In each period, there will be a good sold called X. In every sixth period, be-

ginning in period 1, there will be another good sold, called insurance. Type A

players can earn money by buying X and insurance, while the type B player

can earn money by offering X and selling insurance for X.

[3] Additional Section in FA

In every sixth period, beginning in period 1, you can submit bids for insurance.

This occurs before you choose your bonus values and before the Market for

X in that period. You can bid for it in an auction with the same rules as

the market for X (see the previous section). You can purchase as many units

of insurance as you would like, at most six units though, provided that your

bids are high enough and that there are enough units of insurance for sale.

The Type B Player decides in every third period, beginning in period 1, how

much insurance she wants to sell. You do however only submit bids every

sixth period (just before you decide on your bonus values), and these bids

determine how much insurance you will obtain each time the Type B player

offers insurance.

• If you receive a unit of insurance, it lasts until the next time you submit

bids for insurance

• In each period until then, it pays you an amount equal to the price of X

in that period

• However, you also pay the auction price for the insurance in every pe-

riod that it lasts
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For example, if you obtain 2 units of insurance for a price of 20 ECU in the

insurance auction in period 1, then you have to pay 2 x 20 = 40 in periods

1-3. If the Type B player decides not to offer any additional units of insurance

in period 4, you will pay that amount in periods 4-6 as well. The reason it is

called insurance is the following.

1. Suppose that you do not buy a unit of X in the auction for X because the

auction price was too high, but you have insurance. Then, you can still

benefit from the high price of X. This is because one unit of insurance

gives you a payment equal to the price for one unit of X. That means

that the higher the price of X is, the higher your insurance payout.

2. If you buy a unit of X, you can get a refund equal the price you pay if

you have a unit of insurance. This means that you do not pay anything

for the unit of X you bought. Remember though that you still have to

pay for the insurance you bought.

[4] In FA replaced by

The value of X you have purchased

+ bonus values on units you have purchased

+ insurance payouts you receive

- money you spend in the auction for X

- money you spend in the auction for insurance

- money you spend on bonus values

[5] In FA replaced by
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The following table shows the actions you will need to take in every block of

6 periods. In period 1, you can buy insurance, then choose a bonus value and

finally buy X. In periods 2 – 6, you can buy X. In Period 4c, you might receive

additional insurance and the price for insurance might change if the Type B

player decides to issue additional insurance. There is a cycle of six periods,

so that period 7 is the same as period 1, period 8 the same as period 2, etc. . .

Period

1 2 3 4 5 6

a. Buy Insurance x

b. Choose Bonus Value x

c. Additional Insurance x

d. Buy X x x x x x x

[6] “Specific Instructions for the Type B Player” in FA replaced by

Specific Instructions for the Type B Player

The Type B player can earn money by offering X and selling Insurance
for X

In each period, the type B player must offer units of X. All units of X that the

Type B Player can provide are automatically offered in the auction discussed

on pages 2 and 3 of these instructions. The total number of units of X can
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provide is called her capacity. The capacity can be increased but never de-

creased. The capacity of X the type B player starts with in Period 1 is 4 units

of X. For each unit of capacity that the Type B player has, she incurs a cost of

10 ECU in every period. If she increases her capacity, she can never decrease

it in the future, and she must pay the 10 ECU in every period for each unit of

capacity she has until the end of the experiment.

The Type B player can increase her capacity every third period beginning from

period 1 by at most 5 units. The Type B player is at the same time obliged to
offer an identical number of insurance units to the Type A players. This
is done automatically.

This requirement has important implications: Recall from the description of

Insurance on page () that one unit of Insurance pays a Type A player exactly

the Market price for X. Hence, the money which the Type A players spend on

buying X in each period’s market for X is not kept by the Type B player but

instead entirely used to pay out the Type A players according to their holdings

of Insurance. Put differently: The Type B player does not have any direct
income from offering X to the Type A players.

However, the Type B player can make profits by selling Insurance for her

capacity of X. Recall from above that the Type B player must sell one unit of

insurance for every unit of her capacity of X. By increasing her capacity, the
type Player sells more Insurance to the Type A players in the Insurance
auctions discussed on page 3.

Recall that the Type A players submit bids for insurance every sixth period,

i.e. in the first period of each six period block (that is in periods 1, 7, 13,

19, and 25). In contrast, the Type B player can increase her capacity (and
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hence offer additional insurance) every third period, and therefore in the first

and fourth period of each six period block. Thus, at both opportunities for the

Type B player to invest, the bids submitted by the Type A players in the first

period of the current six period block are used.

Important: The maximum amount of ECU for selling one unit of insurance

which the Type B player is allowed to keep is limited: In case the price for

Insurance the Type A players have to pay in the insurance auction described

on pages 3 and 4 turns out to be higher than 15 ECU per unit, the Type B

player will only receive the 15 ECU per unit of insurance while the difference

between the payments of the Type A players and that amount is kept by the

computer. Only if the market price for Insurance is below 15 ECU, the type

B player will obtain the market price for Insurance. Thus, the Type B player
can at most receive 15 ECU for each unit of insurance she sells.

The screen that the Type B Player will see when she has to decide on her

capacity and number of insurance units to sell for the next three periods is

depicted in Screenshot 2. On the left you see a column of red buttons. By

pressing one of these, the Type B Player decides on the number of insurance

units she sells. If she presses the button at the top, she does not increase her

capacity over the current amount and hence does not sell any additional Insur-

ance as well. If she presses the second button, she sells one additional unit of

insurance on top of that, if she presses the third one she sells two additional

units of insurance and so on. For every choice the screen provides her with

the total number of capacity and insurance units which she would then sell

(second column), the price per unit of insurance she would receive until the

next opportunity to increase her capacity (third column) and finally the profit

which she makes by selling them. The profit shown already considers the
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costs which the Type B player incurs for each unit of capacity.

Note well: The profit displayed is the amount of ECU you make per period

from selling the respective number of insurance units. The profit numbers thus

tell you how much ECU you can earn with certainty in each remaining period

of the current six period block.

Example1: Assume that you are in Period 7, hence the first period of the sec-

ond six period block. Assume that by adding one additional unit of capacity

(and hence one additional unit of insurance) the profit indicated is 40 ECU.

Thus you will receive 40 ECU until period 12 (the final period of that block),

assuming that in Period 10, the second opportunity to expand your capacity /

and sell additional insurance in the second block, you decide not to add any

additional capacity.

Example 2: We are in the same situation as above, however you are now in

period 10 and decide to add capacity in that period as well. Assume your

indicated profit is then 45 ECU. You will then obtain 45 ECU in periods 10,

11 and 12.

Your income as a type B player

In each period, your income as a type B player is equal to:

The money you receive from selling Insurance

- money you spend on capacity Timing
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The following table shows the actions you will need to take in every block of

6 periods. In period 1 and 4, you decide on your capacity and on the amount

of insurance you sell. There is a cycle of six periods, so that period 7 is the

same as period 1, period 8 the same as period 2, etc. . .

Period

1 2 3 4 5 6

Increase Capacity & Sell Insurance x x

[7] Additional Text in the Regulatory Holiday Treatment

You earn money by selling X to the Type A players. The amount of money

you receive in a period from selling X depends not only on the bids which

the Type B players submit and the amount of X that you offer but also on the

expansion of capacity during every six period block (the blocks are illustrated

on page 3 and on page 7 and start in periods 1, 7, 13, 19 and 25 respectively)

For all units of X which you can provide with capacity that was already avail-

able during the previous block, you obtain a regulated price. That price is

equal to 15 ECU for each unit of X sold if the market price, that is the price

which the Type A players pay (refer to page 2 on how that one is calculated),

is equal to or higher than 15 ECU. You receive the market price only if it is

lower than 15 ECU.

For units of X which you can only offer because you have increased your

capacity during the current six period block, you receive the full market price,
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even if it is higher than 15 ECU. Remember that during each six period block,

you can increase your capacity twice: Once in the first period of the six period

block and then once more three periods later (Have a look at the table on page

7 for an illustration). Please consider the following example which illustrates

how your profit as a Type B player is calculated:

The screen that the Type B Player will see during the stage of deciding on how

much of her capacity to use is depicted in Screenshot 2. By pressing one of

the red buttons on the left, she decides on the amount of X to sell. By pressing

the highest button, she sells the maximum possible number of X (her entire

capacity), by pressing the one below she sells one unit less, and so on. For

every possible choice, the screen tells her the amount of X she would sell at

the regulated price (which is also provided), the amount of X she would sell

at the market price (which is also provided) and finally her profit (her income)

from selling X.

Remember: Regardless of whether the Type B Player offers her entire capacity

or less, she will incur the cost of 10 ECU for every unit of her capacity. This

cost is included in the calculation of the profit that is shown in the final column

in the screen depicted in Screenshot 2.





3. ISS Scheme Implementation under
Demand Uncertainty

3.1. Introduction

Regulation of network industries should ideally succeed to combine two po-

tentially conflicting goals: Competitive access-pricing and the preservation of

investment incentives. In the network sectors of the European Union, price

cap regulation is a widely applied regulatory tool. As previously outlined

in Chapter 2, several authors, including Gans and King (2003) and Vogel-

sang (2006), argue that price cap regulation does not provide sufficient in-

vestment incentives. European Union initiatives1 as well as provisions for

regulatory holidays in both EU and national law2 corroborate this conjecture,

even though Chapter 2 has provided evidence that regulatory holidays may

actually fail to outperform price cap regulation under certain conditions.

In this chapter3, I investigate a class of regulatory schemes which has been

purposely designed to induce a regulated monopolist to investment optimally:

Incremental Surplus Subsidy (ISS) Schemes. While ISS schemes apply the

principles of price cap regulation, they are based on two-part tariffs. A subsidy

1See, for example, ERGEG’s GRI NW on the stipulation of additional investments in natural
gas interconnector capacity.

2Examples include the “Gas Directive” 2003/55/EC on the EU-level and the German
Telecommunication Law (“Telekommunikationsgesetz, TKG”) on the member state level.

3Funding by CentER is gratefully acknowledged.
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equal to the increment in consumer surplus that is generated by an investment

preserves the regulated firm’s incentives to invest efficiently. The existing

literature shows that ISS schemes have impressive theoretical properties, but

their performance has not yet been evaluated in an environment of particular

practical relevance: Demand uncertainty on the side of both the regulated firm

and the regulator. Auctions could be used to aggregate the required demand

information from access-seekers, but to the best of my knowledge their ability

to do so has not yet been evaluated in a two-part tariff setting. This study aims

to provide a qualified answer the following research question:

Can auctions successfully implement incremental surplus subsidy

schemes under aggregate demand uncertainty?

Specifically, I am interested whether auctions can reveal demand sufficiently

accurate such that a firm operating under ISS regulation reaches more opti-

mal investment decisions than under price cap regulation. This chapter pro-

ceeds as follows. The next section summarizes the existing literature on ISS

schemes. Section 3.3 discusses the properties of uniform price- and Vickrey

auctions when implemented in the context of two-part tariff schemes. Section

3.4 presents the experimental design of this study. Section 3.5 presents the

data and its analysis while Section 3.6 concludes.

3.2. Literature Review

Loeb and Magat (1979) introduced a novel approach to the regulation of nat-

ural monopolies: In addition to revenues from selling its product to the con-

sumers, the regulated monopolist would receive a subsidy equal to the entire

consumer surplus in the regulated market. The additional subsidy turns the

firm’s profit maximization problem into one of welfare maximization, induc-

ing the firm to conduct socially optimal investments. Additionally, the regu-
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lator requires no information on the firm’s cost structure4 to implement this

two-part tariff. However, both the regulator and the firm require complete

demand-information to determine the subsidy payment. As the subsidy is

equal to the entire consumer surplus, the amount of money to be raised from

consumers can be substantial. To limit subsidy payments, Loeb and Magat

(1979) propose that firms engage in franchise bidding for the monopoly - and

hence for the subsidy. The subsidy payment of the access seekers would then

be reduced by the franchise fee of the winning firm. Vogelsang (1988) points

out the limitations of the franchise bidding approach: Several bidders with

full information on demand would have to participate in the franchise auction

in order to generate sufficiently high auction revenues. Whether these con-

ditions are met for network industries is questionable. Commenting on Loeb

and Magat (1979), Sharkey (1979) raises two additional points of concern

which also apply to the approaches presented further below. The first point,

whose discussion is outside the scope of this study, is that quality of service is

not considered in the regulatory process at all. The second aspect is however

at the center of this study: I will outline that the requirement to contribute to

a subsidy affects access seekers’ incentives to truthfully reveal their demand

for access in auctions.

After Loeb and Magat (1979), attempts were made in the literature to limit

subsidy payments while keeping the investment incentives intact. Incremen-

tal surplus subsidy (ISS) schemes are the results of these efforts. In contrast

to Loeb and Magat (1979), the regulated firm receives a subsidy equal to the

change in consumer surplus caused by its investment and pricing decisions.

Sappington and Sibley (1988) show that a firm immediately and optimally

invests under ISS regulation in a static environment in which the regulator

possesses as much demand-information as the firm. Consumer surplus is non-

decreasing over time and the regulated firm’s profit can be held arbitrarily

4This is a common property of all schemes presented in this section.
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close to zero in all periods following the investment period5. Adding to the

framework and results of Sappington and Sibley (1988), Sibley (1989) in-

vestigates a situation in which the regulated firm has complete information

on demand while the regulator has none at all. Sibley shows that if the ISS

Scheme is offered as an alternative to a linear price cap, the firm has incentives

to fully reveal its demand information to the regulator.

The literature presented so far assumes that the regulator has the means to

obtain perfect demand information. What are the consequences if the regu-

lator must rely on “verifiable” (Vogelsang, 1989) demand information, such

as changes in prices and quantities, to approximate changes in consumer sur-

plus? Vogelsang (1988) shows that the firm will not immediately invest the

full difference between the current and the optimal capacity if the change in

consumer surplus is approximated by price-changes weighted with Laspeyres-

weights. Convergence to the optimal capacity takes several periods6 as the

approximation using Laspeyres weights under-estimates the true change in

consumer surplus. The author investigates whether an approximation based

on a weighted Laspeyres-Paasche index improves on the performance of the

Laspeyres approximation:

∆CS =
1
2
(pt−1− pt)(qt−1 +qt)

pt and pt−1denote access-prices in the current and previous period, qt and

qt−1 the amount of access to the network granted in the current and previ-

ous7 period respectively. Vogelsang (1988) shows that the application of the

5If the regulator knows the regulated firm’s discount factor, positive firm profits could be
eliminated even in that period.

6This is a result which is also reported in earlier work, Finsinger and Vogelsang (1985).
Vogelsang (1988) can however show that the investment pattern is nevertheless superior to
the one under linear price caps.

7Vogelsang (1988) as well as all other papers discusses here assume that in period t =1, p0
and q0 are exogenous.



Chapter 3. ISS Scheme Implementation under Demand Uncertainty 99

weighted Laspeyres-Paasche index leads to an instantly optimal investment

decision if demand is linear.8 Potential problems with the Laspeyres-Paasche

approximation arise if demand is non-linear. Vogelsang shows that the mecha-

nism might never converge to the optimal level if the inverse demand function

is (quasi-) convex and investments are reversible and non-lumpy. In two sub-

sequent papers, Vogelsang explores the properties of verifiable ISS schemes

towards an actual implementation. Vogelsang (1989) outlines potential is-

sues regarding the contribution of individual access-seekers to the subsidy.

If contributions to the subsidy were non-discriminatory, they would have the

character of a regressive tax; non-discriminatory contributions to the subsidy

would therefore most likely be politically unfeasible. It could also not be ruled

out that small access-seekers with a willingness to pay above the competitive

price would be excluded from the market. Vogelsang proposes instead to de-

termine subsidy contributions based on an access seeker’s access-purchases in

the past. The author does however admit that this might cause access-seekers

to behave strategically. Vogelsang (2001) makes another step towards adjust-

ing verifiable ISS schemes for an actual implementability. The paper’s main

contribution is to demonstrate that a verifiable ISS scheme can be extended to

take into account the multi-node nature of electricity networks with multiple

nodal prices. In addition, the paper continues the discusses on how to deter-

mine an access seeker’s individual subsidy payment. Vogelsang shows that

the two-part tariff nature of the ISS scheme is transformed into a linear pric-

ing problem if individual subsidy contributions are based on current period

access-purchases: Access seekers anticipate that any change in the (uniform)

market price will be exactly offset by an increase in the subsidy. Accordingly,

investment levels will be too low (as with linear price caps).

I intend to contribute to the existing literature on ISS schemes in two ways.

8The reason is that for linear demand, the change in consumer surplus is actually not approx-
imated but exactly determined.
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First, while the theoretical properties of ISS schemes and the rules to dis-

tribute the subsidy payment among individual access seekers have been well

explored, they have not yet been put to a test. Using economic laboratory ex-

periments, I will do just that. Second, all presented papers assume that either

the regulator or the regulated firm (or both) possess information on aggregate

demand. How essential is this assumption for ISS schemes to perform well?

Especially in the telecommunications sector - which is characterized by rapid

technological change - regulators and firms alike face substantial demand un-

certainty. If ISS schemes perform well under such difficult conditions, one can

be confident that they will be performing even better under the conditions al-

ready considered in the existing literature. Moreover, by considering auctions

as means to implement ISS schemes, this study contributes to the experimen-

tal literature on multi-unit auctions as well; for the first time, bidding behavior

in multi-unit auctions is evaluated in a two-part tariff setting.

3.3. Auctions & Two Part Tariffs

3.3.1. The Environment & Individual Subsidy Contributions

Consider the following environment based on Vogelsang (2001). There is one

firm owning and operating the network and N access seekers. Each of the

access seekers has demand for multiple “units” of access. Aggregate demand

for access to the network in the current period t can - in contrast to Vogelsang

(2001) - neither be observed by the regulated firm nor the regulator, and ev-

ery access seeker only knows its own demand. Aggregate inverse demand in

period t is given by:

pt (qt) = max(A−bqt ,0) (3.1)

At the onset of period t, a firm has a network with total capacity qt−1. Once
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capacity has been installed, its marginal operating costs are equal to zero.

Investment costs Ct are private knowledge of the firm and are given by:

Ct =

 0
c
2 q2

t

i f qt ≤ qt−1

i f qt > qt−1

(3.2)

Newly installed capacity is immediately available. We assume that in pe-

riod t−1, access seekers purchased qt−1units of capacity at a uniform market

price of pt−1. In period t, the firm is required to sell access to its network

through an auction. The firm is subjected to ISS (two-part tariff) regulation

and solves the following profit maximization problem:

max
qt

πt = Rt (qt)−Ct (qt)+Ft (qt) (3.3)

s.t. Ft =
1
2
(pt−1− pt (qt))(qt−1 +qt) (3.4)

Rt designates the firm’s auction revenue. Equation (3.4) represents the reg-

ulatory constraint which is based on the formulation used inVogelsang (2001).

It specifies the total subsidy Ft to which the firm is entitled. The structure of

the firm’s maximization problem as summarized by Equations (3.3) and (3.4)

is common knowledge among the access seekers. The sequence of actions in

period t is:

1. Access seekers submit bids for access to the network in the auction.

2. Facing the array of submitted bids the firm chooses to sell q∗t units of

capacity, where q∗t is the solution to the maximization problem given by

equations (3.3) and (3.4).

3. Access seeker i obtains qi,t units of capacity. Its payment to the firm is

what it pays in the auction plus its individual contribution to the total
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subsidyFt .

Access seeker i’s individual contribution to the subsidy Fi,r in round r9 is

calculated - depending on treatment - in one of two ways:

Fi,r =
qi,r

qr
Fr (3.5)

Fi,r =
∑

r
j=1

(
qi, j
q j

)
r

Fr (3.6)

In the first case (Equation (3.5)), access seeker i’s contribution is propor-

tional to its access purchases in the current round r. Vogelsang (2001) shows

that a subsidy payment which is determined according to Equation (3.5) is

not optimal if demand was perfectly observable; the two-part tariff would be

reduced to a linear price cap. Notwithstanding this theoretical caveat, using

Equation (3.5) to determine individual subsidy payments is an easily imple-

mentable and arguably a very practical choice, especially as potential alterna-

tives are not without problems10 either. In the second case (Equation (3.6)),

access seeker i’s contribution is based on the average of the share defined in

Equation (3.5) over all rounds r of the experiment that have elapsed so far.

Equation (3.6) decouples an access seeker’s subsidy payment in round r from

its access-purchases in the same round to a higher degree than Equation (3.5)

does. Let

∆

(
qi

q

)
/

(
qi

q

)
9The presented model assumes a one shot interaction: Decisions are made in period t only.

In the experiment, subjects will face the decision making situation in period t for 20 times.
I refer to these repetitions of period t as “rounds” and index them by r.

10As Vogelsang (1989) points out, using historic purchasing data may induce intertemporal
strategic behavior. Non-discriminatory contributions are not unproblematic as well: They
impose a regressive tax and are therefore most likely politically unfeasible.
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be the absolute percentage change of access-seeker i’s share of total access

from round r−1 to the current round r. Let

∆

(
Fi

F

)
/

(
Fi

F

)
be the the absolute percentage change of access-seekers i’s share contributed

to the subsidy from round r− 1 to the current round r. By Equation (3.6) it

holds that

∆

(
Fi

F

)
/

(
Fi

F

)
≤ ∆

(
qi

q

)
/

(
qi

q

)
for all rounds except the first one (where the relation holds with equality).

In contrast, we have that

∆

(
Fi

F

)
/

(
Fi

F

)
= ∆

(
qi

q

)
/

(
qi

q

)
for all rounds if individual subsidy payments are calculated according to

Equation (3.5).

3.3.2. Hypotheses on Bidding Behavior

As reported in Section 3.2, it is essential that the subsidy Ft approximates

the actual change in consumer surplus as closely as possible. If the sub-

sidy falls short of the actual change in consumer surplus, investments will

be sub-optimally low. By using a linear demand function (Equation 3.1)

with the weighted Laspeyres-Paasche index (Equation 3.4), one avoids a sys-

tematic under-estimation of the change in consumer surplus on the grounds

of an insufficiently accurate approximation. However, the reliance on auc-

tions to elicit aggregate demand introduces another potential source for under-

estimating the actual increment in access seekers’ surplus: Bid shading. To

the best of my knowledge, there has not yet been any assessment - theoretical
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or experimental - on bidding behavior in auctions when these also determine

(discriminatory) subsidy payments. I assess two auction formats: Uniform

price sealed-bid auctions (UPA) and Vickrey auctions. In particular, this study

explores how the rules used to determine individual contributions to the sub-

sidy (Equations (3.5) and (3.6)) affect bidding behavior in these two auction

formats.11

3.3.2.1. Uniform Price Auctions

In multi-unit uniform price sealed bid auctions, the symmetric equilibrium

strategy for risk-neutral bidders is to shade bids on all units but the first one.

As Krishna (2009) points out, the intuition behind this result is that all units

but the first one have a positive probability to set the uniform market price.

Lowering those bids raises the expected revenue on infra-marginal units by

lowering the uniform market price. Kagel and Levin (2001) experimentally

assess the bidding behavior in multi-unit uniform price auctions using a frame-

work in which human bidders with sub-additive demand for two units bid

against computerized bidders with single unit demand. With 55% of the sub-

jects bidding equal to their valuations on their first unit and approximately

61% of subjects shading on their second unit, Kagel and Levin (2001)’s re-

sults generally support the theoretical predictions. Alsemgeest, Noussair and

Olson (1998) conduct an experiment in which three human bidders, each with

demand for two units, face an inelastic supply of four units. Under uniform

price sealed bid auction rules, bidders behave essentially as two separate bid-

ders with unit demand; bidders shade on both units but to a lesser degree than

11In the discussion below, I argue that Vickrey auctions will perform better than uniform price
auctions when Equation (3.5) is used to determine individual subsidy contributions. Due to
budget constraints, I implemented the allocation rule of Equation (3.6) only in combination
with the Vickrey auction to test whether performance could be further improved.
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theory would predict for the single-unit uniform price auction.12

I illustrate the likely effects of discriminatory subsidy payments (Equation

(3.9)) on bidding behavior in UPA using two hypothetical market outcomes

provided in (Table 3.1). Assume that access seekers in “Outcome A” have

Outcome A Outcome B
Successful bids qA qB = qA +1
Successful bids bidder i qA

i > 0 qB
i = qA

i +1
Uniform Price pA pB

Total Subsidy FA FB

Individual Subsidy bidder i FA
i FB

i
Obtained Valuations all bidders V A V B

Obtained Valuations bidder i V A
i V B

i

Table 3.1.: Hypothetical Outcomes

submitted a bid schedule which is linear and monotonically downward slop-

ing up to qA. For q > qA, bids are equal to zero. Assume further that an iden-

tical bid schedule up to qA has been submitted in Outcome B. Access seeker

i has submitted an additional bid equal to pB > 0, resulting in a linear and

monotonically downward sloping schedule up to qB. Consequently, pA > pB

and FA < FB by Equation (3.4). By the linearity of the bidding schedules and

Equation (3.4) it then also holds that FB−FA ≡ ∆F =V B−V A. The change

in consumer surplus is exactly offset by the increase in the subsidy payment;

no access seeker benefits from a lower price for its infra-marginal units. How-

ever, all access seekers except access seeker i benefit from a re-allocation of

individual subsidy payments: Let access seeker i’s subsidy payment be equal

to FA
i =

qA
i

qA FA under Outcome A and equal to FB
i =

qB
i

qB FB under Outcome B.

Let ∆Fi ≡ FB
i −FA

i . As qB
i

qB >
qA

i
qA and FB > FA, both access seeker i’s relative

12Alsemgeest, Noussair and Olson (1998) attribute the the overbidding relative to the theoret-
ical prediction to bidders being risk averse.
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and absolute contributions to the subsidy increase; access seeker i exerts a

positive externality on the other access seekers. Access seeker i’s benefit from

the additionally accepted bid is ∆Vi =V B
i −V A

i ≥ 0. As ∆Fi = FB
i −FA

i > 0, it

is however possible that ∆Fi > ∆Vi: Access seeker i’s profit under Outcome B

can be lower even if it shades on all bids.13 Access seekers therefore have in-

centives to avoid receiving units which would only marginally increase their

utility: Compared to a UPA without subsidy payments, access seekers will

thus likely shade more intensively. I formulate the following hypothesis:

Hypothesis 1: Compared to a UPA without subsidy payments,

subjects will shade their bids more intensively when contributions

to the subsidy are based on current access purchases (Equation

(3.5)).

3.3.2.2. Vickrey Auctions

Vickrey Auctions as proposed by Vickrey (1961) represent the multi-unit equiv-

alents to second price sealed bid auctions. A bidder pays the k-th highest non-

accepted bid of the other bidders for its k-th highest accepted bid. The weakly

dominant strategy is to truthfully reveal demand independently of risk-attitude

(Krishna, 2009). Using experiments, Manelli, Sefton and Wilner (2006) eval-

uate whether the theoretical prediction holds. In their environment, three bid-

ders - each with demand for three units - bid for three available units. Contrary

to the theoretical prediction, the authors find that subjects consistently bid

above their valuations.14 While systematic overbidding could induce over-

investment in the environment described in Section 3.3.1, the environment’s

13In UPA without any subsidy payments, the acceptance of an additional shaded bid never
decreases the bidder’s payoff.

14This result is in line with previous experimental research on second-price auction rules in
single unit demand settings, see for example Kagel and Levin (2001) and Harstad (2000).
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quadratic (Equation (3.2)) cost structure limits the scope to which this is pos-

sible.

As the Vickrey auction is a discriminatory price auction, a price pt must

be defined in order to calculate the total subsidy according to Equation (3.4).

Using the lowest accepted or the highest rejected bid as in a uniform price

auction would lead to under-investment; even if the subsidy was equal to the

full information benchmark, the auction revenues would fall short compared

to that situation due to the Vickrey pricing rule. So in order to induce the

optimal investment level, the subsidy payment must be increased above the

full information benchmark to compensate the shortfall in auction revenues.

This can be achieved by using either the average or the median of the bids

which are actually paid by the bidders. I choose the median over the average

as this measure is more robust against any individual attempts to influence

pt . I conjecture that underbidding in the two-part tariff setup with Vickrey

auctions and individual contributions calculated based on Equation (3.6) is

less severe compared to uniform price auctions. While the incentive to shade

marginal bids in order to limit the contribution to the subsidy persists, the

experimentally observed tendency to overbid might compensate it to a certain

degree. I propose the following hypothesis:

Hypothesis 2: If individual subsidy contributions are based on

current access purchases (Equation (3.5)), bid shading in Vickrey

auctions is lower than in UPA.

I have previously shown that Equation (3.6) decouples an access seeker’s in-

dividual subsidy payment from its current access purchases to a higher degree

than Equation (3.5) does. Bid shading in any given round r > 1 is thus less

effective in reducing relative and absolute contributions to the subsidy. I there-

fore propose a final hypothesis:

Hypothesis 3: Bid shading in Vickrey auctions is lower when
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individual subsidy contributions are based on average access pur-

chases ((3.6)) instead of current access purchases (Equation (3.5)).

3.4. The Experiment

3.4.1. The Environment

In order to test the hypotheses formulated in the previous section, I devise

an experiment which implements the environment presented in Section 3.3.1.

There are three access seekers and one network owner. While the network

owner is automated, the access-seekers are impersonated by human subjects.

The experiment extends over 20 rounds, and in each round r inverse demand

is a discrete step-function:

pr (qr) = max(65−5qr,0) , qr ∈ {1,12} (3.7)

There are thus twelve discrete non-zero valuations - ranging from 60 ECU15

to 5 ECU - which are randomly allocated at the onset of each round to the

three access-seekers; each access-seeker obtains 4 valuations. The automated

network owner faces the the following investment costs.

Cr =

 0
5
2 q2

r

i f qr ≤ 3

i f qr > 3
(3.8)

The network owner’s profit maximization profit is given by:

15ECU is short for “Experimental Currency Units”, the currency used throughout the experi-
ment.
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max
qr

πr = Rr (qr)−Cr (qr)+Fr (qr) (3.9)

s.t. Fr =
1
2
(50− pr (qr))(3+qr) (3.10)

Table 3.2 provides information on quantities, prices and total welfare for

ISS Full Information Monopoly
Market Outcomes
Quantity 6 3
Price 35 50
Welfare Components
Variable Payment 210 150
Subsidy 67.5 0
Cost 90 0
Network Operator’s Profit 187.5 150
Access Seekers’ Surplus 7.5 15
Total Welfare 195 165
Efficiency % 100 84.62

Table 3.2.: Market Outcomes and Welfare

two theoretical benchmarks: The first column shows the outcome under the

ISS scheme if demand was perfectly observable. The attainable total welfare

is equal to the first best outcome in this case. The second column specifies the

monopoly outcome under the assumption that the firm has full information on

demand. Note that consumer surplus under the two-part tariff scheme is lower

as Equation (3.10) slightly over-estimates the actual increment in consumer

surplus - and hence the subsidy - due to the discrete nature of the inverse

demand function.16

16This over-estimation does not improve the performance of the two-part tariffs in our envi-
ronment. If demand was truthfully revealed, the regulated network operator would choose
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The sequence of actions in every round r is given by:

1. The twelve valuations are randomly allocated to the three access-seekers

which consequently submit a bid for each of their valuations.

2. The automated network owner solves its profit maximization problem

(Equations (3.9) and (3.10)) and decides on the number of units to sell

via the auction.

3. The access-seekers are informed about the outcome of the auction. They

receive their valuations for units they acquired in the auction and pay

their individual auction payments and subsidies.

The experiment was not framed, that is no specific network industry terminol-

ogy was used in the instructions which are available in Appendix G. Access-

seekers are called “buyers”, the network owner “seller” and access to the net-

work “product”.

3.4.2. Treatments & Procedures

I conducted four treatments in order to answer our research question. Two

treatments are devised to test Hypotheses 1. The “Linear Price Cap/Uniform

Price Auction” (L/UPA) treatment constitutes the baseline treatment. There

is no subsidy payment and a uniform price auction with a linear price cap

equal to the monopoly price of 50 ECU is implemented.17 The “Two Part

the optimal quantity of six units irrespective of whether the subsidy was 60 ECU or 67.5
ECU.

17Note that this is also the price cap in the formulation of the subsidy payment in Equation
(3.10): If pt exceeds 50, the total subsidy becomes negative. The fact that the cap is equal
to the monopoly price can be interpreted such that - lacking any knowledge of demand and
cost structures - a regulator is unwilling to implement price caps which could potentially
lead to losses for the regulated firm. In addition, setting price caps to lower levels would
introduce an arbitrary element into the design.
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Tariff/Uniform Price Auction/Current Access Purchases” (TP/UPA/C) treat-

ment uses the same uniform price auction rules. However, the network owner

receives a subsidy according to Equation (3.10) to which access seekers con-

tribute according to Equation (3.5). In order to test Hypothesis 3, the “Two

Part Tariff/Vickrey Auction/Current Access Purchases” (TP/VIC/C) treatment

is devised. It differs from the TP/UPA/C treatment only in the auction format

used, which is a Vickrey auction as described in Section 3.3.2.2. I formulate

a fourth treatment to test Hypothesis 3: The “Two Part Tariff/Vickrey Auc-

tion/Average Access Purchases” (TP/VIC/A) treatment implements a Vickrey

auction in combination with a two-part tariff scheme while the access seekers’

individual contributions to the subsidy are determined according to Equation

(3.6).

Five sessions for each treatment (four sessions for the TP/VIC/A treatment)

were conducted at Tilburg University’s CentERLab using the z-tree software

(Fischbacher, 2007). A session lasted on average 75 Minutes, of which ap-

proximately 30 Minutes were spent on reading out the instructions and the

conduct of two training periods which did not count towards the subjects’ fi-

nal payment. 57 subjects - mostly Tilburg University undergraduate students

in economics - participated in the experiment. Subjects earned about 12 Euro

on average.

3.5. Data and Analysis

3.5.1. Bidding Behavior

Figure 3.1 shows the aggregate bid schedules submitted by the subjects for

each treatment. They are obtained through a LOESS kernel regression (Cleve-

land, 1979) performed on the individual bids submitted by the entirety of sub-
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Figure 3.1.: Aggregate bid schedules

jects.18 Figures F.1 to F.4 in Appendix F show the estimated schedules and

their associated confidence intervals (+/- 1 standard error) separately for each

treatment. As predicted by theory, subjects shade their bids in the L/UPA

treatment. The aggregate bid schedule in the TP/UPA/C treatment is con-

sistent with the predictions derived in Section 3.3.2.1: Bid shading in UPA

auctions is stronger when subjects have to contribute to a subsidy based on

current round access purchases; subjects shade their bids attempting to reduce

18Bids were ordered based on the underlying valuations for which they were submitted, start-
ing from the highest possible valuation (60 ECU). In each session, subjects submitted a
total of 240 (3 subjects * 4 bids * 20 rounds) bids, totaling to 1200 observations for each
treatment (240 bids * 5 sessions) except the TP/VIC/A treatment (960 observations, 240
bids * 4 sessions).
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their contribution to the subsidy. Figure 3.1 therefore lends tentative support

for Hypotheses 1. Bid shading in the TP/VIC/C treatment is much less pro-

nounced compared to the TP/UPA/C treatment; demand is almost truthfully

revealed for higher valuations while (compared to the TP/UPA/C treatment)

minor bid shading is observed for lower valuations. This pattern is fully con-

sistent with Hypothesis 2: While subjects do shade their bids for lower val-

uations - consistent with an attempt to limit their subsidy contributions - the

Vickrey auction seemingly provides offsetting incentives to over-bid19 which

all but eliminate bid-shading on higher valuations. The aggregate bid schedule

for the TP/VIC/A lends further support to this conjecture. One observes con-

sistent over-bidding for practically all levels of induced demand, most promi-

nently for the highest levels. By comparing the aggregate bid schedules of the

TP/VIC/C and TP/VIC/A treatments, I find that subsidy contributions based

on average access purchases seem to reduce bid-shading. This observation is

in line with the discussion in Section 3.3.1 and consistent with Hypothesis 3.

I assess the subjects’ individual20 bid schedules to further refine the initial

L/UPA TP/UPA/C TP/VIC/C TP/VIC/A

Proportion of bid schedules with

... truthful revelation of

the highest valuation .37 (.03) .14 (.02) .46 (.03) .14 (.02)

the highest two valuations .24 (.02) .01 (.01) .30 (.03) .09 (.02)

the highest three valuations .15 (.02) .00 (.00) .14 (.02) .06 (.02)

all four valuations .15 (.02) .00 (.00) .08 (.02) .02 (.01)

... shading on all valuations .38 (.03) .64 (.03) .14 (.02) .16 (.02)

Table 3.3.: Classification of Individual Bid Schedules by Treatment

19This observation in fully in line with the results of Manelli, Sefton and Wilner (2006).
20An individual bid schedule consists of the four bids submitted by each subject in each period.

Thus 60 individual bid schedules were submitted by the three subjects in each session,
resulting in a total of 300 individual bid schedules in all treatment except the TP/VIC/A
treatment (240).
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picture obtained by Figure 3.1. Table 3.3 provides the frequency of particular

bidding patterns per-treatment.21 The proportion of schedules in which the

subjects reveal either their highest or their highest two valuations truthfully22

is largest in the TP/VIC/C treatment at 46% and 30% respectively. While the

corresponding proportions in the L/UPA treatment are somewhat lower at 37%

and 24%, they still substantially exceed those in both the TP/VIC/A (14% and

9%) and especially the TP/UPA/C treatment (14% and 1%).23 Interestingly,

subjects truthfully reveal their entire demand most frequently (in 15% of the

cases) in the L/UPA treatment, followed by the TP/VIC/C treatment (8%).

However, the proportion of schedules in which subjects shade their entire de-

mand is, at 38%, considerably higher in the L/UPA treatment compared to

both the TP/VIC/C treatment (14%) and the TP/VIC/A treatment (16%). Sub-

jects most frequently shade their entire demand in the TP/UPA/C treatment

(in 64% of the cases), which lends additional support to the argument for-

mulated in Section 3.3.2.1 and Hypothesis 2. Thus, using data on individual

bidding schedules, one does not only find additional support for our initial ob-

servation that demand is most accurately revealed in the TP/VIC/C and L/UPA

treatments; the former treatment is also slightly better at revealing a subject’s

highest valuations.

I proceed by substantiating the qualitative insights gained by Figure 3.1 and

Table 3.4 using data on the extent of average bid shading and average abso-

21Standard deviations are provided in brackets.
22A valuation is considered to be truthfully revealed if the bid submitted for that valuation

does not deviate by more than 1 ECU from the valuation.
23In addition to the investigation of this “area” bidding, in which subjects truthfully reveal a

certain area of their demand truthfully but shade on their lower valuations, I also checked
for the prevalence of “all or nothing” bidding. Subjects bid “all or nothing” whenever they
truthfully reveal their higher valuations but bid zero for their lower ones. All or nothing
bidding is thus a special case of area bidding. However, I find that subjects do not engage in
all or nothing bidding to any appreciable extent in any of the treatments and hence choose
not to include the corresponding numbers in Table 3.3.
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lute bid shading24 in each treatment (Table 3.4). While average bid shading

L/UPA TP/UPA/C TP/VIC/C TP/VIC/A
Bid Shading 4.07 14.17 2.27 -5.84
Absolute Bid Shading 5.37 16.13 7.81 15.33

Table 3.4.: Average Bid Shading

indicates the direction in which bids deviate on average from the underly-

ing valuations, average absolute bid shading is a measure of how accurately

the induced aggregate demand is revealed: The lower the extent of absolute

bid shading, the closer are the bids to the underlying valuations on average.

The impressions gained by Figure 3.1 and Table 3.3 are generally confirmed.

Demand is most accurately revealed in the L/UPA and TP/VIC/C treatments,

both of which exhibit slight bid-shading on average. I conduct non-parametric

Mann Whitney rank sum tests in order to identify whether the extent of (abso-

lute) bid shading is significantly different between treatments. 25 Averaging

over all observations of a session is required to ensure independence of obser-

vations.26 The null hypothesis to be rejected with the Mann Whitney rank sum

test is that differences between treatments are not significant. We provide one-

tailed p-values on differences in bid shading in Table 3.5 and on differences

in absolute bid shading in Table 3.6.

Using Tables 3.4 and 3.5, I test the three hypotheses on bidding behavior

formulated in Section 3.3.2. I then use Table 3.6 to verify impressions gained

24Let vikr be the k-th highest valuation of access seeker i in round r. Let bikr be the bid
submitted for that valuation. Bid shading is then defined as λikr ≡ vikr−bikr, absolute bid
shading as |λ |ikr ≡ |vikr−bikr|.

25Each session is treated as a single data point, resulting in 19 (3 treatments * 5 sessions + 1
treatment * 4 sessions) data points in total.

26Each subject has four valuations and submits a bid for each of those. Clearly, one can
neither assume independence between the four bids in a particular round nor between the
bids submitted by the same subject over the course of the experiment.
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TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .004 .111 .143
TP/UPA/C .004 .008
TP/VIC/C .278

Table 3.5.: p-values for one-sided rank sum tests of differences in bid shading

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .004 .016 .008
TP/UPA/C .004 .452
TP/VIC/C .032

Table 3.6.: p-values for one-sided rank sum tests of differences in absolute bid
shading

by Figure 3.1 on which of the treatments featuring two part tariffs most accu-

rately reveals aggregate demand; accurate demand revelation is a main deter-

minant27 of ISS scheme performance, which we will assess in Section 3.5.2

below.

Hypothesis 1: Compared to a UPA without subsidy payments

(L/UPA), subjects will shade their bids more intensively when

contributions to the subsidy are based on current access purchases

(TP/UPA/C).

One infers from Table 3.5 that bid shading in the L/UPA treatment is highly

significantly28 lower than in the the TP/UPA/C treatment. Hypothesis 1 is thus

confirmed.

27Refer to Section 3.2.
28A p-value below 0.01 indicated that the differences in Table 3.4 are highly significant. A

value below 0.05 indicates significance while a value below 0.1 indicates weak significance.
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Hypothesis 2: If individual subsidy contributions are based on

current access purchases, bid shading in Vickrey auctions (TP/VIC/C)

is lower than in UPA (TP/UPA/C).

Table 3.5 shows that bids are highly significantly less shaded in the TP/VIC/C

treatment, confirming Hypothesis 2.

Hypothesis 3: Bid shading in Vickrey auctions is lower when

individual subsidy contributions are based on average access pur-

chases (TP/VIC/A) instead of current access purchases (TP/VIC/C).

The difference in bid shading reported in Table 3.5 and observable in Figure

3.1 is not significant. The large variation of bids submitted for any given

valuation level in the TP/VIC/A treatment (as can be inferred from Figure 3.1

and Figure F.4 in Appendix F) is the main driver behind this result. I therefore

cannot corroborate Hypothesis 3 using statistical tests.

Using Table 3.6, I can confirm the initial impressions gained by Figure 3.1

and Table 3.4: Of the three treatments which implement ISS schemes, demand

is most accurately revealed in the TP/VIC/C treatment.

3.5.2. Market Outcomes

Table 3.7 lists several measures related to market outcomes and efficiency. I

use two statistical models to determine whether differences in these measures

between treatments are statistically significant. The primary approach is once

again to perform the non-parametric Mann Whitney tests, whose results are

provided in the Tables E.1 through E.7 of Appendix E.1. The secondary sta-

tistical model fully utilizes the panel-structure of our data and thus has higher

statistical power. I utilize a random effects model with clustered error struc-

ture at the session level. The functional form of the regression equation is
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ysr = α +X
′
sβ +us + εsr (3.11)

where

X
′
sβ = β1Twoparts +β2Vickreys +β3Averages

The indices s and r designate session and round respectively. Twoparts,Vickreys

and Averages are zero-one dummies: Whenever a treatment implements a

two-part tariff (ISS) structure, Twoparts is set equal to one. Vickreys attains

a value of one if Vickrey auctions are used in a treatment. Finally, if Equa-

tion (3.6) is used to calculate individual subsidy contributions in a treatment,

Averages takes on a value of one. Note that in the L/UPA treatment these

dummies are jointly zero. The term us represents a random intercept which

is assumed to be randomly drawn from a normal distribution with mean zero

for each individual session. This accounts for differences between sessions

caused by unobserved heterogeneity of subjects, that is, differences between

the subjects which can neither be observed nor controlled for by the exper-

imenter. Finally, εsr is an error term with an expected value of zero that is

assumed to be uncorrelated with both the random intercept us and all inde-

pendent variables in every single round. To sustain that assumption (which is

crucial in order to obtain unbiased estimators) in my framework, it is however

essential to cluster εsr for each individual session. This is necessary because

it cannot be ruled out that within each individual session there are possible

dynamic session effects that would violate this assumption if not accounted

for (Fréchette, 2007). Post-estimation, I conduct Wald-Tests on the estimates

for the coefficients in (3.11) to identify whether any two treatments are signif-

icantly different. The results of these tests are given in the Tables E.8 through

E.14 of Appendix E.2.29 For each of the measures listed in Table 3.7, the

29We will only refer to the results of the parametric tests if they deliver different results than
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regression in Formula 3.11 is based on 38030 independent observations.

L/UPA TP/UPA/C TP/VIC/C TP/VIC/A
Quantity qr 3.82 5.39 5.56 5.65
Price pr 44.86 23.86 19.31 25.35
Auction Revenue Rr 168.55 128.77 119.34 154.36
Subsidy Fr 0 109.58 133.51 109.21
Network Operator’s Profit πr 141.75 164.97 174.25 182.48
Access Seekers’ Surplus 29.2 17.21 9.80 -3.95
%Efficiencya 87.67 93.42 94.38 91.55

a% Efficiency = ((Network Operator Profit + Access Seekers’ Surplus)/195)*100

Table 3.7.: Treatment Averages of Market Outcomes

The amount of access units traded in each round (“Quantity” in Table 3.7)

is higher in the three treatments featuring a two part tariff structure. Table

E.1 confirms that these differences are highly significant. Table E.1 also re-

veals that there is no significant difference between the three treatments with

a two part tariff structure. “Price” in Table 3.7 refers to the uniform mar-

ket price in those treatments with a UPA and the median rejected bid31 in

the two treatments with Vickrey auctions, in which it serves as the reference

price to calculate the total subsidy. Prices in the L/UPA treatment are higher

by a large margin than those in treatments with subsidy payments, reflecting

the lower amount of access traded in the former compared to the latter. Ta-

ble E.2 shows that these differences are highly significant. One also infers that

prices in the TP/VIC/C treatment are significantly lower than those in the other

two treatments with subsidy payments. Auction revenue in the L/UPA treat-

ment highly significantly exceeds auction revenues in both the TP/UPA/C and

TP/VIC/C treatments (see Table E.3). There is no significant difference be-

the non-parametric Mann Whitney tests.
305 sessions * 20 rounds = 100 observations for all treatments except the TP/VIC/A treatment

for which 4 sessions * 20 rounds = 80 observations are available.
31See Section 3.3.2.2.
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tween the L/UPA and the TP/VIC/A treatment. This reflects both the relatively

high prices and the wider range of bids submitted for each valuation level in

the TP/VIC/A treatment compared to the other two treatments with subsidy

payments. The aggregate subsidy is highest in the TP/VIC/C treatment. Using

either non-parametric tests (Table E.4) or parametric tests (Table E.11), it is

only possible to establish that the subsidy in the TP/VIC/C treatment highly

significantly exceeds the one in the TP/UPA/C treatment; no significant dif-

ference exists between the two treatments using Vickrey auctions.

Network operator profit in any of the three treatments with subsidy pay-

ments highly significantly exceeds the network operator profit in the L/UPA

treatment, see Table E.5. Table E.5 also shows that network operator profit in

the TP/UPA/C treatment is weakly significantly lower than in the TP/VIC/C

treatment and significantly lower than in the TP/VIC/A treatment. Using para-

metric tests (Table E.12), these differences become significant and highly sig-

nificant respectively. Access seekers’ surplus in the L/UPA treatment turns

out to be significantly higher than in any of the treatments which implement

a two part tariff structure (Table E.6). This is not surprising as the subsidy in

the latter treatments is explicitly designed to capture the access seeker’s sur-

plus in order to stipulate socially optimal investment. Of the three treatments

with subsidy payments, access seekers’ surplus is highest in the TP/UPA/C

treatment. According to the Mann Whitney tests reported in Table E.6, access

seekers’ surplus surplus in that treatment weakly significantly exceeds access

seekers’ surplus in the TP/VIC/C treatment and significantly exceeds the ac-

cess seekers’ surplus surplus in the TP/VIC/A treatment. Using parametric re-

gressions (reported in Table E.13) those differences turn out to be significant

and highly significant respectively. The parametric regressions also establish

that access seekers’ surplus in the TP/VIC/C treatment weakly significantly

exceeds access seekers’ surplus in the TP/VIC/A treatment. access seekers’

surplus in the latter treatment is actually negative on average. This illustrates
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that, compared to a multi-unit Vickrey auction without subsidy payments, the

consequences of overbidding are potentially more severe: The subsidy cap-

tures a large part of access seekers’ surplus surplus that otherwise would have

been available to compensate losses incurred on individual units obtained at a

too high price, leaving the access seekers with higher losses on average.

Efficiency in any of the treatments with subsidy payments is significantly

higher than in the L/UPA treatment (Table E.7), reflecting the differences

in access provided between these treatments. The level of efficiency in the

TP/UPA/C and TP/VIC/C is not significantly different. Using Mann Whitney

tests, I establish that efficiency in the TP/VIC/C treatment weakly exceeds effi-

ciency in the TP/VIC/A treatment. Parametric tests reported in Table E.14 find

that the difference between these two treatments is significant. The losses in-

curred by access seekers due to over-bidding in the TP/VIC/A treatment clearly

contribute to this result.

3.5.3. Discussion

Can auctions successfully implement incremental surplus subsidy

schemes under aggregate demand uncertainty?

All treatments which implement a two part tariff scheme outperform the base-

line treatment by considerable margins in terms of efficiency. I neverthe-

less observe significant differences among these: While subsidy contributions

based on current period access purchases lead to severe bid shading if com-

bined with uniform price auctions, they are at the same time instrumental in

ensuring the accurate demand revelation when combined with Vickrey auc-

tions. The latter combination is also the most promising one when consider-

ing an actual implementation of ISS schemes: Not only does it reveal demand

accurately and thereby ensures investment levels which are close to the full

information benchmark, it also solely relies on current period observables.
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However, further research on this particular combination is clearly warranted:

What determines the exact degree to which the incentives to underbid - to

avoid subsidy payments - offset the incentives to overbid inherent to the Vick-

rey auction format? My results have outlined the importance to better under-

stand that point; overbidding in Vickrey auctions - if left uncompensated -

will lead to frequent losses incurred by access seekers if a subsidy payment

captures the majority of their surplus.

A limitation of my design shall also be explicitly mentioned: The good

performance of the ISS schemes in this study may partially rely on the fact that

the approximation of (induced) aggregate demand is exact. This implies that

the results are most applicable to situations in which aggregate demand has a

broadly linear functional form. Still, my results indicate that the approach to

implement verifiable ISS schemes through auctions is a sound one.

3.6. Conclusion

I have presented the results of an experiment which investigates the perfor-

mance of implementable ISS schemes in triggering efficient investments un-

der demand uncertainty. Specifically, I have investigated whether ISS schemes

can be successfully implemented by means of different combinations of auc-

tion formats and subsidy allocation rules. I identified significant differences

between the different combinations’ abilities to accurately reveal aggregate

demand. A combination of Vickrey auction rules and individual subsidy pay-

ments based on current period purchases offers the best performance; incen-

tives to shade bids generated by the subsidy allocation rule effectively mitigate

the tendency of access seekers to over-bid in Vickrey auctions. I find that with-

out this mitigating influence, access seekers regularly incur losses under a two

part tariff scheme based on Vickrey auctions. Irrespective of the actually cho-

sen implementation, two-part tariff schemes significantly outperform a linear
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price cap in the considered environment in terms of efficiency. I therefore trust

to have delivered initial evidence that the impressive theoretical properties of

ISS schemes can persist under the difficult informational conditions encoun-

tered in actual markets. Moreover, this study highlights - like the previous

one presented in Chapter 2 - that the performance of the considered regula-

tory scheme does crucially depend on the incentives faced by access-seekers

(network users). Future research on ISS schemes should therefore take this

aspect more explicitly into account.
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E. Statistical Tests on Market
Outcomes

E.1. Mann Whitney Rank Sum Tests

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .008 .004 .008
TP/UPA/C .345 .206
TP/VIC/C .452

Table E.1.: p-values for One-sided Rank Sum Tests of Differences in Quantity

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .004 .004 .008
TP/UPA/C .028 .365
TP/VIC/C .206

Table E.2.: p-values for One-sided Rank Sum Tests of Differences in Price
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TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA -.008 -.004 -.143
TP/UPA/C -.421 -.365
TP/VIC/C -.206

Table E.3.: p-values for One-sided Rank Sum Tests of Differences in Auction
Revenue

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .004 .004 .008
TP/UPA/C .004 .365
TP/VIC/C .278

Table E.4.: p-values for One-sided Rank Sum Tests of Differences in Subsidy

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA -.004 -.004 -.008
TP/UPA/C -.016 -.031
TP/VIC/C -.206

Table E.5.: p-values for One-sided Rank Sum Tests of Differences in Network
Operator’s Profit

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .008 .008 .008
TP/UPA/C .075 .016
TP/VIC/C .278

Table E.6.: p-values for One-sided Rank Sum Tests of Differences in Access
Seekers’ Surplus
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TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .008 .008 .056
TP/UPA/C .345 .143
TP/VIC/C .056

Table E.7.: p-values for One-sided Rank Sum Tests of Differences in
Efficiency
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E.2. Parametric Regressions

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .000 .000 .000
TP/UPA/C .524 .403
TP/VIC/C .618

Table E.8.: p-values for Wald-Test on Parametric Regression Coefficients -
Quantity

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .000 .000 .000
TP/UPA/C .021 .724
TP/VIC/C .153

Table E.9.: p-values for Wald-Test on Parametric Regression Coefficients -
Price

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .009 .000 .574
TP/UPA/C .523 .344
TP/VIC/C .161

Table E.10.: p-values for Wald-Test on Parametric Regression Coefficients -
Auction Revenue
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TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .000 .000 .000
TP/UPA/C .001 .985
TP/VIC/C .203

Table E.11.: p-values for Wald-Test on Parametric Regression Coefficients -
Subsidy

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .000 .000 .000
TP/UPA/C .019 .033
TP/VIC/C .296

Table E.12.: p-values for Wald-Test on Parametric Regression Coefficients -
Network Operator’s Surplus

TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .011 .000 .000
TP/UPA/C .046 .007
TP/VIC/C .090

Table E.13.: p-values for Wald-Test on Parametric Regression Coefficients -
Access Seekers’ Surplus
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TP/UPA/C TP/VIC/C TP/VIC/A

L/UPA .000 .000 .015
TP/UPA/C .457 .156
TP/VIC/C .041

Table E.14.: p-values for Wald-Test on Parametric Regression Coefficients -
Efficiency



F. Figures

Figure F.1.: Aggregate bid schedule in the L/UPA treatment
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Figure F.2.: Aggregate bid schedule in the TP/UPA/C treatment

Figure F.3.: Aggregate bid schedule TP/VIC/C treatment
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Figure F.4.: Aggregate bid schedule TP/VIC/A treatment





G. Instructions

Appendix G.1 presents the instructions of the two treatments in which Uni-

form Price Auctions are conducted. The instructions given are those of the

L/UPA treatment, and changes and / or additions made in the TP/UPA/C treat-

ment are indicated as such. Appendix G.2 presents the instructions of the two

treatments relying on Vickrey auctions. The instructions given are those of

the TP/VIC/C treatment, and changes and / or additions made in the TP/VIC/A

treatment are indicated as such.

G.1. Instructions for the L/UPA and TP/UPA/C
treatments

General Stuff

Thank you very much for taking part in this experiment! If you follow these

instructions carefully and make good decisions, you can earn a considerable

amount of money which will be paid to you in cash at the end of the exper-

iment. Please do not talk with each other. We will now read through these

instructions together.

The experiment consists of two trial periods and 20 periods which will deter-

mine your payment. You will interact with only two other participants during

the entire experiment. You do not interact with anyone else. It is possible that

your group finishes the experiment a bit earlier than the other ones. In that

137
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case, please remain seated and wait until all groups have finished. As soon as

all groups have finished, we ask you to provide your first and last name to pre-

pare the payment (we use your personal data solely for the payment process

and for nothing else!!!). You will then be called to retrieve your payment.

The Basics

You and the two other members of your group will bid in an auction for units

of a product. If you obtain units of the product in the auction, you will receive

experimental money called “ECU” for those. How much ECU you will re-

ceive for a unit of the product depends on your “valuations”. In every period,

you and the other two participants in your group have 12 valuations in total:

60 ECU, 55 ECU, 50 ECU, 45 ECU, 40 ECU, 35 ECU, 30 ECU, 25 ECU, 20

ECU, 15 ECU, 10 ECU and 5 ECU

In each of the periods, these valuations will be randomly allocated to you

and the other two participants in your group. Each participant will receive 4

valuations.

The Auction

In order to receive units of the product, you have to bid in an auction against

the two other participants of your group. You must submit a bid for each of

your valuations, and you can enter bids between 0 ECU and 100 ECU (and

only multiples of 1).

When you submit your bids, you do not yet know how many units of the

product will be available. That depends on the decisions of a seller (who

produces the product) which will look at your bids first.

This is what you know about the seller:

• The seller is not played by a participant, but by the computer.
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• The more products the seller sells to you via the auction, the higher the

costs which the seller incurs. The seller’s cost structure remains the

same during the experiment.

• The seller accepts the number of bids which maximizes its profit.

>>>

In the instructions for the TP/UPA/C treatment, the previous list of items is

replaced by:

This is what you know about the seller:

• The seller is not played by a participant, but by the computer.

• The more products the seller sells to you via the auction, the higher the

costs which the seller incurs. The seller’s cost structure remains the

same during the experiment.

• The seller receives what you pay in the auction plus a “subsidy” which

is also paid by you. You will receive further information on this below.

• The seller accepts the number of bids which maximizes its profit.

<<<

We will now discuss how many units each of you obtains and how much you

have to pay for them once the seller has decided how many units it sells.

Assume that the seller has decided to sell “X” units of the product in total to

all three participants. This means that the seller has accepted the “X” highest

bids. Assume that you have “y” bids among the “X” accepted bids.

• You will receive “y” units
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• For all “y” units that you receive, you pay the lowest accepted bid.

To illustrate this rule, have a look at the graphs below. This is just an Illustra-

tion of the principle!

Each column represents a bid submitted by the participants. The taller the

column, the higher the bid it represents. The number on top of each column

indicates who submitted the bid: Participant 1, 2 or 3. All bids to the left of

the thick black line were accepted by the seller. Two bids of Participant 1 were

accepted (Participant 1 obtains two units), as well as one bid of Participants 2

and 3 each (they obtain 1 unit each). We see that Participant 1 submitted the

lowest accepted bid. This bid is the black one in the figure below.
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According to the rule mentioned above, all successful bidders will have to pay

this bid for each bid they have among the accepted bids. In the figures below,

the grey shaded areas indicate, what each of the participants has to pay to the

seller.

Participant 1 has two successful bids, hence she has to pay the two times the

lowest accepted bid. Participants 2 and 3 have only one successful bid each,
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and both have to pay the lowest accepted bid once.

>>>

The following paragraph is not included in the instructions for the TP/UPA/C

treatment:

If the lowest accepted bid is higher than 50 ECU, the computerized seller will

only obtain 50 ECU for each unit it sells. You will however still have to pay

the lowest accepted bid even if it is higher than 50 ECU. The difference is kept

by the experimenter.

<<<

>>>

In the instructions for the TP/UPA/C treatment, the following section is in-

serted:

The Subsidy

As mentioned above, the seller does not only receive what you and the other

two participants pay in the auction, but an additional subsidy as well. For the

sake of clarity, we will refer to the total amount of subsidy payments made by

all three participants as “total subsidy” and to your contribution to that total

subsidy as “individual subsidy”.

How the Total Subsidy is determined

In our experiment, the seller receives the following total subsidy:

Total Subsidy = 0.5 · (50 ECU−Median Bid Paid)

·(3+Number o f All Accepted Bids)
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So the total subsidy increases

• the more units the seller sells in the auction and

• the less you and the other two participants pay in the auction.

Your Individual Subsidy

In every period, we determine for each of you:

Number o f your accepted bids
Number o f all accepted bids

We then use this to compute your individual subsidy:

Your Individual Subsidy = Number o f your accepted bids
Number o f all accepted bids ·Total Subsidy

So the more units you get in relation to the other two participants, the higher

is your individual subsidy and the more you have to pay.

<<<

Your Profit

Your profit in each of the 20 periods of the experiment is:

Your valuations for the units you receive in the auction

• Minus the bids you pay (see Section )

>>>

In the instructions for the TP/UPA/C treatment, the previous list of items is

replaced by:

Your profit in each of the 20 periods of the experiment is:

Your valuations for the units you receive in the auction
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• Minus the bids you pay (see Section )

• Minus your individual subsidy (see Section )

<<<

Your total profit at the end of the experiment is the sum of the profits you

make in each of the 20 periods. Note that depending on your decisions and

those of the other participants, it is possible that you make losses in a period

(indicated by a minus sign in front of the profit).

At the end of the experiment, your ECU will be exchanged in Euros at the
rate of 12 ECU for 1 Euro. In addition, you will receive a 5 Euro show up
fee.

You can now ask questions. Please do so! The better your understanding is,

the better are your chances to make a decent amount of money. If there are

none at this point, please take several minutes to read through the instructions

for yourself. You can then ask further questions and only after all questions

have been answered will the two trial periods begin.

During the trial periods, please only make entries and press buttons when
the experimenter asks you to do so!

Good luck!
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G.2. Instructions for the TP/VIC/C and TP/VIC/A
treatments

General Stuff

Thank you very much for taking part in this experiment! If you follow these

instructions carefully and make good decisions, you can earn a considerable

amount of money which will be paid to you in cash at the end of the exper-

iment. Please do not talk with each other. We will now read through these

instructions together.

The experiment consists of two trial periods and 20 periods which will deter-

mine your payment. You will interact with only two other participants during

the entire experiment. You do not interact with anyone else. It is possible that

your group finishes the experiment a bit earlier than the other ones. In that

case, please remain seated and wait until all groups have finished. As soon as

all groups have finished, we ask you to provide your first and last name to pre-

pare the payment (we use your personal data solely for the payment process

and for nothing else!!!). You will then be called to retrieve your payment.

The Basics

You and the two other members of your group will bid in an auction for units

of a product. If you obtain units of the product in the auction, you will receive

experimental money called “ECU” for those. How much ECU you will re-

ceive for a unit of the product depends on your “valuations”. In every period,

you and the other two participants in your group have 12 valuations in total:

60 ECU, 55 ECU, 50 ECU, 45 ECU, 40 ECU, 35 ECU, 30 ECU, 25 ECU, 20

ECU, 15 ECU, 10 ECU and 5 ECU

In each of the periods, these valuations will be randomly allocated to you

and the other two participants in your group. Each participant will receive 4
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valuations.

The Auction

In order to receive units of the product, you have to bid in an auction against

the two other participants of your group. You must submit a bid for each of

your valuations, and you can enter bids between 0 ECU and 100 ECU (and

only multiples of 1).

When you submit your bids, you do not yet know how many units of the

product will be available. That depends on the decisions of a seller (who

produces the product) which will look at your bids first.

This is what you know about the seller:

• The seller is not played by a participant, but by the computer.

• The more products the seller sells to you via the auction, the higher the

costs which the seller incurs. The seller’s cost structure remains the

same during the experiment.

• The seller receives what you pay in the auction plus a “subsidy” which

is also paid by you. You will receive further information on this below.

• The seller accepts the number of bids which maximizes its profit.

We will now discuss how many units each of you obtains and how much you

have to pay for them once the seller has decided how many units it sells.

Assume that the seller has decided to sell “X” units of the product in total to

all three participants. This means that the seller has accepted the “X” highest

bids. Assume that you have “y” bids among the “X” accepted bids.

• You will receive “y” units
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• You do HOWEVER NOT pay your own “y” bids

• You pay INSTEAD the “y” highest non-accepted bids of the other two

participants.

To illustrate this rule, have a look at the graphs below. This is just an Illustra-

tion of the principle!

Each column represents a bid submitted by the participants. The taller the

column, the higher the bid it represents. The number on top of each column

indicates who submitted the bid: Participant 1, 2 or 3. All bids to the left of

the thick black line were accepted by the seller. Two bids of Participant 1 were

accepted, as well as one bid of Participants 2 and 3 each. The graphs below

illustrate what the participants have to pay.



148 G.2. Instructions for the TP/VIC/C and TP/VIC/A treatments

The grey-shaded bids are the ones which have to be paid by the respective

participants. Participant 1 has two successful bids, hence she has to pay the

two highest non-successful bids of Participants 2 and 3. Participants 2 and

3 have only one successful bid each, and both have to pay the highest non-

accepted bid of Participant 1. The computerized seller thus receives a payment

equal to the four grey-shaded bids.

The Subsidy

As mentioned above, the seller does not only receive what you and the other

two participants pay in the auction, but an additional subsidy as well. For the

sake of clarity, we will refer to the total amount of subsidy payments made by

all three participants as “total subsidy” and to your contribution to that total

subsidy as “individual subsidy”.

How the Total Subsidy is determined

Before we talk about the total subsidy in more detail, let us introduce the

concept of a median. Take a look at these random numbers:

3 12 5 8 17

So what’s the median here? First, we order them from largest to smallest:
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17 12 8 5 3

The median is the number in the middle of the sorted values, so “8” in this

case.

This way of finding the median works if there is an odd number of numbers

(in this case 5). How does one find the median if we have an even number of

numbers? Consider these numbers:

23 2 42 17

Again, we sort them first:

42 23 17 2

We obtain the median by taking the average of the two numbers in the middle.

In this case, that would be 23+17
2 = 20.

So why are we discussing this? Because the total subsidy will crucially de-

pend on two parameters:

• The median bid which the participants pay (“median bid paid”)

• the number of accepted bids

In the example on the previous page, the three participants pay an even number

of bids (the 4 columns in grey). The median bid paid would be the mean of

the highest rejected bids by Participant 1 and Participant 3 in that case. See

below for an illustration.
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In our experiment, the seller receives the following total subsidy:

Total Subsidy = 0.5 · (50 ECU−Median Bid Paid)

·(3+Number o f All Accepted Bids)

So the total subsidy increases

• the more units the seller sells in the auction and

• the less you and the other two participants pay in the auction.

Your Individual Subsidy

In every period, we determine for each of you:

Number o f your accepted bids
Number o f all accepted bids

We then use this to compute your individual subsidy:

Your Individual Subsidy = Number o f your accepted bids
Number o f all accepted bids ·Total Subsidy

So the more units you get in relation to the other two participants, the higher

is your individual subsidy and the more you have to pay.

>>>

In the instructions for the TP/VIC/A treatment, the previous section is replaced

by:

Your Individual Subsidy

In every period, we determine for each of you:

Number o f your accepted bids
Number o f all accepted bids = µ



Appendix G. Instructions 151

We also calculate the average of µ over all periods since Period 1 including

the current period. Let us designate that average µ̄ .

We use µ̄ to determine your individual subsidy as:

Your Individual Subsidy = µ̄ ·Total Subsidy

So the more units you have received on average in relation to the other two

participants, the higher is your individual subsidy and the more you have to

pay.

But let us illustrate this with another example. Once more, this is solely for

illustrative purposes and the numbers we use here are not related to the actual

experiment. Consider the table below.

Period
Number of your Number of all

µ µ̄
accepted bids accepted bids

1 2 4 1
2

1
2

2 0 3 0
1
2+0

2 = 1
4

3 3 6 1
2

1
2+0+ 1

2
3 = 1

3

So in period 1 you got 2 out of 4 units. Your µ for this period is thus 1/2 and

as this is the first and only period so far, we have µ̄ = 1
2 as well. In the second

period you did not receive any units of the 3 ones which the seller offered. So

µ = 0 in that period. Your µ̄ in the second period is the mean of your µs in

Period 1 and 2, so in this example µ̄ = 1
4 . Thus, in Period 2 you would have

to pay one quarter of the total subsidy.

<<<

Your Profit
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Your profit in each of the 20 periods of the experiment is:

Your valuations for the units you receive in the auction

• Minus the bids you pay (see Section )

• Minus your individual subsidy (see Section )

Your total profit at the end of the experiment is the sum of the profits you

make in each of the 20 periods. Note that depending on your decisions and

those of the other participants, it is possible that you make losses in a period

(indicated by a minus sign in front of the profit).

At the end of the experiment, your ECU will be exchanged in Euros at the
rate of 12 ECU for 1 Euro. In addition, you will receive a 5 Euro show up
fee.

You can now ask questions. Please do so! The better your understanding is,

the better are your chances to make a decent amount of money. If there are

none at this point, please take several minutes to read through the instructions

for yourself. You can then ask further questions and only after all questions

have been answered will the two trial periods begin.

During the trial periods, please only make entries and press buttons when
the experimenter asks you to do so!

Good luck!



4. Transparency in Markets for
Experience Goods

4.1. Introduction

There are many markets in which governments impose transparency require-

ments on firms. Typically, these requirements mandate that sellers disclose

information which is supposed to help consumers assess the quality of the

products on offer.1Transparency is usually portrayed as a tool for consumer

protection. When consumers cannot observe quality, economic theory pre-

dicts that firms may supply inefficiently low quality. This is a variant of the

famous “lemons” problem (Akerlof, 1970) and is of particular concern in mar-

kets in which there are few repeat purchases. At the same time, theory does

not make sharp predictions as to the desirability of mandatory disclosure for

consumer welfare. When quality is observable, firms are predicted to engage

in vertical differentiation in order to relax price competition (Shaked and Sut-

ton 1982). While making quality observable may thus lead to higher average

quality, it could also lead to higher prices; the overall effect on consumer

surplus is ambiguous. Moreover, according to theory firms should have an

incentive to voluntarily disclose information on quality (Grossman, 1981 and

1For a review of government-mandated disclosure policies, see Fung, Graham, and Weil
(2007).
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Jovanovic, 1982); transparency requirements should not be necessary.2

In practice, firms often fail to disclose such information, leaving consumers

uncertain about the level of quality to expect. An example is the market for

broadband internet access, where producers typically advertise only band-

width, rather than other more informative measures of quality.3 Lawmakers on

both sides of the Atlantic have introduced transparency requirements for In-

ternet Service Providers (ISPs) to mitigate such concerns (Sluijs, Henze, and

Schuett, 2011). In a study of health maintenance organizations (HMOs), Jin

2005 reports that less than half of the HMOs took advantage of the opportu-

nity to disclose quality information through a nonprofit accreditation agency.

What is more, more competitive environments were found to be associated

with lower levels of disclosure.

Both Broadband Internet and healthcare can be characterized as experience

goods: the quality of products offered is only observable to consumers after

consumption. Consumers have difficulty examining the “experience quality”

(Nelson, 1970) of a physical therapist session or a broadband subscription ex

ante, but will be able to do so ex post. This contrasts with credence goods,

such as vitamin supplements and maintenance services, where quality is hard

to observe both before and after consumption (Dulleck and Kerschbamer,

2006).

We assess the effect of transparency by means of a laboratory experiment.

Our experimental market consists of two sellers offering a product to four buy-

2The argument is that consumers will rationally infer that non-disclosing firms have low qual-
ity. This results in complete unraveling so that in equilibrium everyone but the lowest-
quality firm discloses. Note that unraveling arises in environments without dissemination
or search costs; in other environments, firms may have incentives to withhold information
about product characteristics (see, e.g., Anderson and Renault, 2006).

3In this context, quality refers to the actual performance of a broadband connection, which
may depend on parameters other than advertised maximum bandwidth, such as latency,
peak hours, network management, and overall reliability. Even though consumers may
learn about the quality of their connection by experience, switching costs prevents them
from sampling a wide range of providers before making their choice.
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ers. Sellers simultaneously choose a level of quality for their product. Then,

they observe each other’s quality and simultaneously post a price. Finally,

buyers decide whether and from which seller to buy. We study four treatments

that differ in the amount of information that buyers possess about quality. In

the first treatment, none of the buyers observe the quality on offer (we call this

treatment no info). In the second treatment, all of the buyers perfectly observe

quality (full info). In the third treatment, half of the buyers perfectly observe

quality, while the other half do not (subset). In the fourth treatment, all of the

buyers observe an imperfect signal about quality (signal).

The evidence from our experiment suggests that transparency is a more

effective tool to raise welfare and consumer surplus than theory would lead

one to expect. This insight is based on three main findings. First, in the full

info treatment competition is fiercer than predicted. Producers fail to verti-

cally differentiate their products; instead, both tend to offer the highest level

of quality and compete vigorously on price. Second, we observe a lemons

outcome in the no info treatment, and sellers manage to sustain prices sub-

stantially above marginal cost, allowing them to “rip off” buyers, particularly

in the early rounds of the experiment. Together, these two findings make trans-

parency potentially more valuable to buyers and less valuable to sellers than

the theory predicts.

Third, we find that the effects of transparency survive when we make more

realistic assumptions about how information disclosure translates into buy-

ers’ ability to evaluate quality. In practice not all buyers may have access to

or understand the information disclosed; alternatively, the infor- mation dis-

closed may not enable buyers to derive a precise estimate of quality. In our

intermediate treatments, where buyers are less than perfectly informed, of-

fered quality is significantly greater than under no info, and often close to the

full info level. We present evidence that this result can be attributed to sell-

ers signaling quality through prices. Thus, informing a subset of consumers
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benefits not only them, but also creates positive informational externalities

for those who remain uninformed. Our results imply that the case for trans-

parency requirements may be stronger than previously thought. They may

also help explain why in many real-world markets, such as broadband, we do

not observe voluntary disclosure.4

The experiment raises a number of interesting questions. Sellers’ failure to

vertically differentiate under full info is puzzling. We conjecture that it may be

driven by a combination of imitative behavior and bounded rationality. Our

setup exhibits a profit asymmetry favoring the higher-quality seller. If sub-

jects imitate successful strategies from previous rounds, they end up choosing

progressively higher qualities. We provide evidence that our experimental

sellers indeed display behavior that is consistent with imitation. Thus, our re-

sults lend further support to imitation theories, such as Vega-Redondo (1997),

which predict outcomes that are more competitive than Nash equilibrium.5

Once both sellers reach the highest possible quality, a unilateral deviation to

low quality, though profitable in theory, may be unprofitable in practice due

to the competing seller’s failure to optimally adjust the price.

Another intriguing result is that sellers find it easier to collude when quality

is unobservable. Markups are significantly higher under no info than under full

info, and prices are similar although the optimal collusive price is substantially

higher under full info. This is surprising as the literature does not provide any

reason why collusion should be easier to sustain when buyers cannot observe

quality. Our tentative explanation for this result is that some buyers in the no

info treatment may wrongly interpret price differences as being indicative of

quality differences. A deviation to a lower price by one of the sellers would

4It should be noted that in our experiment sellers do not have the option to voluntarily disclose
quality, so we cannot directly test the Grossman–Jovanovic hypothesis.

5Huck, Norrmann, and Oechssler (1999), Offerman, Potters, and Sonnemans (2002), and
Apesteguia, Huck, and Oechssler (2007) also report laboratory evidence consistent with
imitative behavior of the sort envisioned by Vega-Redondo.
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then lead buyers to expect that this seller’s product is of lower quality than

the higher-price seller’s. As a result, not all of the buyers will purchase from

the deviating seller. This makes deviations from a collusive outcome less

attractive than under full info, where undercutting the collusive price yields

the deviating seller the entire demand.

There exists a small empirical literature on the effect of information dis-

closure on quality. Foreman and Shea (1999) examine the disclosure of U.S.

airlines’ on-time performance by the Federal Aviation Administration starting

from 1988. They find that on-time performance improved in subsequent years,

and that both more honest scheduling and an actual reduction in delays may

have contributed to the improved performance. Jin and Leslie (2003) study

the publication of the results of restaurant hygiene inspections in Los Angeles

County. They estimate that it led to an increase in hygiene scores and to a in

hospitalizations due to foodborne illnesses. Greenstone, Oyer, and Vissing-

Jorgensen (2006) exploit the extension of mandatory disclosure requirements

by the 1964 Securities Act Amendments, which required large firms traded

over the counter to publish financial information. They find that the affected

firms had abnormal excess returns upon compliance and that their income

and sales grew more than that of comparable unaffected firms in the years

following the legislation. Filistrucchi and Ozbugday (2012) investigate the

impact of the disclosure of quality indicators for German hospitals imposed

in 2005. They report that the measure led to a significant increase in input-

related quality indicators but had no significant effect - or even a negative one

- on output-related indicators.

All of these papers suffer from uncertainty about the causal nature of the

observed effects and from the inability to rule out alternative explanations.6

6For example, Winston (2008) argues that the result in Jin and Leslie (2003) might be con-
founded with a nationwide decline in the number of foodborne illnesses that took place at
the same time and therefore must have been unrelated to the disclosure of hygiene reports
in Los Angeles County.
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In addition, they have difficulty distinguishing between consumers shifting to

higher-quality suppliers and firms increasing quality.7 Experimental research -

though subject to other limitations - is able to avoid these issues, and therefore

complements the empirical literature.

An early experiment on consumer information about product quality is

Lynch et al. (1986), who allow sellers to choose between two levels of quality

for a product which is sold to buyers through a double oral auction. When

sellers are forced to truthfully advertise quality, they choose the efficient, high

level of quality, as predicted by theory. When buyers can assess quality only

ex-post, a lemons outcome is observed, i.e., sellers choose the low quality.

Holt and Sherman (1990) also report a lemons outcome in a posted-offer mar-

ket in which sellers can choose among a number of different quality levels.

They study a within subject design with identical buyers purchasing from

three sellers. The sellers have quadratic marginal costs, and the same sell-

ers and buyers interact for the entire experiment. We use a between subject

design with heterogeneous buyers and two sellers; buyer and seller groups are

randomly rematched in every period. This corresponds more closely to the

framework used in the theoretical literature. Unlike the two previous papers,

it allows us to study vertical differentiation. Moreover, we also look at more

realistic, intermediate levels of transparency.

More recently, Huck, Lünser, and Tyran (2008, 2012) study a binary-choice

trust game, which they interpret as a market for an experience good. Depend-

ing on the treatment, buyers are either matched with a single seller or can

choose the seller they want to be matched with. By contrast, in our experiment

buyers always choose between two sellers’ offers. Whereas Huck, Lünser, and

Tyran (2012) focus on the effects of reputation and competition, we study the

7For example, the negative effect of disclosure on output-related quality indicators reported
by Filistrucchi and Ozbugday (2012) might be due to patients with more severe illnesses
switching to higher-quality hospitals.
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effect of information disclosure.8 Mago (2010) investigates the effect of buyer

information on prices in an experiment with product differentiation and search

costs. In contrast to our findings, her study suggests that information about

product characteristics can increase market prices, so that the presence of in-

formed buyers generates negative externalities for uninformed buyers. More

loosely related is the paper by Barreda-Tarrazona et al. (2011), who devise an

experiment to test the prediction of the Hotelling model, according to which

firms should differentiate their products horizontally to soften price compe-

tition. Their experiment consists of a two-stage game in which two subjects

first choose locations on a Hotelling line and then set prices. Similarly to our

results in the full info treatment, Barreda-Tarrazona et al. (2011) report that

subjects differentiate less than theory would predict.

The remainder of this chapter is organized as follows. Section 4.2 describes

the experimental design and outlines theoretical predictions and procedures.

Section 4.3 presents our results and tests the statistical significance of the

observed differences between treatments. Section 4.4 discusses several issues

related to the interpretation of our results. Section 4.5 concludes.

4.2. The Experiment

4.2.1. The Environment

The environment we study is a finitely repeated version of the following three-

stage game. There are two firms, indexed by j∈A,B, and four consumers,

indexed by i. At stage 1, each firm j chooses the quality q j of its product

from the set Q = 1,2,3, . . . ,10. At stage 2, firms observe each other’s quality

and post a price p j. At stage 3, consumers make purchasing decisions af-

8See also Dulleck, Kerschbamer, and Sutter (2011) on the effects of reputation and competi-
tion in markets for credence goods.
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ter observing prices as well as varying amounts of information about quality,

depending on the treatment.

Consumer i has a taste for quality θi independently drawn at the beginning

of each period from a uniform distribution on the support [1,4]. A consumer’s

taste for quality is her private information; firms merely know the distribution

from which it is drawn. Consumers buy at most one unit. Consumer i has

utility

ui =

20+θiq j− p j if i buys from firm j

0 if i does not buy

That is, utility includes a fixed component of 20 that is independent of

quality. Utility increases linearly with quality according to the consumer’s

marginal valuation for quality, given by θi , and decreases with price.

Firm j’s per-unit cost of providing quality q j is cq j; in the experiment we

set c = 1. That is, high quality is more costly to provide than low quality, and

the higher cost is a variable cost incurred for every unit that is sold. There is

no fixed cost.

In the experiment, subjects repeat the above game for a total of 32 periods,

including two trial periods which do not count towards their earnings. (In

what follows, we will report results only for the 30 payoff-relevant periods.)

Subjects are randomly assigned to be either a seller or a buyer. In each session,

there are three groups of sellers and three groups of buyers. The groups remain

the same for the entire experiment. At the beginning of every period, each

pair of sellers is randomly matched to a group of buyers. None of the subjects

know to which group they are matched. We explain the rationale behind this

matching protocol in Section 4.2.2.1.

There are four different treatments, in which buyers have varying degrees

of information on the quality of the product supplied by the sellers, and which
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are otherwise identical: no info, full info, subset, and signal. In the no info

treatment, buyers only observe prices and have no information on the quality

supplied. In the full info treatment, buyers perfectly observe the quality sup-

plied by each seller. In the subset treatment, half the buyers perfectly observe

quality while the other half do not. Whether a buyer is informed or unin-

formed is independent of her taste for quality θ . In the signal treatment, all

buyers observe an imperfect signal s j about the quality of seller j’s product,

j = A,B. The signal satisfies s j = q j + ε j, where ε j is drawn from a uniform

discrete distribution on −5, . . . ,0, . . . ,5, with truncation so as to avoid values

of s j outside the range of possible quality levels Q. The signals are the same

for all buyers in a group and unobservable to the sellers.

The parameter values we used for the experiment imply that the efficient

outcome is for all consumers to obtain the highest possible quality. This is

because the marginal cost of quality (c) is lower than the marginal valuation

for quality of any consumer (c = 1≤θ ). Note that prices affect efficiency only

to the extent that they discourage some consumers from buying. As long as

all consumers buy, prices have no effect on efficiency; they merely affect the

distribution of surplus. The lower and upper bounds on θ were chosen to ob-

tain integer values for the equilibrium prices in the full-information treatment.

The fixed component of utility (20) was chosen so as to obtain a relatively

even distribution of surplus between buyers and sellers in the equilibrium of

the full-info treatment; it also ensures that the market is covered. The number

of buyers was chosen based on Ruffle (2000), who finds that strategic demand

withholding becomes difficult when the number of buyers is larger than three.

Lack of buyer power is a feature of most real-world markets for which a trans-

parency policy might be contemplated.

We calibrated the range of the error term of the signal s j in such a way that

a consumer in the signal treatment who tries to determine which seller offers

higher quality solely based on the signals he receives would make the same
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amount of mistakes as an average consumer in the subset treatment, given the

distribution of qualities offered that we observe in the other three treatments.

Before the first session of the signal treatment was conducted, we conducted

three sessions of the no info treatment, four of the full info treatment and five

sessions of the subset treatment. The calibration of the range of the error was

based on those 12 sessions. While a fully informed consumer perfectly ob-

serves the quality, uninformed and imperfectly informed consumers are prone

to mistakes in their assessment of quality. An uninformed consumer has a

50% chance of correctly identifying the higher-quality product. Thus, an av-

erage consumer in the subset treatment (made up of one half of informed and

one half of uninformed consumers) has a 75% chance of correctly identify-

ing the higher-quality product. We weight the mistakes this average consumer

is bound to make by their magnitude to account for the fact that mistakenly

choosing a product of quality q = 1 instead of one of quality q = 10 is worse

than mistakenly choosing one of quality q = 5 instead of one of quality q = 6.

Based on the distribution of qualities offered, we can compute a measure of

the total weighted mistakes of a hypothetical average consumer in the subset

and signal treatments. We calibrated the range of the error term in such a

way that the total weighted mistakes in both treatments are about the same.

Clearly, such a calibration is an imperfect way to enhance comparability, so

we do not attempt to draw strong conclusions from a comparison between the

two intermediate treatments and focus instead on comparisons between the

intermediate treatments and the no info and full info treatments.

4.2.2. Theoretical Predictions

In this section, we first derive the set of equilibria for the stage game of the full

info treatment (Section 4.2.2.1). We then discuss theoretical predictions for

the stage games of the treatments where buyers have less than full information
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(Section 4.2.2.2 ). Finally, we comment briefly on the repeated game (Section

4.2.2.3). Technical details are relegated to Appendix H.

4.2.2.1. Full Information

Qualitatively, the equilibrium of the stage game is as in Shaked and Sutton’s

(1982) model of vertical differentiation. In Appendix H.1, we derive the equi-

librium for the specific formulation described in Section 4.2.1 Under full in-

formation all consumers observe the quality of the products on offer. The

game is solved by backward induction, starting from the pricing stage. Sell-

ers’ prices must be best responses to each other, given the qualities chosen at

the previous stage. Because products are closer substitutes when qualities are

more similar, price competition is tougher the less differentiated the sellers’

products are. When qualities are equal (minimum differentiation) we obtain

Bertrand competition with marginal-cost pricing. Sellers can relax price com-

petition by vertically differentiating their products, one offering high quality

at a high price and the other low quality at a low price.

Formally, there are two asymmetric subgame perfect pure-strategy Nash

equilibria (PSNE). With our parameter values, one equilibrium is for firm A

to choose quality qA = 10 and price pA = 28 and for firm B to choose qB = 1

and pB = 10 . The other equilibrium is the symmetric counterpart of the first.

There is also a mixed-strategy Nash equilibrium (MSNE) in which both firms

randomize between the highest and lowest quality. In this equilibrium, each

firm j chooses q j = 1 with probability 1/5 and q j = 10 with probability 4/5.

The existence of two asymmetric pure-strategy equilibria makes this a co-

ordination game similar to the “battle of the sexes.” This is the reason for our

choice of matching protocol. The matching protocol, whereby sellers remain

together in the same group throughout the entire experiment but buyer and

seller groups are randomly rematched in every period, is a compromise be-
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tween two opposing considerations: on the one hand, testing the theory would

require a one-shot environment; on the other hand, sellers are unlikely to be

able to coordinate on one of the two equilibria if they do not interact repeat-

edly. Leaving seller groups intact gives the theory its best shot. At the same

time, random matching with buyer groups prevents sellers from building rep-

utation, which would contaminate the results.

4.2.2.2. Less Than Full Information

The solution concept we invoke for the case where at least some consumers

cannot perfectly observe quality is perfect Bayesian equilibrium (PBE). That

is, all players’ strategies must be optimal given beliefs, and beliefs must be

derived from equilibrium strategies using Bayes’ rule whenever possible. The

PBE concept is widely known to frequently give rise to multiplicity of equilib-

ria, and this is also the case here: the treatments with less than full information

have many equilibria. We do not attempt to fully characterize the set of equi-

libria. Instead, we discuss three theoretical results, formally proved in Ap-

pendix H.2, highlighting the wide range of possible equilibrium outcomes.9

Under no information, there exists an equilibrium characterized by a lemons

outcome, i.e., both firms supply the lowest possible quality. In such an equi-

librium, firms must price at marginal cost, as products are undifferentiated

and consumers correctly anticipate equilibrium qualities. Thus, qA = qB = 1

and pA = pB = c. The out-of-equilibrium beliefs supporting this equilibrium

are such that consumers believe any firm choosing a different price (p j 6= c)

also has the lowest quality. Given these beliefs, no firm has an incentive to

9The literature has mainly focused on a simpler class of games, in which there are two levels
of quality and, rather than being a choice variable for firms, quality is exogenous (Daughety
and Reinganum, 2008; Fluet and Garella, 2002; Hertzendorf and Overgaard, 2001; Janssen
and Roy, 2010; Yehezkel, 2008). An exception is Dubovik and Janssen (2012), who study
a model of price and quality competition in which qualities are chosen from a continuous
set.
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unilaterally deviate.

Apart from a lemons-type equilibrium in which both sellers pool on the

same quality and price, the game also allows for separating equilibria in which

sellers choose different qualities and prices. In particular, as we show in Ap-

pendix H.2, the full-information qualities and prices (qA = 10,qB = 1, pA =

28, pB = 10) can be supported as an equilibrium. This is important because,

although uninformed buyers do not observe the qualities on offer, they ob-

serve prices; thus, if prices signal qualities, buyers can infer quality without

observing it. The intuition for this result is that we can construct strategy pro-

files and out-of-equilibrium beliefs such that a seller who deviates from high

quality is punished by the low-quality seller, who observes the deviation.

Turning to the intermediate treatments, where not all buyers are (com-

pletely) uninformed about quality, we can observe the following. If full-

information qualities and prices can be sustained as an equilibrium under no

information, then they can a fortiori be sustained in the intermediate treat-

ments. This is because a seller who deviates from high quality can be pun-

ished not only by the rival seller, but also by the informed buyers. In addition,

Appendix H.2 shows that the lemons outcome which can arise under no infor-

mation is not an equilibrium in the subset treatment.

Two conclusions emerge from this analysis. First, theory does not make a

strong prediction that outcomes should be different across treatments. The

maximum-differentiation outcome can arise as an equilibrium in all treat-

ments. Second, even if outcomes are different across treatments, theory does

not make a sharp prediction that more information benefits consumers. As Ta-

ble 4.1 illustrates, even if the equilibrium that is played under no info gives rise

to a lemons outcome, consumers do not have to be worse off than under max-

imum differentiation. The table shows the theoretically predicted averages

for certain key variables under a lemons outcome with marginal-cost pricing

(qA = qB = 1, pA = pB = c = 1), a differentiation outcome, and the mixed-
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Lemons Differentiation MSNE
Quality (supplied) 1 5.5 8.2
|∆Quality| 0 9 2.88
Price (posted) 1 19 12.5
|∆Price| 0 18 5.76
Markup 0 13.5 4.32
Sellers’ surplus 0 60 19.2
Buyers’ surplus 86 74 116.8
Total surplus 86 134 136
% Efficiencya 61.4 95.7 97.1

a%Efficiency = Total Surplus/140

Table 4.1.: Equilibrium Averages Predicted by Theory

strategy equilibrium of the full info treatment. The values for buyers’ surplus

show that if lemons are priced at marginal cost, with our parameters buyers

are actually better off than under maximum differentiation: although they re-

ceive low quality, they do not pay very much for it. The values for sellers’

surplus show that sellers are unambiguously better off under differentiation.

4.2.2.3. The Repeated Game

Our matching protocol implies that sellers interact repeatedly with the same

rival seller. Strictly speaking, therefore, the game played by our subjects is

a finitely repeated version of the stage game analyzed in the preceding sub-

sections. A drawback of this matching protocol is that the repeated game has

many equilibria. For example, one can construct subgame-perfect equilib-

ria of the repeated game by concatenating the stage-game equilibria in any

order.10 Outcomes that are not equilibria of the stage game can also be sup-

ported in any but the last period; this can be achieved by threatening to revert

to the “worst” of the stage-game equilibria in the event of a deviation. Taking

10One that stands out in terms of equity is for sellers to alternate between high and low quality.
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into account the repeated nature of the game thus compounds the multiplicity

problem and underlines our previous conclusion that theory does not make a

sharp prediction in favor of transparency. Nevertheless, as we will see, trans-

parency considerably improves market outcomes in the laboratory.

4.2.3. Procedures

The experiment was conducted in the CentERlab of Tilburg University in

the Netherlands. It was programmed and run using the software z-Tree (Fis-

chbacher 2007). We organized 24 sessions (six per treatment) that took place

between March 24, 2010 and April 20, 2011. Each session, including brief-

ing and debriefing, lasted for approximately 75 minutes. While payment was

based on performance, on average subjects earned about 12 Euro. Subjects

were recruited through e-mail lists of students interested in participating in

experiments. In total, 324 subjects from 29 different nationalities participated

in the experiment. 49.4% of subjects were female. The average age of sub-

jects was 22.83 years. 85.5% were students in the Faculty of Economics and

Business Administration of Tilburg University (of which more than half were

studying economics or econometrics), and 88.0% had participated in other

economic experiments before (76.8% more than once); 55.9% held a bache-

lor’s degree or higher, and 52.5% had at least some training in game theory.

These indicators point to a sophisticated and experienced subject pool.

Subjects took the role of either sellers or imperfectly informed buyers. The

fully informed buyers were automated, i.e., their role was played by the com-

puter. We chose this procedure because informed buyers have a rather me-

chanical task, which is to calculate which of two possible quality-price pairs

maximizes their payoff, given their induced taste for quality. With random

matching and absent buyer power, there is no strategic element in the in-

formed buyers’ decision, and they do not have to form beliefs about quality.
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We discuss the implications of having automated buyers in Section 4.4.1. As

a consequence of this procedure, the number of subjects per session differed

depending on the treatment. Recall that fully informed buyers are present in

the full info and subset treatments. There were six subjects per session in the

full info treatment, 12 in the subset treatment, and 18 in the no info and signal

treatments.

It was explained to subjects that their earnings would depend on their own

choices as well as those of the other participants in the session. Subjects were

informed that the exchange rate for converting their payoff from experimental

currency units to Euro was 50 to 1, and that their earnings would be paid out

anonymously and in private. They were told that they would be randomly as-

signed to be either a buyer or a seller, that sellers would be in groups of two

and buyers in groups of four, and that these groups would remain the same

throughout the entire experiment, with random rematching of groups occur-

ring every period. They were instructed that as a seller they would have to

choose the price and the “grade” of a product. Following Lynch et al. (1986)

and Holt and Sherman (1990), we chose the more neutral labeling of quality

as grade to avoid the possible distortions that might result from the positive

connotations of the word quality. It was explained to the subjects that for sell-

ers, a high grade is more costly to provide than a low grade, while for buyers,

a high grade is more valuable than a low grade. They were instructed that

as a buyer they would have to choose from which of the two sellers offering

products to their group to buy, and that they could also refrain from buying.

The instructions explained in detail how the payoff of each participant

would be determined: for sellers, as a function of the price and the number of

units sold, minus the cost, which depends on the grade chosen; for buyers, as

a function of the grade obtained and the price paid, and depending on their in-

dividual valuation parameter θ . The cost parameter c was revealed only to the

sellers, once the computerized part of the experiment started; they were made
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aware that all the sellers had the same cost, c = 1. Keeping cost information

private is known to improve convergence to competitive equilibrium (Smith,

1994). The instructions are provided in Appendix J.

Subjects were allowed to make calculations using pen and paper and were

given unlimited time to make their calculations. At the end of every period,

the following feedback was provided. Sellers were shown their own price,

quality, number of units sold, and payoff, as well as the price, quality, and

units sold of the other seller in their group. Buyers were shown the quality

they obtained, the price they paid, their taste for quality, and their payoff, but

no information about the qualities and payoffs obtained by the other buyers

(nor of the sellers).

4.3. Results

4.3.1. Description of the Data

In this subsection, we describe the basic patterns in the data for each treatment.

Figure 4.1 shows the observed averages of quality supplied by treatment and

period. All four treatments start out at relatively similar levels of quality.

Subsequently, quality supplied trends downward under no info and upward

in the other three treatments. Quality is highest in the full info treatment,

followed by the subset and signal treatments. Figure 4.2 shows the distribution

of quality supplied in each of the treatments. As can be seen, high quality is

much more frequently chosen under full info than under no info. Moreover,

low quality is almost never chosen under full info; sellers do not vertically

differentiate their products as theory would predict. Figure 4.3 shows the

observed averages of prices posted by treatment and period. Prices in the full

info treatment are relatively low and stable over time, while prices in the other

three treatments are initially somewhat higher and then trend downward.
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Figure 4.1.: Average Quality Supplied by Treatments and Period

Table 4.2 confirms these observations. The table shows the observed aver-

ages over the entire 30 periods and the final 15 periods, for the same variables

for which Table 4.1 provides theoretical benchmarks. In the full info treat-

ment, average quality exceeds the theoretical benchmarks for both maximum

differentiation and the mixed-strategy equilibrium. This is especially visible

in the final 15 periods, where average quality is 9.14. The observation that the

average quality difference for the final 15 periods is 1.02 reflects the fact that

both sellers choose similar, high levels of quality.

In the no info treatment, average quality is low, albeit slightly above the

level in a lemons-type equilibrium. Prices, however, are nowhere near marginal-

cost pricing, and even exceed the full info levels when taking the average over

all 30 periods. Overall, prices under no info are similar to those under full

info, while quality, and thus marginal cost, is lower. This pattern is reflected

in the markups observed: they are highest under no info and lowest under full
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Figure 4.2.: Distribution of Quality Supplied by Treatment

info. The subset and signal treatments show the highest price levels and also

the highest level of quality differentiation. Average quality in these treatments

is between the no info and full info levels.

Table 4.2 also shows the realized amounts of seller surplus, buyer surplus,

and total surplus; in addition it provides an efficiency measure computed as the

ratio of realized over potential total surplus.11Note that buyer surplus (and thus

total surplus) depends on the individual realizations of the taste-for-quality

parameter θi, which are random. Although the realizations of θi were on

average close to the expected value of 2.5 in all four treatments, they were not

11The table displays total buyer surplus, which comprises both human and computerized buy-
ers. The average human buyer obtained a per-period surplus of 9.97 in no info, 19.02 in
subset, and 17.61 in signal. (Note that these are per-buyer numbers while those in Table
4.2 are aggregate numbers and have been normalized to correct for differences in θ .) Thus,
the payoffs of human buyers are close to those of the sellers in the intermediate treatments,
but much lower in the no info treatment.
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Figure 4.3.: Average Price Posted by Treatment and Period

exactly equal. To compensate for differences in taste for quality, we calculated

a normalized measure of buyer surplus as follows. Let superscript ω indicate

treatments. Denote by θ̄ ω
30 and θ̄ ω

30 the average of θi over all 30 periods and the

final 15 periods of treatment ω , respectively. For each treatment, we compute

ϑ ω
30 ≡ 2.5/θ̄ ω

30 and ϑ ω
15 ≡ 2.5/θ̄ ω

15. Multiplying the observed buyer surplus by

the treatment specific ϑ ω
30 and ϑ ω

30 yields the normalized buyer surplus.12

In our setup, quality is the main determinant of buyer surplus, total surplus,

and efficiency. Consequently, the differences between those variables across

treatments mirror the differences in quality described above. Buyer surplus,

total surplus, and efficiency are highest in the full info treatment, followed by

the subset and signal treatments; their values in the no info treatment fall con-

siderably short of those in any other treatment. Exactly the opposite pattern is

observed for seller surplus. When averaging over all 30 periods, seller surplus

12The results do not depend on this normalization.
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is highest in the no info treatment and lowest in the full info treatment. The

signal and subset treatments again attain intermediate levels.

4.3.2. Comparison Across Treatments

To test whether the differences across treatments that seem to be apparent in

Table 4.2 are statistically significant, we performed parametric tests based on

a random-effects model. These parametric tests allow us to fully exploit the

panel structure of our data; moreover, they allow us to look at the dynamics

in quality and price choices which appear in Figures4.1 and 4.3. In Appendix

I, we also report the results of more conservative nonparametric tests; by and

large they confirm the parametric tests. Our unit of observation is the seller

group g of session s in period t. There are three seller groups in each of the

30 periods of each of the 24 sessions, for a total of 2160 observations. The

model we use is a random effects model with a clustered error structure at the

session level. The functional form of the basic regression equation is

ygst = α +X
′
sβ +ugs + εgst

where β is the coefficient vector of treatment effects to be estimated and

Xs is the vector of treatment dummies excluding NoInfo (i.e., X ≡(signals,

subsets, full infos)). In the no info treatment these dummies are jointly zero.

To control for time effects, we also use specifications with period dummies

and treatment-specific time trends. The term ugs represents a random intercept

which is assumed to be drawn from a normal distribution with mean zero

for each seller group. This accounts for unobserved heterogeneity between

subjects. Finally, εgst is a residual that is assumed to be uncorrelated with

both the random intercept ugs and all independent variables in each period.13

13To sustain this assumption in our framework (which is crucial in order to obtain unbiased
estimators), it is essential to cluster εgst for each individual session. Due to random match-
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Table 4.3 reports the results of these random-effects regressions for aver-

age quality supplied. Specifications (1) and (2) correspond to the basic model

and show the treatment effects for all 30 periods and the final 15 periods,

respectively. In both cases, we can reject equality of the level of quality sup-

plied in the no info versus the signal, subset and full info treatments at the

1% level. Additional Wald tests of differences in the estimated coefficients

reveal that we can reject equality of the signal (p < .001) and subset (p < .001)

treatments versus the full info treatment at the 1% level as well, and equality

between signal and subset (p = .048) at the 5% level. Thus, giving buyers

more information appears to consistently improve, in a statistical sense, the

level of quality supplied. Specification (3) includes time dummies. Although

some are significant, their inclusion does not alter the qualitative conclusions.

Specification (4) includes treatment-specific time trends. It shows that there

is a significant downward trend in quality supplied in the no info treatment

and an upward trend in the other three treatments; the upward trend is most

pronounced in the full info treatment.

The results of analogous specifications for price posted are reported in Ta-

ble 4.4 . They show that prices in the no info treatment are not statistically

different from those in any of the other treatments. Moreover, Wald tests

show that none of the differences in price between the other treatments are

statistically significant at the 5% level.14 Thus, prices are statistically indis-

tinguishable across treatments. Specification (3) accounts for time effects;

once again these do not matter for the qualitative results. Specification (4)

shows that significant treatment-specific downward trends are present in the

no info, signal, and subset treatments (most pronounced in no info); the full

ing of buyer and seller groups, it cannot be ruled out that within each individual session
there are dynamic session effects that would violate the assumption if not accounted for
(Fréchette, 2012).

14The only difference that is significant at the 10% level is between subset and full info (p =
.067).
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info treatment does not exhibit any significant trend.

Table 4.5 reports the results of basic regressions for markup and quality dif-

ferentiation. They confirm our initial impressions: sellers’ markup is signifi-

cantly lower in the full info treatment than in the no info treatment. Additional

Wald tests show that full info markups are also significantly lower than those

in the subset (p = .002) and signal (p = .009) treatments. Differences between

the other three treatments are not significant. Furthermore, sellers differenti-

ate quality significantly more in the subset and signal treatments than in the

no info and full info treatments; the other differences are not significant.

Not reported here are the tests of differences in surplus and efficiency.

While many of them are indeed significant, they are somewhat difficult to

interpret because of our use of automated buyers. We discuss this and other

issues in the following section.

4.4. Discussion

4.4.1. Automated Buyers

Is information the driving force behind our results, or is it something else?

One potential criticism concerns our use of automated buyers. By construc-

tion, the treatments in which there is more information also have more auto-

mated buyers. While in the no info and signal treatments, all buyers are played

by subjects, half of the buyers in the subset treatment and all of the buyers in

the full info treatment are played by the computer. Automating the informed

buyers might influence the results through two channels. First, unlike hu-

man subjects, the computer does not make mistakes; it always chooses the

surplus-maximizing product. Second, the computer does not behave strategi-

cally. Human buyers may withhold demand in one period to induce sellers to



176 4.4. Discussion

set lower prices in future periods.15

4.4.1.1. Buyer Mistakes

Our use of automated buyers introduces a potential confounding factor when

comparing buyer surplus and efficiency across treatments: the subset and full

info treatments are characterized by more information on the buyers’ part than

the no info treatment, but also by a greater number of computerized buyers,

which can be expected to result in fewer mistakes. Buyer mistakes cannot

explain, however, why we detect significant differences between the no info

and signal treatments. There are no automated buyers in either of those treat-

ments; all buyers are played by human subjects. Yet, we find that average

quality supplied in the signal treatment is significantly larger than in the no

info treatment (see Table 4.2). In addition, the levels of buyer surplus and to-

tal surplus in the signal treatment are significantly above their levels in the no

info treatment, as shown in Table 4.6 .

To sidestep the issues related to our use of automated buyers in the subset

and full info treatments, we have focused on differences in quality supplied

across treatments rather than differences in surplus. In our setup, the direct

impact of buyer mistakes on efficiency is relatively minor; the most important

determinant of total surplus is the sellers’ choice of quality. The question thus

becomes whether buyer mistakes have a systematic effect on quality choice.

Do mistakes favor the low-quality seller - thereby providing stronger in-

centives to offer low quality ex-ante, compared to a situation with automated

buyers? There is no obvious reason why they should. In a situation where A’s

product has higher quality and higher price than B’s—which is when we ex-

pect mistakes to be most likely—a buyer’s optimal product may be either A or

15In principle, subjects might also be motivated to withhold demand by fairness concerns.
Our discussion here focuses on the strategic motivation because the findings by Roth et al.
(1991) suggest that in competitive environments fairness concerns do not play a major role.
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B, depending on θ . Some buyers may err by buying the low-quality product

even though the high-quality product would yield them the higher surplus, but

some buyers may err in the opposite direction. It is not clear why one type of

mistake should occur more often than the other.

4.4.1.2. Demand Withholding

In a study of posted-offer markets with small numbers of sellers and buyers,

Ruffle (2000) finds little evidence of buyer power when there are four or more

buyers in the market. That is, when there are sufficiently many of them, buyers

are unlikely to withhold demand strategically to force sellers to lower prices.

Our experiment provides additional support to this result. Buyers refrain from

buying 7.13% of the time in the no info treatment, 3.10% in the signal treat-

ment, and 2.59% in the subset treatment. Because we do not observe buyers’

beliefs, we cannot distinguish between strategic demand withholding, in the

sense of Ruffle, and buyers expecting negative surplus. Thus, these figures

should be seen as an upper bound on the degree of demand withholding. Even

in the no info treatment, where refraining from buying is most prevalent, there

is a declining trend in this behavior; towards the end of the experiment buyers

do not make a purchase less than 5% of the time. Hence, using automated

buyers is unlikely to have any substantial strategic effect on seller behavior.

But even if demand withholding were a more important phenomenon, it

would actually tend to strengthen our results. In the presence of demand with-

holding, substituting human buyers for automated buyers would put down-

ward pressure on prices. We would therefore expect to obtain an even more

competitive outcome in the subset and full info treatments, where prices were

statistically indistinguishable from those in the no info treatment, if we were

to use human instead of computer buyers.
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4.4.2. Lack of Vertical Differentiation in the full info Treatment

One of our most striking results is that sellers do not differentiate quality in

the full info treatment. Instead, both sellers tend to offer high quality. While

in a one-shot game or a game repeated over a small number of periods, this

outcome could be attributed to a simple coordination failure, in our exper-

iment sellers interact for 30 periods, giving them ample opportunity to co-

ordinate.16 Subjects seem to get locked into competing for the high-quality

segment of the market and fail to consider alternative strategies. This kind of

phenomenon has been observed in other settings as well; for example, bidders

in the multiunit auctions conducted by Salmon and Iachini (2007) focus on the

top prize and appear to ignore that they can bid on lower-ranked objects. We

now explore one possible explanation for why subjects exhibit such behavior,

based on imitation.

Our setup is characterized by a marked payoff asymmetry in favor of the

seller offering higher quality. For moderate differences in markup, the high-

quality seller always obtains a higher expected profit than the low-quality

seller.17 This asymmetry implies that early in the experiment the seller of-

fering higher quality tends to outperform the seller offering lower quality. Be-

cause we provide feedback to each seller about the performance of the other
16In simple coordination games such as the battle of the sexes, whose structure is formally sim-

ilar to ours, the behavior observed in the laboratory usually shows convergence to equilib-
rium when the same subjects interact repeatedly. This is true even for asymmetric versions
of the battle of the sexes (Sonsino and Sirota 2003).

17Firm j’s payoff is given by π j =
(

p j− cq j
)

D j. Suppose qA > qB, and let µ j ≡ p j − cq j
denote firm j’s markup. If µA = µB, then (pA−pB)/(qA−qB) = c. With equal markups, the
high-quality seller A makes more profit than the low- quality seller B if and only if DA >DB
or, using (H.2) and (H.5) in Appendix H.1,

θ̄ − (pA− pB)/(qA−qB) > (pA− pB)/(qA−qB) − θ⇐⇒(pA− pB)/(qA−qB) <(
θ + θ̄

)
/2

When µA = µB, this inequality is always satisfied for our parameters as
(pA− pB)/(qA−qB) = c = 1 <

(
θ + θ̄

)
/2 = 2.5. By continuity, it also holds for moder-

ate markup differences such that µA < µB, and a fortiori for moderate markup differences
such that µA > µB.
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seller in the group, subjects can observe that the higher-quality seller usually

makes more profit, and adjust their behavior accordingly.

In imitation models à la Vega-Redondo (1997), players adjust their behavior

by adopting the most successful among the strategies played by their rivals in

the previous round. For an evolutionary Cournot game, Vega-Redondo shows

that in the long run this type of imitation leads to Walrasian behavior, which

is a more competitive outcome than the Cournot-Nash equilibrium. His re-

sults have been confirmed experimentally by Huck, Norrmann, and Oechssler

(1999), Offerman, Potters, and Sonnemans (2002), and Apesteguia, Huck, and

Oechssler (2007). In our experiment, imitative behavior would lead sellers to

choose progressively higher qualities, which is indeed what we observe dur-

ing the initial phase. This suggests that the findings of the previous literature

may extend to other, more complex settings.

We now provide some evidence that the quality choices of our experimental

sellers are consistent with imitation. In each period t > 1, a seller can either

repeat the quality he chose in period t−1 or switch to a different quality. The

less successful seller of the group in t− 1 can switch to the more successful

seller’s quality (unless both already chose the same quality), or to a differ-

ent quality. More generally, he can either move towards the more successful

seller’s quality or move away from it.

There were 36 sellers in the full info treatment (6 sellers per session), each

of whom had 29 switching opportunities, providing a total of 1044 decisions.

558 of those decisions were made by successful sellers (i.e., sellers who made

a higher profit than their rival in the previous period) and 486 by unsuccessful

sellers (if the two sellers in a group made the same profit, both were classified

as successful). Among successful sellers 63.4% repeated the same quality and

36.6% switched; among unsuccessful sellers 36.2% repeated the same quality

and 63.8% switched.18 Thus, unsuccessful sellers are much more likely to

18Note that, among unsuccessful sellers who repeated their quality choice, 61.9% had the same
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switch to a different quality than successful sellers.

Table 4.7 shows the behavior of the 294 unsuccessful sellers whose quality

differed from the successful seller’s in the previous period (that is to say, all

the unsuccessful sellers who had the opportunity to switch to the successful

seller’s quality). Most of them (227) switched, and almost half of the switch-

ers picked the quality chosen by the successful seller in the previous round (a

behavior labeled “imitate” in the table). Moreover, 86.8% of switchers moved

towards the successful seller’s quality (labeled “toward”), while only 13.2%

moved away from it (labeled “away”).19 To interpret these numbers, we need

to know how they would look if subjects did not exhibit any kind of imitative

behavior. We therefore simulate the quality choices of 1000 populations of

227 sellers assuming their choices are i.i.d. draws, and check how often these

randomly generated quality choices coincide with those of the previous pe-

riod’s successful seller, and how often they move towards or away from it. To

give random behavior its best shot, we sample the simulated quality choices

from the actual distribution of quality choices observed in the full info treat-

ment (see Figure 4.2). The bottom row of Table 4.7 shows the results of the

simulations. Inspection of the table reveals that only 27.3% of random choices

coincide with the successful seller’s from the previous period; the maximum

observed in any of the simulations was 37.8%, well below the 49.8% rate ob-

served in the actual experiment. In addition, only 68.9% of simulated choices

moved toward the successful seller’s quality, compared with 86.8% in the ex-

periment.

While imitation can arguably explain the behavior observed during the ini-

tial phase, it cannot make sense of the behavior observed later in the exper-

iment. Once sellers reach the point where both offer high quality, the game

acquires a winner-take-all nature. Price competition intensifies, driving down

quality as the successful seller in the previous period.
19Our definition of “toward” also encompasses over-shooting.
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the sellers’ profits. The resulting low profits give sellers clear incentives to

explore alternative strategies. And indeed, many of them do try to deviate to a

lower quality at some point during the game. Define a downward deviation as

a situation where a period in which both sellers set qualities greater or equal

to 8 is followed by a period in which one of the sellers decreases quality by

five or more points while the other seller maintains quality at a level greater

or equal to 8. Among the 18 seller groups in the full info treatment, there are

22 instances of downward deviation.

Note that for a deviation to low quality to actually be profitable for the seller

who deviates, the other seller has to respond by raising price substantially.

For example, suppose that prior to the deviation both sellers offer a quality

of 9 and charge a price of 15 (the average values we observe in the full info

treatment; see Table 4.2). Then, they share the market and make a profit of 2

× (15 – 9) = 12 each. If seller A deviates to a quality of 1 and sets the price

that best-responds to whatever price seller B sets (yielding an upper bound on

seller A’s profit), seller B has to charge a price of at least 26 for the deviation

to be profitable (i.e., for seller A to earn a profit greater than 12 after the

deviation).20 This corresponds to a 60% price increase. If subjects tend to

adjust prices only gradually, it may well be the case that deviations are rarely

answered by a sufficiently large price increase by the rival.

In 9 out of 22 instances of downward deviations, as defined above, the

other seller did not raise price at all, either keeping it constant or reducing the

price. And in cases where the other seller did raise the price, the increase was

generally insufficient to allow the deviator to earn enough profit; only in two

cases was the price raised above 20. As a result, only four of 22 downward

20Using our parameters and the assumed quality levels, from (H.3) and (H.5)
in Appendix H.1, seller A’s profit when best-responding to pB is πA (pB) =

(4/3)((pB−7/2)−1)((pB +7/16)−1) . Hence, πA (pB)≥ 12⇐⇒ pB ≥ 3
(

3+4
√

2
)
≈

25.97.
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deviations turned out to be profitable, in the sense that the deviating seller

earned (strictly) more in the period of deviation than in the preceding period.

Three of the four occurred in the same seller group. Moreover, in all four

cases, the gains for the deviator were extremely modest (between one and

three experimental currency units), which may explain why the deviators did

not stick to low quality in the following periods.

Why do subjects fail to adjust their prices optimally following a downward

deviation by a rival? We conjecture that the main reason is bounded rational-

ity. Furthermore, because deviations are rare, sellers have limited opportuni-

ties for learning.

4.4.3. Markup Differences

A large body of experimental literature has demonstrated that collusion is rel-

atively easy to sustain in environments where sellers interact repeatedly and

the number of competing sellers is small.21 It is therefore not surprising that

sellers are able to maintain prices above marginal cost in all of our treatments.

What is more surprising is the extent to which markups differ across treat-

ments. In particular, Table 4.5 shows that the no info treatment has much

higher markups than the full info treatment, for similar levels of quality differ-

entiation. This is even more striking when taking into account how the optimal

collusive prices, given the observed qualities, differ between these treatments.

For q = 2 (the average quality in the no info treatment), assuming that buy-

ers correctly anticipate the quality supplied, the optimal collusive price is 22.

For q = 9 (the average quality in the full info treatment), the optimal collusive

price is 32.5.22 Given an observed average price of 17.06 under no info and

15.48 under full info, it appears that sellers in the no info treatment manage

to get much closer to the optimal collusive price than sellers in the full info

21For an overview of this literature, see Holt (1995); see also Dufwenberg and Gneezy (2000).
22With our parameters, the expected demand faced by a monopolist is
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treatment. This is surprising as the literature does not provide any reason why

collusion should be easier to sustain when the quality of products is unob-

servable to the buyers. In practice, however, the difference turns out to be

important.

Our tentative explanation for this result is that buyers in the no info treat-

ment may wrongly interpret price differences as being indicative of quality

differences, even though - as we show in Section 4.4.4 below - there is no

such relationship (or not a sufficiently strong one). This is evidenced by the

fact that a nontrivial fraction of buyers chooses to purchase from the seller

whose product is more expensive. Figure 4.4 shows the share of buyers who

purchase from the higher-priced seller by treatment and period.23 While under

no info this share is lower than in the other treatments, it is still substantial,

especially in the early rounds, with a peak at 40% in period 10.24 The buyers’

misinterpretation of prices affects the sustainability of collusion by altering

the sellers’ deviation payoffs. Suppose we are in a collusive situation such

that both sellers offer the same quality at the same price. In the full info

treatment, a deviation to a lower price immediately yields the deviating seller

the entire market; at equal quality, all buyers prefer the lower-priced prod-

uct. In the no info treatment, by contrast, deviating to a lower price may lead

D(p,q) =


0 for p > 20+4q
(4/3)(4− (p−20)/q) for20+q≤ p≤ 20+4q
4 for p < 20+q

Monopoly profit equals πM = (p−q)D(p,q). Maximizing with respect to price yields

pM =

{
20+q forq≤ 6
10+2.5q forq≥ 7

23When both sellers charge the same price, we classify all buyers as purchasing from the
lower-priced seller.

24By the final period, the share drops below 20%, which can be seen as evidence of buyer
learning.
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Figure 4.4.: Buyers Purchasing from Higher-priced Seller by Treatment and
Period

(some) buyers to expect that the lower-priced product is of lower quality than

the higher-priced one. Not all of the buyers will purchase from the deviating

seller. Thus, if buyers misinterpret a difference in prices as signaling a dif-

ference in qualities, deviation is less attractive in the no info treatment than

in the full info treatment, helping sellers sustain collusion. Our experiment

represents a first step in exploring the effects of the observability of quality on

collusion. More research is needed to fully understand the phenomenon.

4.4.4. Intermediate Levels of Transparency and Signaling

As discussed in the introduction, in practice we should not expect a trans-

parency policy to lead to full information. Some consumers are likely not to

acquire the disclosed information and will therefore be unable to infer qual-
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ity. Alternatively, the disclosed information might not allow any consumer

to obtain a precise estimate of quality, perhaps because of its incompleteness

or backward-looking nature (as in the case of information about airline on-

time performance or restaurant hygiene inspections, for instance). Our subset

and signal treatments were designed with these ideas in mind. They are sup-

posed to represent more realistic, and thus more policy-relevant, transparency

scenarios. It is encouraging that both the signal and subset treatment not only

lead to significantly higher levels of quality than no info, but actually approach

the levels of quality and efficiency observed under full info.25 This is an im-

portant finding because existing theory does not make a strong prediction that

the intermediate treatments should do better.

What is the mechanism that generates the high levels of efficiency in the

intermediate treatments? Theory suggests that transparency can discipline

sellers by enabling some buyers to correctly identify the seller offering the

better deal. Here, “some” could mean either a fraction of buyers, as in the

subset treatment, or all buyers with a certain probability, as in the signal treat-

ment. This makes it less attractive for sellers to charge a price that is not

commensurate with the quality they offer.

The fact that some buyers are informed (or that all buyers might be in-

formed) creates informational externalities across buyers (or across states of

the world). In a separating equilibrium, sellers produce different qualities,

and low-quality products are sold at lower prices than high-quality products;

prices signal quality. As a result, the uninformed buyers can infer quality from

prices and make better purchasing decisions even without observing quality

themselves.

To assess whether prices are better predictors of quality in the intermediate

25When comparing efficiency, bear in mind that the full info treatment makes use of automated
buyers only, which should tend to bias efficiency upward compared to a situation with
human buyers. See the discussion in Section 4.4.1.
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treatments than under no info, we performed a simple OLS regression, the

result of which is reported in Table 4.8 . The dependent variable is the differ-

ence in quality between sellers, which is regressed on treatment dummies and

the difference in prices interacted with treatment dummies. Standard errors

are clustered at the session level. Formally, the equation that we estimate is

∆Qualitygst = X
′
sα +∆PricegstX

′
sβ + εgst

where Xs ≡(no infos, signals, subsets, full infos) is the vector of treatment

dummies, α and β are the coefficient vectors to be estimated, and ∆Quality

and ∆Price denote the difference in quality and price, respectively, between

the two sellers.26 The idea is to verify whether differences in prices are asso-

ciated with differences in quality that are of the same sign and magnitude. If

prices are uninformative about qualities, the quality difference should not be

systematically related to the price difference; the coefficient of the interaction

term with ∆Price should be zero. A positive coefficient on an interaction term

indicates that when seller A’s price exceeds seller B’s price in the correspond-

ing treatment, seller A’s quality tends to exceed seller B’s quality as well, and

vice versa.

Table 4.8 shows that when taking into account the data from the entire 30

periods the coefficient on ∆Price is positive and significant in all four treat-

ments. That is, price differences tend to predict quality differences regardless

of the treatment, even under no info. The size of the coefficients varies across

treatments, however. The coefficient on ∆Price is larger and more signifi-

cant in the intermediate treatments than in the no info and full info treatments.

What is more, the evidence from the final 15 periods suggests that as sellers

learn to play the game, prices in the no info treatment lose their predictive

26Note that, unlike the variables |∆Quality| and |∆Price| reported in Table 4.2, these are not
absolute values; they can be either positive or negative.
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power altogether. This can be seen in the right-hand column of Table 4.8,

where the coefficient on the interaction of ∆Price with NoInfo is no longer

significantly different from zero. In all other treatments, price differences re-

main significant and coefficient sizes are at similar or higher levels than for

the entire 30 periods.

Table 4.9 shows the results of Wald tests for differences in the coefficients

on the interaction terms between no info and the two intermediate treatments,

all of which are highly significant.27 Taken together, the evidence supports the

view that prices are better signals of quality in the signal and subset treatments

than in the no info treatment.

To further interpret the results, consider an uninformed buyer who knows

that the quality difference is given by ∆Quality = α +β∆Price. We can ask

how large the coefficient β needs to be in order for the buyer to prefer the

higher-priced product. In general, the buyer prefers high quality if and only

if θ ≥ ∆Quality/∆Price. Suppose α = 0. Then, there exists θ ∗ ∈ [1,4) such

that buyers with θ ≥ θ ∗ prefer to buy from the higher-priced seller if and only

if β > 1/4. This situation corresponds to the signal and subset treatments,

where the estimated α is not significantly different from zero, and where the

estimated β is larger than 1/4. If instead α < 0, as in the no info treatment,

β needs to be even larger than 1/4 for some types of buyers to prefer to buy

the high-price product. The estimated β is substantially smaller. Thus, given

the estimated coefficients, no type of buyer should be willing to buy from the

higher-priced seller in no info.

27Not reported here are tests for differences between no info and full info, which turn out to be
not significant. Note that it is not clear whether one should expect significant differences
between the two treatments: because in full info, buyers can observe quality, sellers do not
need to use prices for signaling purposes.
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4.5. Conclusion

We have presented the results of an experiment investigating the role of trans-

parency in a duopoly market with vertical differentiation. Firms choose both

the quality and the price of their product, while consumers differing in their

taste for quality choose from which firm to buy. We have compared four differ-

ent treatments in which we vary the degree to which consumers are informed

about quality. Specifically, we have a full-information (full info) treatment

in which all consumers are informed, a no-information (no info) treatment in

which none of them are informed, a subset treatment in which half of them are

informed, and a signal treatment in which all consumers receive an imperfect

signal about quality. We have found that, contrary to theoretical predictions,

firms do not differentiate quality under full information. Rather, both tend to

offer services of similar, high quality, entailing more intense price competi-

tion than predicted by theory. Under no information, we observe a “lemons”

outcome where quality is low. At the same time, firms manage to maintain

prices substantially above marginal cost. In the subset and signal treatments,

quality is significantly above the no-information level.

We have argued that the lack of vertical differentiation we observe is con-

sistent with imitation models and provides additional support to the idea that

imitation may lead to outcomes that are more competitive than Nash equi-

librium. We have also speculated that consumers misinterpreting prices as

quality signals under no info may make it less profitable to deviate from a col-

lusive price and therefore facilitate collusion. Finally, we have presented some

evidence that signaling of some sort takes place in the intermediate treatments,

enabling buyers to infer qualities from prices. Because the intermediate treat-

ments can be viewed as more realistic scenarios for real-world transparency

policies, we conclude that all of our results point to transparency being a more

effective tool to protect consumers and enhance welfare than theory leads one
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to expect. Our results also have implications for competition policy. In par-

ticular, they suggest that competition works better when there is transparency

about the quality characteristics of competing products.
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All 30 Periods Final 15 Periods

no info signal subset full info no info signal subset full info

Quality (supplied) 2.67 5.70 6.75 8.47 2.23 6.02 7.11 9.14

(1.02) (1.04) (.91) (.29) (1.16) (.95) (.79) (.42)

|∆Quality| 1.51 2.39 2.34 1.26 1.10 2.62 2.46 1.02

(.69) (.33) (.31) (.32) (.84) (.46) (.29) (.38)

Price (posted) 17.06 17.49 18.74 15.48 14.02 16.69 16.66 15.22

(2.76) (3.96) (3.86) (2.63) (3.85) (3.65) (3.28) (1.97)

|∆Price| 3.77 3.53 3.96 4.12 3.35 3.20 3.59 4.48

(1.21) (.89) (.75) (1.37) (1.31) (1.36) (.75) (1.96)

Markup 14.39 11.79 12.00 7.01 11.79 10.67 9.54 6.08

(1.87) (3.91) (3.11) (2.83) (2.94) (3.61) (2.76) (2.20)

Sellers’ Surplus 48.06 41.97 41.81 22.35 39.04 39.83 35.05 18.15

(7.57) (14.08) (9.68) (9.59) (10.84) (13.79) (10.24) (8.49)

Buyers’ Surplusa 39.61 70.59 78.02 110.35 48.31 77.95 89.59 118.37

(5.61) (17.62) (7.49) (11.56) (11.29) (17.28) (9.16) (8.93)

Total Surplusa 87.86 112.56 119.83 132.70 87.35 117.78 124.64 136.52

(4.02) (9.42) (5.85) (3.01) (5.31) (7.32) (5.68) (2.40)

%Efficiencyb 63.02 80.62 85.68 94.91 62.94 84.36 89.24 97.78

(3.39) (6.76) (3.83) (1.60) (4.73) (5.24) (3.46) (1.55)

Note: Standard deviation across sessions in parentheses.
aNormalized to compensate for differences in θ .
bEfficiency = Total Surplus/

(
40+10∑

4
i=1 θi

)
.

Table 4.2.: Observed Treatment Averages



Chapter 4. Transparency in Markets for Experience Goods 191

(1) (2) (3) (4)
Constant 2.671*** 2.229*** 1.920*** 3.626***

(.389) (.441) (.438) (.377)
Signal 3.028*** 3.794*** 3.028*** 1.374**

(.556) (.570) (.560) (.630)
Subset 4.075*** 4.883*** 4.075*** 2.244***

(.522) (.535) (.526) (.650)
FullInfo 5.799*** 6.909*** 5.799*** 3.332***

(.404) (.469) (.407) (.412)
Trend NoInfo -.062***

(.015)
Trend Signal .045***

(.014)
Trend Subset .057***

(.015)
Trend FullInfo .096***

(.011)
Period Dummies No No Yes No
Periods 1-30 16-30 1-30 1-30
R2 .481 .581 .495 .518
N 2160 1080 2160 2160

Notes: Dependent variable: average quality supplied by a seller group. Stan-
dard errors clustered at the session level in parentheses.
*p<0.1; **p<0.05; ***p<0.01

Table 4.3.: Treatments and Time Effects: Quality Supplied
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(1) (2) (3) (4)
Constant 17.063*** 14.022*** 21.674*** 23.34***

(1.051) (1.467) (1.151) (.761)
Signal .426 2.669 .426 -4.386**

(1.837) (2.024) (1.850) (2.073)
Subset 1.681 2.633 1.681 -.215

(1.808) (1.928) (1.820) (2.268)
FullInfo -1.579 1.2 -1.579 -6.574***

(1.453) (1.649) (1.462) (1.998)
Trend NoInfo -.405***

(.069)
Trend Signal -0.95**

(0.47)
Trend Subset -.283***

(0.49)
Trend FullInfo -0.083

(0.061)
Period Dummies No No Yes No
Periods 1-30 16-30 1-30 1-30
R2 .030 .035 .112 .138
N 2160 1080 2160 2160

Notes: Dependent variable: average price posted by a seller group.
Standard errors clustered at the session level in parentheses.
*p<0.1; **p<0.05; ***p<0.01

Table 4.4.: Treatments and Time Effects: Price Posted



Chapter 4. Transparency in Markets for Experience Goods 193

Dependent Variable
Markup |∆Quality|

Constant 14.392*** 11.793*** 1.506*** 1.096***
(.712) (1.120) (.264) (.321)

Signal -2.602 -1-126 .881*** 1.522***
(1.652) (1.773) (.291) (.366)

Subset -2.394* -2.25 .835*** 1.367***
(1.383) (1.536) (.290) (.340)

FullInfo -7.378*** -5.709*** -.243 -.078
(1.292) (1.400) (.290) (.353)

Periods 1-30 16-30 1-30 16-30
R2 .156 .136 .051 .103
N 2160 1080 2160 1080

Note: Standard errors clustered at the session level in parentheses.
*p<0.1; **p<0.05; ***p<0.01

Table 4.5.: Treatment Effects: Markup and Quality Differentiation

All 30 Periods Final 15 Periods
Buyers’ surplusa .001 .002

Total surplusa .001 .001
Efficiencyb .001 .001

aNormalized to compensate for differences in θ .
bEfficiency = Total Surplus/

(
40+10∑

4
i=1 θi

)
.

Table 4.6.: p-Values for One-sieded Rank Sum Tests of Differences between
no info and signal
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Among Switchers
Repeat Switch Imitate Toward Away

(%) (%) (%) (%) (%)
Experimental Sellers 22.8 77.8 49.8 86.8 13.2
Simulated Sellers - 27.3 68.9 31.1

Note: Quality choices of all unsuccessful sellers in the full info treatment
whose quality in t−1 differed from the successful seller’s.

Table 4.7.: Switching Behavior of Unsuccessful Sellers in the full info
Treatment

All 30 Periods Final 15 Periods
∆Price*NoInfo .095** 0.033

(.041) (.038)
∆Price*Signal .345*** .475***

(.044) (.083)
∆Price*Subset .306*** .329***

(.034) (.056)
∆Price*FullInfo .109** .082*

(.043) (.042)
NoInfo -.397** -.346**

(.148) (.124)
Signal .218 .139

(.152) (.255)
Subset .244 -.037

(.283) (.439)
FullInfo -.022 .008

(.044) (.085)
R2 .235 .259
N 2160 1080

Notes: Dependent variable: ∆Quality. Standard errors clustered at the session
level in parentheses.

Table 4.8.: OLS Regression of Quality Differences on Price Differences
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All 30 Periods
∆Price*Signal ∆Price*Subset

∆Price*NoInfo .0004 .0006

Final 15 Periods
∆Price*Signal ∆Price*Subset

∆Price*NoInfo .0001 .0002

Table 4.9.: p-Values for Wald Tests on Differences in Coefficients
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H. Theoretical Predictions: Technical
Details

H.1. Full Information

For the analysis in this appendix we use a more general formulation of the

model that is not restricted to the parameter values used in the experiment.

We denote the number of buyers by n, the fixed component of utility by v,

and the lower and upper bounds on θ by θ and θ̄ , respectively. Suppose that

the market is covered (as mentioned in Section 4.2.1, this will be the case in

equilibrium for the parameter values we have chosen). We solve the game

backward from the price setting stage and assume without loss of generality

that qA > qB.1 A consumer with taste for quality θ obtains utility υ+θqA− pA

from buying firm A’s product, and utility υ +θqB− pB from buying firm B’s

product. The value of θ at which a consumer is indifferent is θ ∗, defined by

θ
∗qA− pA = θ

∗qB− pB⇐⇒ θ
∗ =

pA− pB

qA−qB
. (H.1)

Suppose that θ ≤ θ ∗ ≤ θ and ∆θ = θ −θ . The probability that a consumer

i prefers to purchase from firm A is 1− (θ ∗−θ)/∆θ , the probability that i

prefers to buy from firm B is (θ ∗−θ)/∆θ . Since the θs are independently

distributed, the expected demand for the firms is

1When qA = qB, all consumers buy from the firm with the lower price. In case prices are the
same, assume that consumers randomize.

199
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DA (pA, pB,qA,qB) =
n

∆θ

(
θ − pA− pB

qA−qB

)
, (H.2)

DB (pA, pB,qA,qB) =
n

∆θ

(
pA− pB

qA−qB
−θ

)
. (H.3)

From this we can derive firms’ best-response functions in the pricing game.

Firm j’s problem is

max
p j

(p j− cq j)D j (p j, p− j,q j,q− j) ,

from which we obtain the best responses

pA =
pB + cqA +θ (qA−qB)

2
, (H.4)

pB =
pA + cqB +θ (qA−qB)

2
, (H.5)

Solving for the Nash equilibrium prices we obtain

p∗A =
qA
(
2θ −θ +2c

)
−qB

(
2θ −θ − c

)
3

, (H.6)

p∗B =
qA
(
θ −2θ + c

)
−qB

(
θ −2θ −2c

)
3

. (H.7)

For the specific parameter values we use in the experiment, we have p∗A =

3qA−2qB and p∗B = qA.

Plugging the equilibrium prices into the profit function, and simplifying,

we obtain

πA (qA,qB) =
n

∆θ
(qA−qB)

(
2θ −θ − c

3

)2

, (H.8)
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πB (qB,qA) =
n

∆θ
(qA−qB)

(
θ −2θ + c

3

)2

. (H.9)

As can be seen from these expressions, the high-quality firm’s profit is in-

creasing in its own quality whatever its rival’s quality, and the low-quality

firm’s profit is decreasing in its own quality whatever its rival’s quality. It

follows that the game has two subgame perfect pure-strategy Nash equilibria:

one where firm A offers the highest possible quality while firm B offers the

lowest, and another where firm B offers the highest and firm A the lowest. For

our specific parameter values, the equilibria are (qA = 10, qB = 1, pA = 28,

pB = 10) and (qA = 1, qB = 10, pA = 10, pB = 28). There is also a mixed-

strategy Nash equilibrium in which both firms randomize between the highest

and lowest quality. In this equilibrium, each firm j chooses q j = 1 with prob-

ability 1/5 and q j = 10 with probability 4/5.

A buyer’s expected surplus is given by

E (ui) = υ +Pr(θ ≤ θ
∗) [qBE (θ |θ ≤ θ

∗)− pB]

+Pr(θ > θ
∗) [qAE (θ |θ > θ

∗)− pA]

= υ +
θ ∗−θ

∆θ

[
qB

θ ∗+θ

2
− pB

]
+

θ −θ ∗

∆θ

[
qA

θ ∗+θ

2
− pA

]
.

H.2. Less than Full Information

The solution concept we use when (at least) some buyers do not observe qual-

ity is perfect Bayesian equilibrium (PBE), which requires that uninformed

buyers hold beliefs about the quality being supplied by each seller given the

prices they observe. For a PBE, strategies must be sequentially rational given

beliefs, and beliefs must be derived from equilibrium strategies using Bayes’

rule whenever possible. A strategy s j for seller j = A, B specifies a quality to
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supply q j and a price to charge p j (qA,qB) for every possible combination of

qualities (qA,qB)∈Q2 chosen at the first stage, s j : Q2→Q×R+. A belief sys-

tem µ assigns a probability µ ((q,q′)(p, p′)) to every combination (qA,qB) =

(q,q′) ∈ Q2 of qualities given the observed prices (pA, pB) = (p, p′) ∈ R2
+.

For our purposes it is sufficient to focus on beliefs that assign probability one

to a specific pair of qualities. We can therefore simplify notation and write

q̂(p, p′) = (q,q′) for the buyers’ belief that qualities are (qA,qB) = (q,q′) after

observing (pA, pB) = (p, p′). A strategy for a buyer specifies whether to buy

from seller A or B or not to buy given prices (pA, pB). and his taste for quality

θ .

We first show that under no information there exists a “lemons”-type equi-

librium in which both sellers choose the lowest possible quality.

Result 1 (Lemons in no info). When all buyers are uninformed, the following

profile of strategies and system of beliefs form a perfect Bayesian equilibrium:

(i) Sellers’ strategies: qA = qB = 1, and p j (qA,qB) = max{cqA,cqB} , j =

A, B.

(ii) Buyers’ strategies: Buy from the lower-priced seller if min{pA, pB} ≤
υ +θ (randomize if pA = pB; do not buy otherwise.

(iii) Beliefs: q̂(pA, pB) = (1,1) for all (pA, pB) =∈ R2
+.

Proof. To establish the result, we need to show that (a) strategies are sequen-

tially rational given beliefs and (b) beliefs on the equilibrium path are derived

from equilibrium strategies using Bayes’ rule. For part (a), consider first the

pricing subgame, and suppose without loss of generality that qA ≤ qB . What-

ever prices they choose, sellers A and B will be perceived to have quality 1.

A’s best response to pB = cqB is pA = cqB−ε with ε arbitrarily small (so that

the limit as ε → 0 is pA = cqB): it yields A the entire demand (a lower price
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would yield the same demand but a lower profit; a higher price would yield

zero). Price pB = cqB is a best response to pA = cqB: even though it yields

B zero demand, so would a higher price, while a lower price would lead to

losses. Next, consider the quality-choice subgame. Given the equilibrium in

the pricing subgame, where the lower-quality seller obtains higher profits, the

dominant strategy for each seller j is to choose the lowest possible quality,

q∗j = 1, leading to equilibrium prices (q∗A,q
∗
B) = (c,c). For part (b), we ob-

serve that beliefs are correct in equilibrium, as q̂(c,c) = (1,1). P

Next, we show that the lemons outcome identified in Result 1 cannot be sus-

tained as an equilibrium in the subset treatment. Let nI denote the number of

informed buyers and nU the number of uninformed buyers, with nI +nU = n.

In subset, nI = nU = 2.

Result 2 (No lemons in subset). When nI = nU = 2., with our parameters

there is no equilibrium in which q∗A = q∗B = 1.

Proof. The out-of-equilibrium beliefs most likely to support qA = qB = 1

as an equilibrium are the same as in Result 1, i.e., q̂(c,c) = (1,1) for all

(pA, pB) =∈ R2
+. What we need to show is that in spite of such pessimistic

beliefs, there exists a profitable deviation.

Any equilibrium with qualities qA = qB = 1 must have prices pA = pB = c.

Suppose seller A deviates to qA = 10. To find the equilibrium in the pricing

subgame for (qA,qB) = (10,1), let us derive the demand when pA = pH and

pB = pL, with pL < pH (there cannot be an equilibrium with pL≥ pH since this

would yield seller B zero demand, whereas he could guarantee himself posi-

tive profit by charging some p ∈ (cqB, pH)). Assuming θ < (pH − pL)/9 < θ̄

(which we will show to be the case in equilibrium), the expected demand faced
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by sellers A and B then is

DA =
nI

∆θ

(
θ̄ − pH − pL

9

)
DB =

nI

∆θ

(
pH − pL

9
−θ

)
+

nU

∆θ

(
θ̄ −max{θ , pL−υ}

)
.

Seller A’s demand (given that qA−qB = 9) is the same as under full informa-

tion, replacing n by nI in (H.2). Seller B’s demand consists of two terms. The

first is the same as under full information, replacing n by nI in (H.3). The

second corresponds to the demand from uninformed buyers, who believe that

qA = qB = 1 and thus purchase from B if pL ≤ υ +θ .

Hence, seller A’s best response is given by (H.4): pA =
(

pB +10c+9θ̄
)
/2.

Seller B’s best response is obtained by solving maxPBπB (pA, pB), where

πB (pA, pB)≡ (pB− c)DB . Differentiating with respect to pB yields

∂πL

∂ pB
= DB +(pB− c)

∂DB

∂ pB
, (H.10)

where

∂DB

∂ pB
=

−(1/∆θ)nI/9 for pB ≤ υ +θ

−(1/∆θ)(nI/9+nU) for pB > υ +θ

. (H.11)

This implies that there is a discontinuity in the derivative of B’s payoff func-

tion at pB = υ +θ . Since ∂πB/∂ pB is decreasing in pB on both sides of the

discontinuity and nI/9 < nI/9+nU , there are three possible cases:

• if ∂πB (pA,υ +θ)/∂ pB < 0, the solution is pB < υ +θ ;

• if ∂πB (pA,υ +θ)/∂ pB > 0 > limPB↘υ+θ ∂πB (pA, pB)/∂ pB, the solu-

tion is pB = υ +θ ;

• if limPB↘υ+θ ∂πB (pA, pB)/∂ pB > 0, the solution is pB > υ +θ .
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We now show that for our specific parameters, we wind up in the second of

these cases, and then compute A’s best response to establish that the deviation

to qA = 10 is profitable.

We have

∂πB (pA,υ +θ)

∂ pB
=

nI [pA + c−9θ −2(υ +θ)]

9∆θ
+nU

=
2(pA−50)

27
+2 > 0 ⇐⇒ pA > 23.

From (H.4), we observe that even if A expects B to charge a price pB = cqB =

1, A’s best response is pA = 23.5, so this condition will always be satisfied.

Furthermore,

lim
PB↘υ+θ

∂πB (pA, pB)

∂ pB
=

nI [pA + c−9θ −2(υ +θ)]

9∆θ

+
nU
[
9
(
θ̄ +υ + c

)
−18(υ +θ)

]
9∆θ

=
2(pA−203)

27
< 0 ⇐⇒ pA < 203.

Since no buyer would ever be willing to buy at a price higher than 60, this

condition will always be satisfied as well. We conclude that the sequentially

rational prices after the deviation by A to qA = 10 are pB = 21 and pA = 33.5.

The indifferent informed consumer is at θ ∗ = (33.5−21)/9 = 1.39 < 4 = θ̄ .

A’s expected payoff is (33.5−10)(2/3)(4−1.39)> 0, so the deviation is prof-

itable. P

The third result we establish is that the full-information qualities and prices

can be sustained as an equilibrium even under no information (and thus a for-
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tiori in the intermediate treatments).

Result 3 (Signaling in no info). When all buyers are uninformed, with our

parameters the following profile of strategies and system of beliefs form a

perfect Bayesian equilibrium:

(i) Seller A’s strategy: qA = 10, pA (10,qB) = 28 for all qB, pA (qA,qB) =

(19+qA)/2 for all qA 6= 10 and all qB.

(ii) Seller B’s strategy: qB = 1, pB (10,qB) = (19+qB)/2 for all

qB, pB (qA,qB) = 28 for all qA 6= 10 and all qB.

(iii) Buyers’ strategies: If (pA, pB) = (28, p) with p 6= 28, buy from seller

A if θ ≥ (28−p)/9 and from seller B if θ < (28−p)/9; if (pA, pB) =

(p′,28) with p′ 6= 28, buy from seller B if θ ≥ (28−p´)/9 and from

seller A if θ < (28−p´)/9; for any other prices, buy from the lower-

priced seller if min{pA, pB} ≤ υ + θ (randomize if pA = pB ) and do

not buy otherwise.

(iv) Beliefs: q̂(28, pB) = (10,1) for all pB 6= 28, q̂(pA,28) = (1,10) for

all pA 6= 28, q̂(28,28) = (1,1) , and q̂(pA, pB) = (1,1) if pA 6= 28 and

pB 6= 28.

Proof. The equilibrium qualities and prices are (q∗A,q
∗
B) = (10,1) and (p∗A, p∗B)

= (28,10). Buyers correctly infer that A sells quality 10 and B sells quality 1.

Hence, they buy from A if θ ≥ 2 and from B if θ < 2; equilibrium profits are

π∗A = 48 and π∗B = 12. We now consider deviations at the pricing stage and the

quality-choice stage in turn.

Price deviations: Consider any pair of qualities (qA,qB) chosen at the first

stage. We can distinguish two cases, depending on whether qA = 10 or qA 6= 10



Appendix H. Theoretical Predictions: Technical Details 207

. If (qA,qB) = (10,q), with q ∈ Q, A’s equilibrium strategy calls for pA = 28.

Since for any pB 6= 28, beliefs are q̂ = (10,1), B’s best response is

pB =
pA + cq−θ (q̂A− q̂B)

2
=

19+q
2

,

and the resulting profit is

πB =
4
3

(
19+q

2
−q
)(

28− (19+q)/2
9

−1
)
> 0.

The only price deviation for B we need to consider (because it changes beliefs)

is pB = 28, in which case q̂ = (1,1), and no buyer is willing to purchase since

υ + θ̄ = 24 < 28, so the deviation profit equals 0 < πB. Let us now consider

price deviations for A. When charging pA = 28, A’s profit is

πA =
4
3
(28−10)

(
4− 28− (19+q)/2

9

)
≥ 48,

where the inequality follows from πA being increasing in q. Since, for any

q, pB (10,q) < 28, beliefs are q̂ = (1,1) for any pA 6= 28. A’s best deviation

is to just undercut pB = (19+q)/2. In the most favorable case (q = 10), this

implies pA = 14.5−ε , which yields a deviation profit whose limit as ε→ 0 is

4(14.5−10) = 18 < 48.

If instead (qA,qB)= (q′,q), with q′ 6= 10 and q∈Q, B’s equilibrium strategy

calls for pB = 28. Hence, for any pA 6= 28, q̂ = (1,10), and A’s best response

is

pA =
pB + cq′−θ (q̂B− q̂A)

2
=

19+q′

2
,

with a resulting profit of

πA =
4
3

(
19+q′

2
−q′

)(
28− (19+q′)/2

9
−1
)
> 0.
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The only price deviation for A we need to consider is pA = 28, in which case

q̂ = (1,1), and no buyer is willing to purchase since υ + θ̄ = 24 < 28, so the

deviation profit equals 0 < πA. Let us now consider price deviations for B.

When charging pB = 28, B’s profit is

πB =
4
3
(28−q)

(
4− 28− (19+q′)/2

9

)
.

Since, for any q′, pA (q′,q) < 28, beliefs are q̂ = (1,1) for any pB 6= 28. B’s

best deviation is to just undercut pA =(19+q′)/2. Charging pB =(19+q′)/2

−ε yields a deviation profit whose limit as ε→ 0 is πdev
B = 4((19+q′)/2−q).

Taking the difference and simplifying, we obtain πB (q′,q)− πdev
B (q′,q) =

(934−2q′ (q−1)+38q)/27, which is decreasing in q′ and increasing in q.

Hence, the lower bound is given by πB (9,1)−πdev
B (9,1)=36>0, and deviat-

ing from pB = 28 is never profitable.

Quality deviations: A unilateral deviation by seller j to some q 6= q∗j , j =
A, B, leads to prices p− j = 28 and p j = (19+q)/2, with associated beliefs
q̂(p j, p− j) = (1,10). Seller j’s resulting profit is π j = (4/3)((19+q)/2−q)
((28− (19+q)/2)/9−1) = (19−q)2 /27, which is decreasing in q. Hence,
there is no profitable deviation for seller B, whose equilibrium quality is q∗B =
1, the lowest possible. For seller A, the best deviation is to q = 1, which leads
to a deviation profit of 12 < 48 = π∗A. We conclude that neither seller has a
profitable deviation. P



I. Nonparametric Tests

As a robustness check, we also conducted conservative nonparametric rank

sum tests that treat each experimental session as one data point. Our match-

ing protocol implies that, while seller groups do not interact with each other

directly, each seller group interacts with all of the buyer groups in a session.

Thus, in a strict sense, seller groups within the same session are not indepen-

dent observations. Only the session averages can be treated as truly indepen-

dent observations. Here we provide (one-tailed) p-values from Mann-Whitney

rank sum tests under the null hypothesis of no difference between any two

treatments, both for all 30 periods and for the final 15 periods.

All 30 Periods Final 15 Periods
signal subset full info signal subset full info

no info .002 .001 .001 no info .001 .001 .001
signal .120 .001 signal .047 .001
subset .002 subset .001

Table I.1.: p-values for One-sided Rank Sum Tests of Differences in Quality
Supplied

209
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All 30 Periods Final 15 Periods
signal subset full info signal subset full info

no info .409 .242 .120 no info .090 .120 .090
signal .242 .242 signal .409 .242
subset .120 subset .242

Table I.2.: p-values for One-sided Rank Sum Tests of Differences in Price
Posted

All 30 Periods Final 15 Periods
signal subset full info signal subset full info

no info .155 .155 .001 no info .350 .155 .001
signal .469 .013 signal .350 .013
subset .008 subset .021

Table I.3.: p-values for One-sided Rank Sum Tests of Differences in Markup

All 30 Periods Final 15 Periods
signal subset full info signal subset full info

no info .027 .019 .120 no info .004 .013 .409
signal .294 .002 signal .294 .001
subset .001 subset .001

Table I.4.: p-values for One-sided Rank Sum Tests of Differences in |∆
Quality|

|



J. Instructions

Appendix J.1 provides the instruction for treatments in which subjects can

also take the role of consumers. The instructions given in that section are

those of the no info treatment. Changes and / or additions in the instructions

of the subset or signal treatment are indicated as such. Appendix J.2 provides

the instructions for the full info treatment.

J.1. Treatments with Human Consumers: No info,
subset and signal

Thank you very much for participating in this experiment on decision making

in a market! If you follow these instructions carefully and make good deci-

sions, you can earn a considerable amount of money, which will be paid to

you in cash at the end of the experiment.

Please read the following instructions carefully. You can use them as a ref-

erence during the experiment. Until the end of the experiment, please do not

talk with each other.

Overview

In this experiment, you will be playing sellers and buyers in a market. The

experiment will consist of 30 periods overall. Prior to those 30 periods, there

will be two practice periods which do not have an effect on your payoff at

211
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the end of the experiment. The practice periods are included to give you the

opportunity to get used to the task.

Both as a seller and as a buyer, your payoff by the end of the experiment will

depend on the amount of Experimental Currency Units (ECU) that you secure

during the experiment. Your payoff will be paid to you anonymously and in

private after the experiment.

Your ECU score will be exchanged at a rate of 50 ECU for 1 Euro. In addition

to the payoffs you make based on your performance during the experiment,

you will also receive a start-up fund of 50 ECU (equivalent to 1 Euro). Note

that this start-up fund is in play from the beginning of the experiment, so if

you make losses, this will decrease your reward!

Selling and Buying the Product

It will be randomly decided whether you are a seller or a buyer, and you will

remain in that role for the entire experiment. As a seller you decide on the

price and the ‘grade’ of a product. The grade is a feature of the product that

will be explained below. As a buyer you decide from which seller to buy the

product. You can buy at most one unit of the product in each period.

The grade is a product feature that affects both sellers and buyers. For sellers,

a high grade is more costly to provide than a low grade. For buyers, a high

grade is more valuable than a low grade.

Before we go into the details on what you should consider when selling or

buying the product, we briefly introduce the sequence of actions sellers and

buyers take in every period of the experiment. It consists of three steps.

• Step 1: The sellers choose the grade of the product which they will offer

to the buyers.

• Step 2: Sellers see the grade that was chosen by the other seller of their

group, and then decide on the price (per unit) of the product.
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• Step 3: The buyers decide from which seller to buy. Buyers can also

decide not to buy a product.

Over the course of the experiment, sellers will be put in groups of two, while

buyers will be put in groups of four. These groups remain the same for the

entire experiment: if you are a seller, you will always interact with the same

seller while if you are a buyer, you will always be in a group with the same

three buyers. Overall, there are three seller and three buyer groups.

In each period, it will be randomly determined which group of sellers offers

products to which group of buyers. No buyer will be able to know which

group of sellers offers the product to her group while a seller will not know to

which particular group of buyers she offers the product.

For Buyers

Your only action in each period will be to buy one or none of the products

offered to you by the two sellers. If you don’t buy anything, your payoff is

zero (0) ECU. If you buy, your payoff depends on both the price and the grade

of the product that you purchase. The exact relation between your payoff and

the product you purchase is as follows:

Buyers’s Payoff = 20 ECU - Price + X * Grade (I)

That is, your payoff consists of a fixed amount of 20 ECU, minus price, plus

X times the grade of the product you buy. This formula implies a number of

things:

• There is a fixed amount of 20 ECU included in your payoff (independent

of price and grade).
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• The higher the price, the lower your payoff. - The higher the grade, the

higher your payoff.

• How important the grade of the product is for your payoff depends on

the factor “X”. X can be any real number between 1 and 4 (for example,

1.42 or 3.79). An X value of 4 means that the grade of the product you

purchase increases your payoff by an amount equal to four times the

grade. Similarly, an X value of 3 or 2 multiplies the grade by three or

two. An X value of 1 multiplies the grade by one, which means that it

stays the same.

• The value of X will be determined randomly at the beginning of every

period. Every value between 1 and 4 is equally likely to occur. As a

buyer you only know your own X value, and neither sellers nor other

buyers can observe it.

In this experiment, as a buyer you only observe the prices which the sellers

set. You do not discover the grade of the product until after your purchasing

decision. Hence, you do not know exactly what your payoff will be until after

you have decided from which seller to buy.

>>>

In the instructions for the subset treatment, the previous paragraph is replaced

by:

As a buyer in a group, you do not only differ from the other buyers in your X

value, but also in your ability to observe the grade chosen by the sellers.

In each buyer group, there will be two informed buyers who can observe both

the price and the grade of the two sellers. In this experiment, those buyers will
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not be played by humans but rather by the computer. They will automatically

buy the product whose combination of price and grade maximizes their payoff

as shown in (I) above. If both sellers offer the same grade and price, they buy

from one of them at random.

The other two buyers in a buyer group will be uninformed buyers. They will

be played by you. In contrast to the informed buyers, they can only observe

the prices which the sellers set. They do not discover the grade of the product

until after their purchasing decision. Hence, as an uninformed buyer you do

not know exactly what your payoff will be until after you have decided from

which seller to buy.

<<<

>>>

In the instructions for the signal treatment, the previous paragraph is replaced

by:

In this experiment, as a buyer you observe the prices which the sellers set

but you cannot observe the exact grade they offer. You can only observe an

approximation of the grade that we call grade-signal. The grade-signal can

deviate from the true grade. You do not discover the true grade until after

your purchasing decision. Hence, you do not know exactly what your payoff

will be until after you have decided from which seller to buy.

You receive one separate grade-signal for each of the two sellers offering prod-

ucts to your group. The grade-signal for each seller is generally calculated as:

Grade-signal = True Grade + Error (II)
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The value of the error will be determined randomly and independently for

each seller after they have chosen the grade in Step 1 and set a price in step 2.

Note that the sellers will therefore not know the eventual value of the grade-

signal you see. Every value of the error between -5 and +5 is equally likely

to occur. If for example a seller decides to offer a grade of 7 and the error for

this seller turns out to be -1, formula (II) above tells us that you as a buyer will

receive a grade-signal of 6.

Note that there are two particular cases in which the signal is computed dif-

ferently than in formula (II).

• If according to (II) the grade-signal would be larger than 10 (the highest

possible grade), it will be set to 10 instead.

– Example: A seller chooses to offer a grade of 9, and the error turns

out to be 3. According to formula (II), the grade-signal would be

12. However, as this is higher than the highest possible grade, you

will receive a grade-signal of 10 instead.

• If according to (II) the grade-signal would be lower than 1 (the lowest

possible grade), it will be set to 1 instead.

– Example: A seller chooses to offer a grade of 1, and the error

turns out to be -2. According to (II), the grade-signal would be -1.

However, as this is lower than the lowest possible Grade, you will

receive a grade-signal of 1 instead.

<<<

For Sellers

As explained below, you will first pick a grade for your product, and then

choose a price. For each unit of the product that you manage to sell, your
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payoff in ECU consists of the price minus the cost of the grade that you offer.

The formula for your payoff is:

Seller’s Payoff = ( number of units sold ) * ( Price – Grade * c )

In step 1 you can choose a grade for the product between 1 and 10. Providing

a higher grade is more costly than providing a lower grade. For each increase

in grade you incur a cost of “c”. If as a seller you offer a product with grade

3, you incur a cost of 3 * c. You will be informed about c when you choose

the grade in step 1. The cost c is the same for all sellers and will remain

unchanged throughout the entire experiment.

Note that you only get a payoff, or incur the cost of c, if buyers actually buy

products from you!

In step 2 you see the grade that was chosen by yourself and the other seller in

your group. You can now set a price at which you want to offer the product to

the four buyers. As a seller you are provided with the following information

when setting the price:

• The minimum price you have to charge to recover the costs of providing

the grade chosen in step 1.

• The maximum price any buyer is willing to pay, under the most ideal

circumstances (that is, if X=4 and the buyer believes that you offer a

grade of 10).

>>>

The following bullet point is added in the subset treatment:

The maximum price which an informed buyer with factor X=4 is willing to

pay given the grade you have chosen in step 1. An informed buyer with a

lower X is willing to pay less ECU than indicated!
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<<<

>>>

The following paragraph is inserted in the signal treatment:

Please note that buyers may not see the actual grade you offer, but rather the

signal-grade of formula (II). Buyers will see what grade you really offered

after each purchasing decision.

<<<

Note that the information about buyers’ maximum willingness to pay is based

on the hypothetical situation where no other seller is present in the market.

How much a buyer is actually willing to spend on your product also depends

on the other seller’s offer!

If you have any questions, please ask them now.

If you have questions during the experiment, quietly raise your hand and an

instructor will help you.

Good luck!
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J.2. The full info treatment

Thank you very much for participating in this experiment on decision making
in a market! If you follow these instructions carefully and make good deci-
sions, you can earn a considerable amount of money, which will be paid to
you in cash at the end of the experiment.

Please read the following instructions carefully. You can use them as a ref-
erence during the experiment. Until the end of the experiment, please do not
talk with each other.

Overview

In this experiment, you will be playing sellers of a product in a market where
you will interact with automated buyers played by the computer. The experi-
ment will consist of 30 periods overall. Prior to those 30 periods, there will be
two practice periods which do not have an effect on your payoff at the end of
the experiment. The practice periods are included to give you the opportunity
to get used to the task.

Your payoff by the end of the experiment will depend on the amount of Exper-
imental Currency Units (ECU) that you secure during the experiment. Your
payoff will be paid to you anonymously and in private after the experiment.

Your ECU score will be exchanged at a rate of 50 ECU for 1 Euro. In addition
to the payoffs you make based on your performance during the experiment,
you will also receive a start-up fund of 50 ECU (equivalent to 1 Euro). Note
that this start-up fund is in play from the beginning of the experiment, so if
you make losses, this will decrease your reward!

Selling and Buying the Product

As a seller you decide on the price and the ‘grade’ of a product. The grade is
a feature of the product that affects both sellers and buyers. For sellers, a high
grade is more costly to provide than a low grade. For buyers, a high grade is
more valuable than a low grade.
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Before we go into the details on what you should consider when selling or
buying the product, we briefly introduce the sequence of actions sellers and
buyers take in every period of the experiment. It consists of three steps.

• Step 1: The sellers choose the grade of the product which they will offer
to the buyers.

• Step 2: Sellers see the grade that was chosen by the other seller of their
group, and then decide on the price (per unit) of the product.

• Step 3: The buyers decide from which seller to buy. Buyers can also
decide not to buy a product.

Over the course of the experiment, sellers will be put in groups of two, while
buyers will be put in groups of four. These groups remain the same for the
entire experiment: you will always interact with the same seller. Overall, there
are three seller and three buyer groups.

In each period, it will be randomly determined which group of sellers offers
products to which group of buyers. The buyers will not be able to know which
group of sellers offers the product to their group while you as a seller will not
know to which particular group of buyers you offer the product.

The Behavior of the Automated Buyers

A buyer’s only action in each period will be to buy one or none of the products
offered by the two sellers. If a buyer does not buy anything, its payoff is zero
(0) ECU. If it buys, its payoff depends on both the price and the grade of the
product that it purchases. The exact relation between a buyer’s payoff and the
product it purchases is as follows:

Buyers’s Payoff = 20 ECU - Price + X * Grade (I)
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That is, your payoff consists of a fixed amount of 20 ECU, minus price, plus
X times the grade of the product you buy. This formula implies a number of
things:

• There is a fixed amount of 20 ECU included in your payoff (independent
of price and grade).

• The higher the price, the lower your payoff. - The higher the grade, the
higher your payoff.

• How important the grade of the product is for the buyer’s payoff de-
pends on the factor “X”. X can be any real number between 1 and 4
(for example, 1.42 or 3.79). An X value of 4 means that the grade of the
product you purchase increases your payoff by an amount equal to four
times the grade. Similarly, an X value of 3 or 2 multiplies the grade by
three or two. An X value of 1 multiplies the grade by one, which means
that it stays the same.

• For each buyer, the value of X will be determined randomly at the be-
ginning of every period. Every value between 1 and 4 is equally likely
to occur. A buyer only know its own X value, and neither you as sellers
nor other buyers can observe it.

The buyers observe both the price and the grade of the two sellers. Each of
them automatically buys the product whose combination of price and grade
maximizes its payoff as shown in (I) above. If both sellers offer the same
grade and price, the buyers choose one of them at random.

For Sellers

As explained below, you will first pick a grade for your product, and then
choose a price. For each unit of the product that you manage to sell, your
payoff in ECU consists of the price minus the cost of the grade that you offer.
The formula for your payoff is:



222 J.2. The full info treatment

Seller’s Payoff = ( number of units sold ) * ( Price – Grade * c )

In step 1 you can choose a grade for the product between 1 and 10. Providing
a higher grade is more costly than providing a lower grade. For each increase
in grade you incur a cost of “c”. If as a seller you offer a product with grade
3, you incur a cost of 3 * c. You will be informed about c when you choose
the grade in step 1. The cost c is the same for all sellers and will remain
unchanged throughout the entire experiment.

Note that you only get a payoff, or incur the cost of c, if buyers actually buy
products from you!

In step 2 you see the grade that was chosen by yourself and the other seller in
your group. You can now set a price at which you want to offer the product to
the four buyers. As a seller you are provided with the following information
when setting the price:

• The minimum price you have to charge to recover the costs of providing
the grade chosen in step 1.

• The maximum price which a buyer with factor X=4 is willing to pay
given the grade you have chosen in step 1. A buyer with a lower X is
willing to pay less ECU than indicated!

Note that the information about buyers’ maximum willingness to pay is based

on the hypothetical situation where no other seller is present in the market.

How much a buyer is actually willing to spend on your product also depends

on the other seller’s offer!

If you have any questions, please ask them now.
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If you have questions during the experiment, quietly raise your hand and an

instructor will help you.

Good luck!
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