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Abstract

Consider supply function competition with private information about possibly correl-
ated costs. We study whether information frictions lead to market power when agents
potentially learn from the price. We find that if private signals are relatively noisy then in-
terdependent costs lead to high market power, whereas if signals are relatively precise then
interdependent costs do not raise market power over the case of uncorrelated costs. The
first result is consistent with the comparative statics of Bayesian supply function equilib-
rium and, the overall result with an explanation in terms of the limited capacity of agents
to process information signals.
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1 Introduction

We present the results of a laboratory experiment in a setting representative of real-world
markets characterised by competition in demand or supply schedules such as wholesale electricity
markets, markets for pollution permits, or liquidity and Treasury auctions. In our experimental
markets each seller has incomplete information about her costs, receives a private signal, and
competes in supply functions (e.g., Klemperer and Meyer 1989). The aim of our experiment
is to study the relationship between market power and information frictions. In particular,
our focus is on the causal effect of the correlation of costs between sellers and the relative
variation in the private signal noise with respect to the variation of the fundamental (hereafter
the variance ratio) on market outcomes.1 Our experiment is complex because we want to reflect
some features of competition in actual markets. In conducting our experimental test, we take
received theory about competition in supply functions seriously.

Our primary goal is to shed light on the extent to which information frictions lead to market
power in supply function competition, such as in wholesale electricity markets. For example,
according to Holmberg and Wolak (2016), cost uncertainty and information asymmetry are
large in hydro-dominated markets. Understanding what factors contribute to the existence of
market power is a central issue in industrial organisation and this is an area to which experi-
mental economics can contribute. Our results may also yield insights into participants’ decision
processes in a specific market environment.

The issue is of policy importance. Indeed, a competition policy authority could mistakenly
infer collusion from high margins in the wholesale electricity market when in fact generators
were bidding non-cooperatively taking into account the information conveyed by the price. Or,
similarly, the Treasury may suspect collusion in some bond auctions when in fact bidders are
responding optimally to the incomplete information environment they face. It is therefore crucial
to test whether the theoretical predictions are borne out in the laboratory, or alternatively,
whether we find deviations towards either more competitive or less competitive behaviour than
predicted by the equilibrium. In electricity markets, mitigating the market power is a primary
concern of regulators.2

Our design is based on Vives (2011), which structures a wide range of competitive environ-
ments where agents compete in schedules with private information providing a very tractable
model.3 In this model, in a supply function equilibrium (hereafter SFE), noisy private informa-
tion with cost correlation generates market power that exceeds the full-information benchmark.

1The following papers argue for the importance of demand or cost uncertainty among bidders that compete
in schedules: wholesale electricity markets (Holmberg and Wolak 2016); liquidity auctions (Cassola et al. 2013);
Treasury auctions (Keloharju et al. 2005); carbon dioxide emission permits (Lopomo et al. 2011).

2See, for example, Hortaçsu and Puller (2008) and Holmberg and Wolak (2016).
3For example, the models of Klemperer and Meyer (1989) and Kyle (1989) can be seen as limit cases of Vives

(2011).
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When costs are interdependent, the SFE predicts a higher degree of market power than when
costs are uncorrelated. The mechanism that explains these comparative statics results can be
stated as follows. With interdependent costs, a Bayesian-rational seller must also realise that a
high price conveys the information that the average signal of her rivals is high, and therefore,
the seller deduces that her own costs must also be high. Hence, she should compete less aggress-
ively than if costs were uncorrelated in order to protect herself from adverse selection. As either
costs become more correlated or private signals are relatively less precise then the price is more
prominent in the inference of costs, and equilibrium supply functions become steeper, leading to
greater market power. In equilibrium, the combination of incomplete information and strategic
behaviour leads to greater market power when costs are interdependent than when they are
uncorrelated. The SFE with uncorrelated costs coincides with the full-information equilibrium
since sellers do not learn about costs from prices. The mechanism that relates higher cost cor-
relation to increased market power is connected to a generalised version of the winner’s curse
(Ausubel et al. 2014) that extends the original concept to multi-unit demand auctions.

The experimental design is as follows. We employ a between-subjects design with four treat-
ments that differ in the correlation among costs and in the variance ratio.4 Uncorrelated costs
treatments are relevant in situations where cost shocks among sellers are purely idiosyncratic,
while interdependent costs treatments are appropriate when cost shocks among sellers have a
large systematic component due to events that commonly affect all sellers.

In each treatment, participants were randomly assigned to independent groups of twelve
participants, each comprising four markets of three sellers. Sellers competed for several rounds,
and within each group, we applied random matching between rounds in order to retain the
theoretical model’s one-shot nature. The buyer was simulated, and participants were assigned
the role of sellers. Subjects received a private signal about the uncertain cost and were then
asked to submit a (linear) supply function. As in the theoretical model, and in contrast to most
of the experimental literature, we used a normally distributed information structure that well
approximates the distribution of values in naturally occurring environments. After all decisions
had been made, the uniform market price was calculated and each subject received detailed
feedback about her own performance, the market price, and the behaviour and performance of
rivals in the same market.

Although we have simplified our design as much as possible, our experiment is rather com-
plex. This is a reflection of the problem we are studying. The model we base our design on is
an intricate one, and the markets the model represents are even more multifaceted. Naturally,
simpler designs may make it possible to study participants’ decision processes more in detail.
However, we think that the insights gained by studying simple designs alone are not enough.
In our view, complex and simple experiments are complements rather than substitutes. While

4In a between-subjects design participants are part of one treatment only.
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simple experiments allow one to study a particular issue in detail, complex experiments are
useful to obtain a more complete picture in environments where people face more than one
problem at the same time. More complex games are certainly required to understand situations
of interest, such as how top managers decide to allocate company resources.5

The results that we wish to highlight pertain to the comparative statics of the SFE, which re-
late information frictions to market power, together with an explanation of observed behaviour.
Our measure of market power is price impact, which reflects the ability of a seller to influence
the market price. Price impact is given by the slope of residual demand facing a trader (a
competitive trader would face an infinitely elastic demand). We find that the observed changes
in market power and absences thereof are consistent with two of the three comparative statics
predictions of the SFE. Consistent with the predictions of the SFE, we first find that average
market power in markets with uncorrelated costs is the same regardless of the variance ratio,
and that it is close to what the SFE prescribes. Second, with interdependent costs and a high
variance ratio, average market power increases significantly. Inconsistent with the predictions of
the SFE, our experiment shows that average market power does not increase significantly when
the variance ratio is low and costs are interdependent. In other words, if the signal is relatively
noisy then interdependent costs lead to high market power, whereas if the signal is relatively
precise then interdependent costs do not lead to a difference in market power with respect to
when costs are uncorrelated.

We also find that market power, as measured by price impact or the supply function slope,
does not depend on participants’ private signal. However, if the signal is relatively precise then
the supply function’s intercept is more responsive to the signal than when it is relatively noisy.
This suggests an interpretation of our results in terms of the cognitive processes participants
engage in. The relative attention participants pay to the private signal compared to the informa-
tional content of the price may depend on the noisiness of the signal. If costs are interdependent
and the signal is rather precise then participants pay more attention to the signal and less to
the price. By contrast, if the signal is relatively noisy then participants focus less on it and
extract more information from the price leading to a larger increase in market power than in
the previous case.

The results of our mixture model that are used to explain the observed heterogeneity in
market power are consistent with this explanation. Changing from uncorrelated to interde-
pendent costs at a constant low level of signal noise does not lead to higher market power. In
both treatments, more than half of the participants deviate from SFE either because they are
price-takers or they ignore the information content of the market price, or both. By contrast,
changing from uncorrelated to interdependent costs at a constant high level of signal noise does
lead to higher market power. This change leads to a reduction in the proportion of price-takers

5An example of an interesting complex experiment is Selten, Pittnauer and Hohnisch (2012).
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and an increase in the proportion of participants who either play the SFE or best-respond to
the empirical distribution of behaviour.

Some but few laboratory experiments have sought to analyse, as we do, competition in
supply functions. Exceptions include the work of Bolle et al. (2013), who focus on testing
predictions of the supply function equilibrium concept, as well as Brandts et al. (2008), and
Brandts et al. (2014), who study how the presence of forward markets and of pivotal suppliers
affects prices. None of these supply function experiments incorporates informational frictions.6

Our experiment is also related to the literature of multi-unit uniform price auctions with
incomplete information for which there is evidence of demand reduction—in demand auc-
tions characterised by independent private values and an indivisible good—both experimentally
(Kagel and Levin 2001) and in the field (List and Lucking-Reiley 2000; Engelbrecht-Wiggans
et al. 2005; Engelbrecht-Wiggans et al. 2006). Outside the laboratory, Hortaçsu and Puller
(2008) empirically evaluate strategic bidding behaviour in multi-unit auctions using data from
the Texas electricity market. These authors find evidence that large firms bid according to the
theoretical benchmark while smaller firms deviate significantly from that benchmark. Unlike
this literature, our paper addresses a uniform-price auction with interdependent values and a
divisible good. The experiment we conduct is also related to that of Sade et al. (2006), who
test the theoretical predictions of a divisible-good, multi-unit auction model under different
auction designs; they report some inconsistencies between the theoretical equilibrium strategies
and actual experimental behaviour.

More indirectly, our results are related to findings in the literature on the winner’s curse
in single unit auctions where a savvy bidder avoids bidding aggressively because “winning”
conveys the news that her signal was the highest in the market. The winner’s curse is a
prevalent, consistent, and robust phenomenon in single-unit auctions featuring common (or
interdependent) values (Kagel and Levin 1986; Goeree and Offerman 2003; Kagel and Levin
2015). The analogy between the winner’s curse in single-unit auctions with competition in
supply functions may be relevant with respect to adverse selection but not necessarily with
respect to market power.7 Our results are consistent with this literature when the signal is

6As in most laboratory experiments, our subjects are university students. A natural question is how useful
our data are to shed light on what happens in markets in which decisions are typically made by experience market
traders. Fréchette (2015) surveys all the existing experimental studies in which the behaviour of students and
experts are compared. His overall conclusion is that: “(. . . ), overall much of the big picture seems the same
whether one looks at professionals or students in laboratory experiments testing economic models.”

7Our results are more closely related to the theoretical notion of the generalised winner’s curse (Ausubel et
al. 2014) which reflects that “winning” a larger quantity is worse news than “winning” a smaller quantity because
the former implies a higher expected cost for the bidder (where bidders are sellers). In our environment a seller
that faces a high price should think that it is likely that costs of her rivals are high and this is news that her
own costs are also high because of the positive correlation. The result is that the seller should moderate her
offer and this induces the supply function to be steeper. Therefore, rational bidders refrain from competing too
aggressively.
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relatively precise but not when it is noisy.
Several other papers study behaviour in other contexts and show that individuals fail to

extract information from other people’s actions in various simpler contingent reasoning setups.
Some examples of these contexts include bilateral negotiations (Samuelson and Bazerman 1985),
in the acquiring a company game (Charness and Levin 2009), and voting (Esponda and Vespa
2014). Ngangoué and Weizsäcker (2018) find that traders have trouble deriving information
from hypothetical values of prices. In addition, the detailed analysis of our results echoes the
analysis of other strategic games with private information; examples include Carrillo and Palfrey
(2011) as well as Brocas et al. (2014). Both of those papers report that (a) a large proportion
of participants behave just as in the equilibrium where participants play simple but strategic
private-information games yet (b) this proportion declines markedly with increasing strategic
complexity of the game.

Our findings indicate that when there are two sources of information (the private signal
and the price), the relatively quality of these two sources of information may matter for the
agents’ attentiveness when they have a limited capacity to process information (Kacperczyk
et al. 2014). Specifically, we find that if costs are interdependent and the private signal is
relatively noisy then participants pay more attention to the price leading to greater market
power compared to when the private signal is relatively precise.

The rest of our paper is organised as follows. We explain the theoretical model in Section 2.
Section 3 describes the experimental design and hypotheses, after which Section 4 explains the
experimental procedures. In Section 5 we present the experimental results, and in section 6 we
show the results of two robustness treatments. We conclude in Section 7. Further details of
the equilibrium characterisation, experimental instructions, auxiliary empirical results, and an
analysis of participants’ characteristics are provided in Online Appendices.

2 Theoretical Background

There are n sellers who compete simultaneously in a uniform price auction, and each seller
submits a supply function. Seller i’s profits can be written as

πi = (p− θi)xi −
λ

2
x2i , (1)

where xi are the units sold, θi denotes a random cost parameter, p is the uniform market price,
and λ > 0 represents a parameter that measures the level of transaction costs. The (random)
cost parameter θi is normally distributed as θi ∼ N(µ, σ2

θ). The demand is inelastic and equal
to q, and the market-clearing condition allows us to find the market price p.

The information structure is as follows. A seller does not know the value of the cost shock θi
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before submitting her supply schedule, and she receives a signal si = θi + εi for which the error
term is distributed as εi ∼ N(0, σ2

ε), and hereafter assume that σ2
ε > 0. Sellers’ random cost

parameters may be correlated, with corr(θi, θj) = ρ for i 6= j. Define the variance ratio of the
noise in the private signal to the noise in the fundamental as φ ≡ σ2

ε/σ
2
θ (hereafter variance

ratio). Hence, the private signal is relatively precise (imprecise) in relation to the noise in the
fundamental if φ is low (high).

Since the payoff function is quadratic and since the information structure is normally dis-
tributed, we focus on linear supply schedules. Linear supply functions are a reasonable approx-
imation of the types of supply functions submitted by bidders in real markets.8 Given the signal
received, a strategy for seller i is to submit a price-contingent schedule, X(si, p), of the form

X(si, p) = b− asi + cp. (2)

Thus the seller’s supply function is determined by the three coefficients (a, b, c). We interpret
these coefficients as follows: a is a bidder’s response to the private signal; b is the fixed part of
the supply function’s intercept f = b − asi; and c is the supply function’s slope. Vives (2011)
finds the unique linear symmetric supply function equilibrium (SFE) such that the first order
condition satisfies:

X(si, p) =
p− E[θi | si, p]

d+ λ
, (3)

where (a, b, c) are functions of the information structure (µ, φ, ρ) and market structure (n, q, λ),
and d = ((n− 1)c)−1 is the (endogenous) slope of the inverse residual demand for a seller. 9

Let us focus on the equilibrium reasoning. Recall that σ2
ε > 0. If ρσ2

ε = 0 then costs are
uncorrelated and the seller does not learn about θi from the market price.10If ρσ2

ε > 0 then costs
are interdependent and the market price at the SFE has two roles as can be seen from (3): a)
the market price is an index of scarcity, since a high equilibrium market price means that the
seller has an incentive to increase her supply; b) it contains information about θi, since, if costs
are interdependent, a rational seller should infer that a high price reveals that her cost is high
(because E[θi | si, p] increases with p). Hence, if ρσ2

ε > 0, then equilibrium supply functions are
steeper in relation to when costs are uncorrelated. In this case, as either costs become more

8See, for example, Baldick et al. (2004).
9Throughout the paper, we shall often work with the inverse supply function, since it corresponds more

closely to how supply functions were represented in the experiment in the (Quantity,AskPrice) space: p =

b̂+ âsi + ĉX(si, p), where the coefficients of the inverse supply function (â, b̂, ĉ) are related to (a, b, c) as follows:
b̂ = − b

c , â = a
c , and ĉ =

1
c for c 6= 0. Henceforth, we will omit the modifier “inverse” and refer simply to “the

supply function”. We shall use InterceptPQ as the empirical counterpart of b̂+ âsi and SlopePQ as the empirical
counterpart of ĉ. Our graphs plot the supply function in the usual (Quantity;AskPrice) space.

10In the auction literature, the case when ρσ2
ε = 0 is either referred to as independent values if values are

uncorrelated, or to private values when signals are fully informative.
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correlated (higher ρ) or private signals are relatively less precise (higher φ) then the price is
more prominent in the inference of θi, and equilibrium supply functions become steeper, leading
to greater market power.

The condition that supply equals demand in equilibrium, q =
∑n

i=1X(si, p), yields the
expected equilibrium price. The model predicts that equilibrium market outcomes are less
competitive in markets with interdependent costs compared to markets independent or private
costs. As a consequence, the expected market price and profits of the equilibrium allocation
can be shown to be higher in the former case than in the latter.

To summarise, the main hypotheses resulting from the SFE model is that information fric-
tions associated with interdependent costs generate market power above markets with uncor-
related costs.

The slope of the inverse residual demand for a seller, d, is a measure of price impact and
will be our main measure of market power, which reflects the ability of a seller to influence the
market price.11 At the SFE, price impact is equal to

dSFE =
λ(1 +M)

(n− 2−M)
, (4)

where M = ρnσ2
ε

(1−ρ)((1+(n−1)ρ)σ2
θ+σ

2
ε)

represents an index of adverse selection. Equilibrium requires
that n − 2 > M . As M grows and approaches n − 2, d tends to infinity and the equilibrium
breaks down. Minimal market power obtains when M = 0. M increases with ρ and with the
variance ratio, φ ≡ σ2

ε/σ
2
θ . Figure 1 graphically displays two inverse residual demand that a

seller faces. The dashed (continuous) line represents a situation where a seller faces a flatter
(steeper) inverse residual demand which means that her capacity to influence the price is low
(high).

Figure 1: Inverse residual demands.

11Price impact as a measure of market power has been used extensively in the financial economics literature,
such as for example, by Kyle (1989).
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3 Experimental design and hypotheses

Experimental design

The experiment was based on the market described in the previous section. Each subject
received a private signal and was subsequently asked to choose two ask prices : one for the first
unit offered (AskPrice1) and one for the second (AskPrice2). We then used these two ask prices
to construct a linear supply schedule, which was shown graphically on each subject’s screen.
The participant could revise the ask prices several times until she was satisfied with her decision.
The buyer was simulated. Once all supply schedules had been submitted, the auctioneer (the
computer) calculated the uniform market price, and participants obtained feedback on own and
rivals’ performance and costs. Treatments varied in the correlation among costs (ρ) and in the
variance ratio (φ) in the design described in Table 1.

Table 1: Summary of the experimental design

Conducting the experiment required us to specify numerical values for the theoretical model’s
fixed parameters, see Table 2. For this purpose, we used three implementation criteria: (i) the
existence of a unique equilibrium; (ii) sufficiently differentiated equilibrium behaviour and out-
comes between the treatments with different correlation levels and equal or similar equilibrium
behaviour and outcomes with the same correlation; and (iii) reduction of computational de-
mands placed on participants.

Table 2: Fixed parameters used in the experiment.

In addition, we told bidders that the simulated buyer would not purchase any unit at a price
higher than 3,600 (price cap). The price cap was not part of the theoretical model, we chose a
value high enough to preclude distortion of equilibrium behaviour.

Given the chosen experimental parameters, Table 3 shows the theoretical SFE predictions
for price impact, supply function, expected market price and profit in each treatment. The
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numerical values of the treatment parameters in terms of the correlation among costs (ρ) and
in the variance ratio (φ) of the experimental design are presented in the vector form (ρ, φ) next
to the acronyms for the different treatments.

Table 3: Treatment parameters and theoretical SFE predictions in each of the treatments.

In the table, rows vary in terms of the correlation among costs: the first row corresponds to
the two treatments with uncorrelated costs (ρ = 0); while the second row displays two treatments
with interdependent costs, which have ρσ2

ε > 0. Columns vary in terms of the variance ratio
(φ). Notice that treatments TUH and TCH have relatively imprecise private signals in relation
to treatments TUL and TCL.

As mentioned above, the combinations (ρ, φ) were chosen so that the two treatments with
ρ > 0 had similar degree of market power (d) to make them easily comparable. We would have
preferred to set a higher correlation among unit costs so that our predictions would be maximally
differentiated. Yet inelastic demand reduces the range for which an equilibrium exists, and for
φ = 0.36, the highest correlation that satisfied our implementation criteria described earlier was
ρ = 0.6. In addition, for φ = 36 the equilibrium does not exist for any ρ > 0.25, and hence we
chose ρ = 0.175 which, within the range of existence, has a very similar degree of market power
as TCL.

Alternative Benchmarks

For the SFE predictions, we have assumed that all sellers are perfectly rational and that they
have common knowledge of the rationality of other players, and that they coordinate expecta-
tions on the SFE. However, there are other behavioural possibilities, which include asymmetric
strategies. Recall that our measure of market power, the price impact, corresponds to the slope
of the inverse residual demand for a seller. We adapt the definition of price impact of the
symmetric model to a situation where sellers’ strategies are not symmetric. Suppose that the
supply function of seller i can be characterised by (ai, bi, ci), with corresponding inverse residual
demand p = Ii − dixi, where
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di =

(∑
j 6=i

cj

)−1
, (5)

and Ii = di

(
q −

∑
j 6=i bj +

∑
j 6=i ajsj

)
. Note that di, our measure of market power, is the

inverse of the sum of the rivals’ supply function slopes.
There are two effects that characterise the best-response slope of sophisticated seller i. The

first is the strategic effect, which occurs regardless of the correlation among costs. If rivals bid
a steep supply function, then the slope of the inverse residual demand increases and so seller i
also has an incentive to bid a steep supply function. Yet if rivals bid a flat supply function, then
the slope of the inverse residual demand decreases and so seller i likewise has an incentive to
bid a flat supply function. Because of this strategic effect, the best-response slope is increasing
in the rivals’ average supply function slope.

When costs are interdependent then there is –in addition to the strategic effect– also an
inference effect that is related to information conveyed by the price. Seller i correctly thinks
that a high price indicates that the average signal of her rivals is high; therefore, if costs are
positively correlated then seller i deduces that her own costs must be high. Hence seller i has
an incentive to bid a steeper supply function than if costs were uncorrelated. When costs are
positively correlated, the inference effect causes seller i’s best-response slope to be decreasing in
her rivals’ average supply function slope. The reason is that, when costs are positively correlated,
the inference effect moderates the reaction to the price, the more so, the more rivals react to
the price.12

Assuming that sellers’ strategies are symmetric, three alternative benchmarks can be formu-
lated by relaxing the two key factors (strategic behaviour and optimal information processing)
that lead to market power in our context. A first possibility is that subjects are price-takers
since they do not perceive the influence of their supply function decisions on prices, but con-
dition on their private signal and learn from the price (hereafter PT benchmark). This will
be the case when all agents ignore the strategic effect. A second possibility is that sellers are
informationally naïve since they do not extract information from the market price, but behave
strategically in the market (IN). This will be the case when agents ignore the inference effect.
A third possibility is that sellers are both price-takers and informationally naïve (PTIN). This
is the case when agents ignore both strategic and inference effects.

Furthermore, a sophisticated supplier may best respond to perceived behaviour of other
players that does not conform to any of these benchmarks. We can also consider that some sellers
best-respond without taking into account the informational content of the price - i.e. they are
informationally naïve best-responders (BR_N ). These sellers only consider the strategic effect

12This is because a higher reaction to the price by rivals induces a trader to also give a higher weight to the
price in the estimation of her cost and hence it increases the magnitude of the inference effect.
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and ignore the inference effect. See Online Appendix A.1 for further details of formulae that
characterise all the symmetric benchmarks, and Online Appendix A.2 for further details of
formulae that characterise the theoretical best-response strategy.

Table 4 presents the price impact predictions of these other benchmarks together with the
prescription of the SFE. Notice that if costs are uncorrelated then the price is not informative
about costs and, hence, the PT and PTIN benchmarks are identical, and IN coincides with
the SFE benchmark. In addition, we can see that the degree of market power is greater when
sellers are strategic (i.e. in the SFE benchmark) than when they are price takers (i.e. in the PT
benchmark). When costs are interdependent, sellers have the greatest degree of market power
when they are strategic and exploit the informational content of the price (SFE benchmark),
followed by when sellers are strategic but informationally naïve (IN), followed by (under our
parametrisation) when sellers are price takers even if they exploit the informational content of
the price (PT), and the smallest degree of market power occurs in markets with fully naïve
sellers (PTIN).13 Notice also that in treatments with interdependent costs (TCL and TCH), the
SFE predicts a substantially larger degree of market power than all the alternative benchmarks,
while in treatments with uncorrelated costs (TUL and TUH), the predictions of the SFE and
alternative benchmarks are more similar.

Table 4: Price impact (d) predictions for the SFE and other benchmarks in each treatment.

Hypotheses

In our analysis of information frictions and market power, we focus mostly on the comparative
statics of the SFE, but also consider its point predictions.14 Given the theoretical model,
the SFE benchmark, and the parametrisation, we can formulate the following two hypotheses

13When M > 0 it is possible in general that dPT > dIN , however, under our parametrisation we have that
dIN > dPT (see Online Appendix A.1).

14For other studies in experimental industrial organisation that focus on the comparative statics of theoretical
models, see Holt (1985) on quantity competition, Brandts et al. (2014) on supply function competition, Morgan
et al. (2006) on price dispersion, Isaac and Reynolds (1988) on the relationship between spillovers and innovation.
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regarding market power and information frictions.
H1: Regardless of the variance ratio, there is the same degree of market power in treatments

with uncorrelated costs: market power is the same in TUL and TUH.
H2: Given a level of the variance ratio, there is greater market power in treatments with

interdependent costs than with uncorrelated costs: a) market power is higher in TCL than in
TUL; b) market power is higher in TCH than in TUH.
Observe that the comparative statics predictions of the SFE and of the alternative benchmarks
are not the same. Although all propose the same market power in TUL and TUH, they differ
with respect to the comparison between the treatments with uncorrelated and interdependent
costs. Whereas the SFE prescribes substantially higher market power with interdependent costs,
the alternative benchmarks propose no effect (IN and PTIN) or a small increase (PT).

We next formulate a stricter hypothesis relating each treatment to the point predictions
made by the SFE.

H3: Market power in each treatment is equal to the prediction made by the SFE benchmark.
We also study whether the alternative benchmarks (PT, IN, PTIN) provide a good description
of the relationship between market power and information frictions.

We next formulate an auxiliary hypothesis regarding the comparative statics relationship
between market power and the private signal.

H4: Market power, as measured by price impact, does not depend on the private signal.
However, the supply function intercept reacts more to the private signal when it is more precise.

This hypothesis is important in order to check whether the features of this class of models
are observed in our experimental data.

4 Experimental Procedures

We ran the experiment with 384 participants, 288 who participated in the main experiment
grouped in 72 participants for each of the main treatments described in Table 1, and 96 parti-
cipants who participated in the robustness sessions. Each main treatment had 6 independent
groups of 12 members each, which consisted of 4 markets with 3 sellers in each market. We
chose a market size of 3 because this is the minimum market size that does not lead to collusion
in other, similar environments—for example, a Bertrand game (Dufwenberg and Gneezy 2000)
and a Cournot market (Huck et al. 2004). Participants competed for 2 trial rounds followed by
25 (in TUL and TCL) or 18 (in TUH and TCL) incentivised rounds since it is an established
fact that equilibrium does not appear instantaneously in experimental games.15 In all of these
rounds, in order to keep the spirit of the theoretical model’s one-shot nature, we employed

15In treatments TUH and TCH participants competed for 18 rounds since experimental sessions were too long
with 25 rounds (more than 3 hours) and we reduced the number of rounds for practical purposes.
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random matching between rounds. Thus, the composition of each of the four markets varied
each round within a group.

We imposed certain market rules, which were inspired by the theoretical model and facilit-
ated implementation of the experiment. First, we asked each seller to offer all units for sale.
Second, we asked sellers to construct a nondecreasing and linear supply function.16 Third, ask
prices had to be nonnegative. Fourth, as mentioned above, we imposed a price cap in order to
limit the potential gains of sellers in the experimental sessions.

At the end of each round, each participant received feedback on the uniform market price,
her own performance (with regard to revenues, production costs, transaction costs, units sold,
and profits), the performance of the other two market participants (units sold, profits, and
supply functions), and the values of the random variables drawn (her own cost and the costs
of the other two participants in the same market).17 Participants were allowed to consult
the history of their own performance. Other experiments have shown that feedback affects
behaviour in the laboratory. In a Cournot game, for example, Offerman et al. (2002) report
that different feedback rules can result in outcomes that range from competitive to collusive.
Given the complexity of our experiment, we maximised the feedback given after each round in
order to maximise the potential learning of participants.18 After each participant had checked
her feedback, a new round of the game would start. Note that, in each market and for each
round, we generated three random unit costs from a multivariate normal distribution. Also, in
each round and for each participant, the unit costs and signals were independent draws from
previous and future rounds.

At the end of the experiment, participants completed a questionnaire that requested personal
information and asked questions about the subject’s reflections after playing the game. Once
the questionnaire was completed, each participant was paid in private.

Sessions were conducted in the LINEEX laboratory of the University of Valencia (Spain).
The participants were undergraduate students in the fields of economics, finance, business,
mathematics, engineering, and natural sciences. All sessions were computerised.19 Instructions
were read aloud, questions were answered in private, and—throughout the sessions—no com-
munication was allowed between participants. Instructions explained all details of the market
rules, distributional assumptions on the random costs, the nature of signals, and the correlation

16Bolle et al. (2013) allowed participants to enter non-linear supply functions and found that participants
often enter convex supply functions. We restricted supply functions to be linear since we want to exclusively
focus on the relationship between market power and information frictions and compare our experimental results
to the unique linear SFE.

17Subjects did not receive feedback on the signal received by others because that would not be expected to
occur in reality.

18Note that this information feedback may have encouraged herding behaviour (among others, participants are
informed of each others’ supply functions). However, we do not have any specific indication that this occurred.

19For this purpose we used the z-tree software (Fischbacher 1999).
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among costs (the meaning of correlation was explained both with a definition and graphically).
Before starting the experiment, we tested participants’ understanding with a comprehension
test.

As for incentives, each participant started with 50,000 experimental points.20 During the
experiment, participants won or lost points. At the end of the experiment, the total number
of points were exchanged for euros at the rate of 10,000 experimental points per euro.21 The
payments ultimately made to participants ranged from 10 to 32.1 euros and averaged 23.5 euros.
Each session lasted an average of 2.5 hours. See Online Appendix B for the instructions,
comprehension test, screenshots used for running the experiment, and the end-of-experiment
questionnaire, and Online Appendix D for details of participants’ demographic information.

5 Experimental Results

In Section 5.1 we provide an analysis of the experimental relationship between information
frictions and average market power, while in section 5.2 we address the heterogeneity of market
power in each of the treatments of our experiment.

5.1 Information frictions and market power

For comparability and consistency, we use the first 18 rounds in all treatments. Further analysis
on time trends and for the last 5 rounds can be found in the Online Appendix C.1 and C.2,
respectively.

Comparative statics

We use price impact as our main measure for market power, and to get a more complete view
of market power, we also analyse the supply function, characterised by the intercept and the
slope. In addition, we report market prices and profits in each of the treatments.22

20These points were equivalent to 5 euros.
21An alternative to our payment scheme would have been to use the random-lottery incentive scheme and pay

participants only the earnings of one period selected at random. This procedure has the potential of eliminating
wealth effects that can arise when paying for all periods. At the same time, given that we have 25 periods, the
probability of a particular period being chosen may be too small to have participants engage and focus their
attention. In any case, note that we concentrate on a treatment comparison, which should not be affected by the
specific features of the payment scheme. For an interesting discussion of different payment schemes see Bardsley
et al. (2009).

22We analyse bidding behaviour in terms of the inverse supply function since it corresponds to how participants
made their decisions: p = InterceptPQ+SlopePQX(si, p), where InterceptPQ and SlopePQ are the intercept
and slope of the inverse supply function, respectively. From any participant’s two-dimensional choice, we can
infer that SlopePQ = AskPrice2−AskPrice1, and: InterceptPQ = AskPrice1− SlopePQ.
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Figure 2 shows the average supply function in each treatment, when decisions are averaged
across all rounds, together with the corresponding theoretical benchmarks, and Table 5 provides
a numerical summary of the average experimental price impact and the average supply function
in each treatment.

Figure 2: Average experimental supply functions and theoretical benchmarks in each of the
treatments.

Note. EXP. (in green) refers to experimental supply function; SFE (in black) to the supply function equilibrium
benchmark; IN (in blue) to the informationally naïve benchmark; PT (in red) to the price-taking benchmark; and
PTIN (in grey) to the informationally naïve and competitive benchmark.

15



Table 5: Average market power in each treatment.

Note. The first row shows the average, while the second in brackets and italics is the standard deviation (s.d.).
The number of observations in each treatments is equal to 1,296. In addition, price impact is not defined for the
63 observations that have an undefined denominator in di.

We observe from Figure 2 that the average experimental supply functions in the uncorrelated
costs treatments (TUL and TUH) are close to the corresponding SFE benchmark, and less
competitive than the two price-taking (PT and PTIN) benchmarks. In TCL and TCH observed
behaviour appears to be far from the SFE, and close to the IN alternative benchmark. However,
this closeness needs to be evaluated statistically; we do this in Table 8.

Table 5 shows that market power is similar in the uncorrelated costs treatments (TUL and
TUH), as reflected by both the average price impact and the slope of the supply function.
However, when costs are interdependent (TCL and TCH treatments), the average supply func-
tions are far from the SFE prediction. In particular, we observe that in the TCL treatment,
the experimental average supply function is close to the informationally naïve (IN) benchmark,
which displays a substantially lower degree of market power than in the SFE. This result bears
some resemblance to the result presented in Goeree and Offerman (2003) in the context of a
single-unit and a second-price auction comparing common versus uncorrelated private values.
Observe also that the interdependent costs treatments (TCL and TCH) have a higher price
impact and steeper supply functions compared to when costs are uncorrelated, with the highest
market power in the treatment with a high variance ratio (TCH).

In Table 6 shows test results for treatment differences in market power using the Mann-
Whitney-Wilcoxon rank-sum test (the unit of observation is the average per group). These
results are the basis for our statistical evaluation of H1 and H2.
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Table 6: Tests of hypotheses pertaining to market power.

Note: MP denotes the variable related market power, i.e. MP={Price Impact, SlopePQ, InterceptPQ}. The
table reports p-values of two-sided tests. Denote *, **, *** significance at the 10%, 5% and 1% levels, respectively.
There are 6 observations per treatment.

We find that, as predicted by the SFE, and the alternative benchmarks, there are no sig-
nificant difference between market power in the two treatments with uncorrelated costs (TUL
and TUH). Increasing the correlation, while keeping the variance ratio fixed at a low level, does
not lead to greater market power as the SFE would predict (since we cannot reject the null
hypothesis that market power in TUL and TCL are the same). By contrast, we find that an
increase in correlation, while keeping the variance ratio fixed at a high level, leads to a signi-
ficant difference in market power, according to all three measures, in relation to the equivalent
treatment with uncorrelated costs.

Table 7 shows the summary statistics of additional indicators of market power: market prices
and profits.23

Table 7: Average market prices and profits in each treatment.

Note. The first row shows the average, while the second in brackets and italics is the standard deviation (s.d.).
For market prices, the unit of analysis is the market with 432 in each treatment, while for profits the unity of
analysis is the individual choice with 1,800 observations.

The results on market prices and profits corroborate the previous findings. Using rank-sum
tests for differences in the distribution of market prices and profits when the unit of observation
is the group, we find that, there are no differences in average market outcomes between treat-
ments TUL and TUH (p-value=0.055 for market prices, p-value=0.87 for profits) and between

23In addition, Online Appendix C.4 displays results on the efficiency of the experimental allocations.
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treatments TUL and TCL (p-value=1.00 for market prices, p-value=0.42 for profits). However,
average market prices are higher in treatment TCH than in TUH, while the evidence for profits
is weaker (p-value=0.016 for market prices, p-value=0.055 for profits). In addition, we find
that average experimental market prices and profits are lower than theoretically predicted by
the SFE. This result bears some resemblance to a similar fact that typically occurs in common
value auctions where bidders ignore the correlation among costs (Kagel and Levin 1986).

We can summarise our findings with respect to H1 and H2 as follows:

Result 1 [Comparative statics related to market power and information frictions]:

(i) There is no significant difference in average market power between TUL and TUH.
Average market power in markets with uncorrelated costs is the same regardless of
the variance ratio. This result is consistent with H1.

(ii) Average market power is significantly higher in TCH than in TUH, but not
significantly different between TCL and TUL. It increases with cost correlation when
the variance ratio is high but it does not increase significantly when the variance
ratio is low. This result is consistent with our H2.b but not with H2.a.

This is our central result since our main aim is to study the relationship between market power
and information frictions.

Point Predictions

We next examine the specific point predictions made in H3 regarding price impact in each of
the treatments. We also test for the alternative benchmarks given by PT, IN, PTIN. Note that
this is a very stringent test of the benchmarks, and is not the primary focus of our investigation.
In order to test them more precisely, we use individual level data, which allows us to use all the
available information, while taking into account the dependence between observations.

We first run a random-effects panel regression of price impact on the treatment dummies, and
then use these regressions to carry out post-estimation tests of the equality of the regression’s
coefficients to the specific point prediction made by each model. In this regression, the unit
of analysis is the individual across rounds and we cluster standard errors at the independent
group level. The dependent variable is Price impact (di), while the explanatory variables are
treatment dummies: D_TCL is 1 in TCL, and 0 otherwise; D_TUH is 1 in TUH, and 0
otherwise; D_TCH is 1 in TCH, and 0 otherwise. The results of the estimated coefficients are
in Table 8A.24 On the basis of these results we conduct a formal test of each of the specific point
predictions made by each of the theoretical benchmarks regarding price impact in each of the
treatments shown in Table 8B. The null hypothesis is that the relevant coefficient in the panel

24The omitted category is the one pertaining to TUL.
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regressions presented in Table 8A is equal to the specific point prediction made by each of the
theoretical benchmarks made in each treatment (see Table 4), using t-tests.

Table 8: Post-estimation t-tests regarding price impact of the point predictions made by each of
the theoretical benchmarks.

Notes. The null hypotheses in Table 8B is that the relevant regression coefficient in the panel regressions
presented in Table 8A is equal to the specific point prediction made by each of the theoretical benchmark
considered in each of the treatments. The p-values for testing the IN and PTIN models of the two uncorrelated
costs treatments are identical to the SFE and PT models, respectively, since they lead to identical predictions.
**, *** denote significance at the 5%, and 1% levels, respectively.

Observe that the results shown in Table 8 corroborate our Result 1 above. We do not find
that differences in market power due to the correlation when the variance ratio is low, however,
market power can arise due to information frictions when the variance ratio is high. The results
in Table 8B show that we can reject the point predictions of the SFE for all treatments except
for TUH. At the same time, we can see that none of the alternative benchmarks does statistically
clearly better than the SFE. PTIN and PT are rejected in all treatments. The IN benchmark
does well for the TCL but not for TCH. The next result sums up the evidence relating to H3.25

Result 2 [Tests of the point predictions made by each theoretical benchmark in
each of the treatments]:

(i) Average market power is significantly different from the SFE point predictions in
TUL, TCL and TCH, but not in TUH. Therefore, we reject H3 in all treatments but
TUH.

(ii) None of the alternative benchmarks explains price impact better than the SFE.
PTIN and PT are rejected in all treatments. The IN benchmark can explain average
market power for the TCL but not for TCH.

25Note, however that, in TUL average market power is between the SFE(=IN) and PT(=PTIN) benchmarks,
while in TCH average market power is between the SFE and IN benchmarks.
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The picture that emerges from our examination of average market power in the four treatments
is that the experimental data is consistent with two of the three comparative statics predictions
of the SFE, whereas most of its point predictions are rejected. At the same time, none of the
alternative benchmarks yields overall more reliable predictions than the SFE.

Market power and the private signal

We next study how responsive market power and supply functions are to the private signal in
each treatment. We run random effects panel regressions with the dependent variables market
power (di), supply function slope (SlopePQ) and intercept (InterceptPQ) on the independent
variable Signal. These regressions cluster standard errors at the independent group level. We
find that the private signal is not significant in the regressions of market power (p-value=0.903)
and supply function slope (p-value=0.271). However, the private signal does have a significant
effect on the supply function intercept (p-value=0.000).26

In order to get a more complete view of how the supply function intercept depends on
the private signal, we report the results of random effects panel regressions with the supply
function’s intercept on private signal separately for each of the treatments in Table 9.

Table 9: Results from panel regressions of InterceptPQ on the private signal (Signal) in each
of the treatments.

Notes. *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively. Results of the panel regressions
correspond to random effects with robust standard errors are clustered at the independent group level and are
given in parentheses.

The results of the regressions show that in treatments where the private signal is relatively
precise (TUL and TCL), then the supply function’s intercept is more responsive to the private
signal, whereas in treatments with a relatively noisy private signal (TUH and TCH), then supply
function’s intercept is less responsive to the signal.27 This empirical observation confirms the
comparative statics of the SFE benchmark. The next result summarises our findings with
respect to H4.

26For details of these regressions, refer to Online Appendix C.3 (Table 3).
27Formal tests of these results can be found in Online Appendix C.3, and show that the response to the private

signal is the same in TUL and TCL, while the response to the private signal is significantly lower and the same
in TUH and TCH.
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Result 3 [The responsiveness of supply functions to the private signal]:

(i) Market power, as measured by price impact, is not influenced by the private
signal.

(ii) With regard to the supply function intercept, we find that if the private signal
is relatively precise, then the supply function’s intercept is more responsive to the
private signal than when the private signal is relatively noisy.

Both (i) and (ii) are consistent with H4.

This evidence suggests a possible explanation of the main result of our experiment. When
costs are interdependent, two signals are informative: the private signal and the price. When
the signal is relatively informative (TCL), then participants pay most of their attention to
the private signal and do not focus on the informational content of the price. The signal is
readily available, whereas using the informational value of the cost correlation requires more
attention. However, when the signal is very noisy (in TCH), then participants focus more on the
informativeness of the price to estimate the marginal cost. This leads to greater market power
and can potentially explain our main result: that if the private signal is relatively noisy then
interdependent costs lead to market power (TUH vs. TCH), whereas if the signal is relatively
precise then information frictions do not lead to greater market power (TUL vs. TCL). This
observation can be related to the theoretical literature of rational inattention (i.e., Kacperczyk
et al. 2014), and to the experimental results found in Ngangoué and Weizsäcker (2018).

5.2 Heterogeneity of behaviour and mixture models

In this sub-section, we use price impact and its related supply function variable – the supply
function slope – as measures of market power for analysing the heterogeneity in individual
choices. Here we use the last five rounds since in our analysis we include a best-response
benchmark, which is more relevant during the last five rounds when participants have learnt
the most during the experiment.

The assessment of market power for each subject reveals substantial heterogeneity at the
individual level in all treatments during the last 5 rounds, as can be seen in Figure 3.
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Figure 3: Histograms for price impact averaged over the last 5 rounds for each subject in each
treatment, and benchmarks.

Note. The unit of analysis is the price impact averaged over the last 5 rounds for each subject. Hence, there are
72 observations in each treatment. Note that each observation averages the price impact of a subject in
the last 5 rounds, and therefore, there may be considerable variance in individual behaviour over these
last 5 rounds.

The figure shows that market power in the uncorrelated costs treatments is more homogen-
eous than in the interdependent costs treatments. We test this formally using Levene’s test of
homogeneity of variances where the unit of analysis is the same as in Figure 3, and obtain that
there are no significant differences in the variance between TUL and TUH (p-value=0.104),
while we reject that variances are the same in TUL and TCL (p-value=0.000), and TUH and
TCH (p-value=0.000).

To go one step further in our analysis of heterogeneity, we estimate a finite mixture model.
As a measure of behaviour, we use the supply function slopes submitted by each subject in the
last 5 rounds in each treatment, and assume that they are i.i.d. and generated by a normal
distribution with mean γjt which is equal to the prediction of a particular benchmark j at round
t, and variance σj, which is a free parameter.28

The theoretical benchmarks that we use to estimate the mixture model are the SFE, IN,
28We use the supply function slope as our measure of market power, instead of price impact, since it is more

directly related to how participants made their decisions in each round and what participants observe about
rivals in the experimental feedback. Given that we also compute the best-response benchmark, it seems more
natural to analyse the supply function slope rather than price impact as a measure of market power.
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PT and PTIN, which have been discussed in Section 3. In our mixture model, we also consider
the empirical best-response strategy, which may be seen as a relevant way to behave. Note that
the naïve and sophisticated best-responses are identical in the uncorrelated costs treatments.
However, in the complex environment of the interdependent costs treatments, it makes more
sense to use the naïve best-response strategy (which ignores the informational content included
in the market price) than the sophisticated best-response.29

For each subject in a given round, the naïve best-response is obtained by first computing the
average supply function conditional on the private signal of all rivals that i has faced in previous
rounds. These are then used to calculate the BR_N of each subject in a given round.30 Hence,
j ∈ {SFE, IN, PT, PTIN, BR_N}. Recall that for the two uncorrelated costs treatments, the
PT and SFE are identical to the PTIN and IN respectively.

A finite mixture model allows each seller to use one of the benchmarks just described. Denote
Pj the probability that any seller uses the j benchmark, such that

∑
j Pj = 1. The likelihood

contribution for subject i is

Li =
∑
j

Pj

18∏
t=14

f(SlopePQit|j), (6)

where f(SlopePQit|j) is the conditional probability that subject i in round t chooses SlopePQit

given that it follows benchmark j. The sample log-likelihood in each treatment is then logL =∑n
i log(Li). Table 10 reports the maximum likelihood results for the general mixture model in

each treatment. In addition to estimating the general model for each treatment, we have tested
whether any of the possible nested models might provide a more parsimonious representation
of the heterogeneity of our choices. Results of likelihood ratio tests (at the 1% level) favour the
most general model which allows all benchmarks to be present in each treatment.

29The computational requirements that are needed to calculate the sophisticated best-response in the inter-
dependent costs treatments are harder than for the equilibrium (refer to Online Appendix A.2, Lemma 1).
This is because a subject must consider the asymmetric strategies of rivals, estimate the rivals’ response to the
private signal, use them optimally to calculate the inference effect, and combined it with the strategic effect, as
explained in Section 3. In addition, in TCH we find that the naïve and sophisticated best-response strategies
are practically identical.

30For further details of the empirical best-response strategies in each treatment, refer to Online Appendix C.5.
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Table 10: Maximum likelihood estimation for the general mixture models in each treatment.

Notes. The likelihood is computed using the supply function slope choices for periods [14,18] for all participants
in each treatment, thus there are 360 observations in each treatment. The standard error of each parameter is
reported in parentheses.

The results of the previous table exhibit the following patterns. Comparing both TCL with
TUL and TCH with TUH, we see a decrease in the proportions of participants who are price-
takers. At the same, for both comparisons the proportion of participants who either play the
SFE or best-respond to average past behaviour of rivals, that is the proportion of participants
who exhibit allegedly more thoughtful behaviour, increases. What differs between the case of
low variance ratio and that of high variance ratio is that in TCH the sum of those who play
SFE and those who best respond reaches a level of 90%, whereas in TCL it only reaches 52.7%.
These different proportions explain why the change from TUH to TCL leads to higher market
power, whereas the change from TUL to TCH does not.

In contrast to what is predicted by the SFE, a high correlation and low variance ratio (TCL)
does not lead to a significant difference in market power in relation to TUL. However, a low
positive correlation and a high variance ratio (TCH) brings about a significant degree of market
power in relation to when costs are uncorrelated (TUH) since the low quality of their private
signal makes participants pay more attention to the price as an information source, and place
more weight on it than when the signal is more precise. Consistent with this we find that a
larger percentage of participants who either play the SFE or play a best-response.
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6 Robustness

In this section, we report the results of additional sessions that we conducted in order to further
understand the relationship between information frictions and market power.

6.1 Bayesian updating

One could argue that participants fail to engage in Bayesian updating and that this is why,
in treatment TCL, they fail to understand that the market price is informative about costs.
To explore this possibility further and to assist participants in the decision-making process,
we conducted an additional treatment with 24 participants with two independent groups in
the modified TCL treatment, hereafter TCL-Bayesian. The experimental design features were
as in the baseline treatment but with three exceptions as follows. First, in addition to the
signal received, each subject received the expected value of her own costs—and of her rivals’
costs—conditional on the signal received (thus subject i received a signal si and was also given
E[θi | si] and E[θj | si] for i 6= j).31 Second, we explicitly asked each subject to think about
what her rivals would do and provided a simulation tool that participants could use to make a
provisional decision, based on those beliefs, and then visualise the resulting market price; the
participant could then revise her decision. Third, the experiment lasted for 15 rounds.32 The
following table presents the summary statistics of behaviour and outcomes in the TCL-Bayesian
treatment.

Table 11: Market power and information frictions in the TCL-Bayesian treatment, and com-
parisons.

Note. The first row shows the average, while the second in brackets and italics is the standard deviation
(s.d.). The number of observations in treatment TCL is 1,800, while in treatments TCH-Bayesian there are 360
observations, respectively.

We find that the average supply function and outcomes in the robustness session are similar
to the averages of the baseline treatments, presented in Table 5, that correspond to the TCL
treatment. Our results in the TCL-Bayesian treatment suggest that the results in TCL are not
simply due to a bias related to Bayesian updating.

31The participant instructions for these additional treatments are available upon request. We explained con-
ditional expectations by telling participants that, in each round, an expert would give them the expected value
of both their and their rivals’ unit cost.

32We reduced the number of rounds because our three modifications increased the experiment’s duration.
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6.2 Increasing the noisiness of the private signal

In another robustness treatment, we checked whether a further increase in the noisiness of the
private signal (or the variance ratio) affects the competitiveness of markets. We conducted a
treatment with correlation ρ = 0.175 and variance ratio φ = 3600 (hereafter TCHH), in which
the private signal is practically uninformative. Treatment TCHH can be then easily compared
with treatment TCH (that has ρ = 0.175 and φ = 36). The SFE predicts that the TCHH is
slightly less competitive than treatment TCH, with a theoretical price impact of dSFE = 13.49

(an increase of 0.97 in price impact due to an increase in the variance ratio by a factor of 100).
We ran the TCHH treatment with 72 participants, which had 6 independent groups of 12 sellers
each. The experimental procedures were identical to those of the main experiment, described
in Section 4. Table 12 displays the market power and information friction results in the TCHH
treatment.

Table 12: Market power and information frictions in the TCHH treatment, and comparisons.

Note. The first row shows the average, while the second in brackets and italics is the standard deviation (s.d.).
The number of observations in each treatment is 1,800.

We find that average market power is slightly larger in the TCHH treatment than in the
TCH treatment, however, when tested formally, we find that the two treatments have the same
degree of market power (p = 0.200, Mann-Whitney rank-sum test where the unit of observation
is the independent group). Thus, we find that increasing the variance ratio from high to very
high does not increase market power in a significant way, and this is broadly consistent with
the qualitative predictions of the SFE model.

7 Concluding Remarks

We have analysed bidding behaviour in an experiment that reflects some of the complexity of
real-world markets where bidders compete in supply functions, have incomplete information
about their costs, and receive a noisy private signal. We focus on the comparative statics of the
supply function equilibrium (SFE) to study our experimental results. Alternative benchmarks
resulting from relaxing the perfect rationality assumption are also considered. Our experiment
employed a between-subjects design with four treatments that vary in the correlation among
costs and the relative precision of the private signals in relation to the fundamental.
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Our experimental results document certain causal relations between information frictions
and market power in the context of supply function competition. Average market power in
markets with uncorrelated costs is the same regardless of the precision of private signals. How-
ever, with interdependent costs and relatively noisy private signals, average market power rises
significantly, whereas average market power does not increase if costs are interdependent and
private signals are relatively precise.

Our analysis of observed individual heterogeneity in experimental market power suggests
an explanation of our findings in terms of the reasoning processes of our participants. Indeed,
our results are consistent with rational inattention models where agents have a limited capacity
to interpret information signals. In both treatments with relatively precise signals, we find
that more than half of participants deviate from SFE either because they are price-takers or
because they ignore the information content of the market price, or both. With relatively noisy
signals, we find that, in the absence of cost correlation, there is a higher percentage of the
participants that are price-takers. With interdependent costs, which is the case where agents
should infer information from prices, there is a larger number of participants who exhibit a
behaviour consistent either with the SFE or with a best response to the empirical distribution
of observed actions.

If our experiment reflects behaviour in real markets, characterised by schedule (supply or
demand) competition, then competition authorities should be weary of situations where agents
have imprecise signals about the fundamentals and the variance of the fundamentals is not too
large. In this case, which may apply to some wholesale electricity markets (Holmberg and Wolak
2016), traders may infer information from the price and market power may be increased, and
mitigation measures may be appropriate. However, this behaviour is not necessarily indicative
of collusion since it is the outcome of a non-cooperative equilibrium. Therefore, competition
authorities have to be alert to the information structure of the market and be careful not
to confound collusion with an environment conducive to substantial market power. Indeed,
authorities when designing transparency measures have to check their impact on the variance
ratio and the correlation of values/costs. If more transparency translates into lower noise in
the private signals then this will have a pro-competitive effect since agents will tend to ignore
the informational content of the price. Otherwise, an increase in transparency may backfire by
inducing a higher level of market power.

Our experiment suggests a few open questions for future research, both experimental and
theoretical. Future work could explore mechanisms by which participants learn how to improve
information extraction from the price (e.g., asking participants to come back to the laboratory
a few days later -experienced bidders; replicating the experiment with professional traders).
Increased capacity to learn from the price would imply a potential higher exercise of market
power. The experimental findings reported here also call for the development of theoretical
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models that analyse market competition among participants who exhibit various degrees of
strategic sophistication in markets characterised by supply function competition and private
information.

Additional Supporting Information may be found in the online version of this article.

Online Appendix A. Theoretical benchmarks: equilibrium characterisation for the various
benchmarks and theoretical best-response strategy.

Online Appendix B. Experimental instructions, comprehension test, screenshots, and
post-experimental questionnaire.

Online Appendix C. Additional empirical results: time trends, analysis of the last 5
rounds of the experiment, efficiency of the allocations, and details of the best-response strategy
calculations.

Online Appendix D. Analysis of participants’ demographic and cognitive information.
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A. Theoretical benchmarks

A.1. Equilibrium characterisation for the various benchmarks

Suppose that demand is inelastic and equal q, and that −1
n−1

< ρ < 1, σ2
ε

σ2
θ
< ∞ and λ > 0,

and that supply functions are of the form X(si, p) = b − asi + cp. Vives (2011) shows that
the model described in Section 2 has a unique linear supply function equilibrium (SFE), where
the equilibrium supply function slope is cSFE = n−2−M

λ(n−1)(1+M)
, where M = ρnσ2

ε

(1−ρ)((1+(n−1)ρ)σ2
θ+σ2

ε)

represents an index of adverse selection. Price impact is defined as the slope of the inverse
residual demand, dSFE = 1

(n−1)cSFE
, which is

dSFE =
λ(1 +M)

(n− 2−M)
. (1)

Note that dSFE is increasing inM (which in turn increases in ρ and φ). The two equilibrium
components of the supply function intercept are aSFE =

(1−ρ)σ2
θ

(1−ρ)σ2
θ+σ2

ε
(dSFE + λ)−1, and bSFE =

1
1+M

(
qM
n
− µσ2

ε(dSFE+λ)−1

(1+(n−1)ρ)σ2
θ+σ2

ε

)
. The alternative benchmarks are as follows.

• Informationally naïve (IN) participants all ignore the correlation among costs, which im-
plies that cIN = n−2

λ(n−1)
(since it is as if M = 0). The corresponding price impact is

dIN = λ
(n−2)

.

• The equilibrium supply function at the price-taking equilibrium (PT) has cPT = 1
λ(M+1)

,
which implies that dPT = λ(1+M)

(n−1)
.

∗Universitat Ramon Llull, ESADE Business School.
†Institut d’Anàlisi Econòmica (CSIC) and Barcelona GSE.
‡IESE Business School.
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• The equilibrium supply function slope for price-taking and informationally naïve parti-
cipants (PTIN) has cPTIN = 1

λ
, which implies that dPTIN = λ

(n−1)
.

Note that dSFE > dPT and that dIN > dPTIN . In addition, if M > 0 then dSFE > dIN > dPTIN

and dSFE > dPT > dPTIN , while if M = 0 then dSFE = dIN > dPT = dPTIN . When M > 0

it is possible in general that dPT > dIN , however, under our parametrisation we have that
dIN > dPT .

In addition, the expected market price is equal to E[p] = µ+ (d+λ)q
n

, and the ex-ante expected
profits of seller i at the SFE given the predicted values with full information are equal to:1

E[π̃(t; d)] = (d+
λ

2
)

(
q2

n2
+

(1− ρ)2(n− 1)σ4
θ

n(σ2
ε + σ2

θ(1− ρ))

1

(d+ λ)2

)
, (2)

where t=(E [θ1 | s] , E [θ2 | s] , ..., E [θn | s]), s = (s1, s2, ..., sn) and π̃(t; d) = 1
n

∑
i πi(t; d). The

first term of expected profits corresponds to expected profits at the average quantity, and the
second term is related to the dispersion of the predicted values. For each subject and round,
we compute profits conditional on the private signal. We then calculate the average profits in
each treatment, which give us an estimate for ex-ante expected profits.

A.2. Best-response

We now develop a sophisticated seller’s best-response strategy (BR_S ) given arbitrary strategies
of rivals. We assume that an agent knows the strategies of the rivals, and that she forms correct
beliefs about events in the competitive and information environments. Lemma 1 determines the
BR_S given arbitrary strategies of the rivals.

Lemma 1: Sophisticated best-response strategy

Assume that ρ ∈ [0, 1) and that the rivals’ average supply function is Xj(sj, p) =

bj − ajsj + cjp, where j 6= i, where the rivals’ average supply function slope is
c−i = 1

n−1

∑
i 6=j cj such that c−i > 0, the rivals’ average fixed part of the intercept is

b−i = 1
n−1

∑
j 6=i bj, and that all rivals set the same response to private information,

i.e. aj = a−i, such that aj = a−i > 0 for all j 6= i. Then, the best-response strategy
for a sophisticated seller (BR_S) i is given by Xi(si, p) = bi − aisi + cip where

ai =
R

di + λ+ Ti
, (3)

1At the SFE the market price and the signal provide sufficient information on the joint information of the
market.
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bi =
θ̄(R + Ti(n− 1)a−i − 1) + Ti(q − (n− 1)b−i)

di + λ+ Ti
, (4)

ci =
1− Ti(n− 1)c−i
di + λ+ Ti

, (5)

di = 1
(n−1)c−i

, R =
σ2
θ(σ2

θ(1−ρ)(1+(n−1)ρ)+σ2
ε )

(σ2
θ(1−ρ)+σ2

ε )(σ2
θ(1+(n−1)ρ)+σ2

ε )
, and

Ti =
ρσ2
θσ

2
ε

(σ2
θ(1−ρ)+σ2

ε )(σ2
θ(1+(n−1)ρ)+σ2

ε )a−i
.

Proof: Given the rivals’ strategies of the form Xj(sj, p) = bj − ajsj + cjp, then seller i
maximises her profits and the first order condition is given as: Xi(si, p) = p−E[θ|si,p]

(di+λ)
. Market

clearing implies that q =
∑n

j=1 X(sj, p), and given the definitions of b−i, c−i and the assumption
that aj = a−i for all j 6= i, we can re-write the market clearing expression as: p(n − 1)c−i =

q− (n− 1)b−i + a−i
∑

i 6=j sj −xi. Then define di = 1
(n−1)c−i

and Ii = q− (n− 1)b−i + a−i
∑

i 6=j sj

so that we can write p = Ii − dixi. All the information contained in p is also contained in hi,
where hi = a−i

∑
j 6=i sj and can be shown to be equal to hi = (n− 1)b−i − q + (n− 1)c−ip+ xi.

The second order condition is satisfied if 2di + λ > 0, which is always satisfied if c−i > 0.

We can now find an expression for E[θi | si, p] = E[θi | si, hi]. The mean of the vector

 θi

si

hi


is equal to

 µ

µ

a−i(n− 1)µ

 and the variance-covariance matrix is:

 σ2
θ σ2

θ ρσ2
θa−i(n− 1)

σ2
θ σ2

θ + σ2
ε ρσ2

θa−i(n− 1)

ρσ2
θa−i(n− 1) ρσ2

θa−i(n− 1) a2
−i(n− 1)((σ2

ε + σ2
θ) + (n− 2)ρσ2

θ)


Using the expressions for conditional expectations of normally distributed random variables, we
obtain:

E[θi | si, hi] = µ+R(si − µ) + Ti(hi − (n− 1)a−iµ), (6)

where R =
σ2
θ(σ2

θ(1−ρ)(1+(n−1)ρ)+σ2
ε )

(σ2
θ(1−ρ)+σ2

ε )(σ2
θ(1+(n−1)ρ)+σ2

ε )
, and Ti =

ρσ2
θσ

2
ε

(σ2
θ(1−ρ)+σ2

ε )(σ2
θ(1+(n−1)ρ)+σ2

ε )a−i
. In order to obtain

the best-response strategy for seller i, we use the first order condition Xi(si, p) = p−E[θ|si,p]
(di+λ)

, and
equate the coefficients of Xi(si, p) = bi − aisi + cip with the coefficient on the right hand
side of the first order condition. First, we equate coefficients on the private signal, obtaining
−aisi = −(Rsi−Tiaisi)

(di+λ)
, since hi = (n− 1)b−i − q + (n− 1)c−ip + xi. Simplifying, we obtain that

ai = R
di+λ+Ti

. Second, follow the same procedure, and, using the first order condition, we equate
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the coefficient on the price. We obtain ci = 1−Ti(n−1)c−i−Tici
(di+λ)

, which simplifies to ci = 1−Ti(n−1)c−i
(di+λ+Ti)

.
Third, we equate the coefficient on the constant and obtain: bi = µ(R+Ti(n−1)a−i−1)+Ti(q−(n−1)b−i)

(di+λ+Ti)
.

�

The interpretation of Lemma 1 has been given in the main text - Section 3, alternative
benchmarks - which discusses the strategic effect and the inference effect.

A seller that computes the best-response strategy but who is informationally naïve (BR_N )
ignores the informational content of the price (the inference effect). The best-response strategy
of this seller is given in Lemma 2.

Lemma 2: Naïve best-response strategy

Assume that ρ ∈ [0, 1) and that the rivals’ average supply function is Xj(sj, p) =

bj − ajsj + cjp, where j 6= i, where the rivals’ average supply function slope is
c−i = 1

n−1

∑
i 6=j cj such that c−i > 0, the rivals’ average fixed part of the intercept is

b−i = 1
n−1

∑
j 6=i bj, and that all rivals set the same response to private information,

i.e. aj = a−i, such that aj = a−i > 0 for all j 6= i. Then, the best-response
strategy for a naïve seller (BR_N) i is given by XN

i (si, p) = bNi − aNi si + cNi p, where
aNi = R

di+λ
, bNi = θ̄(R−1)

di+λ
, cNi = 1

di+λ
, and where di and R are defined in Lemma 1.

Proof: Follows immediately by Lemma 1 by setting Ti = 0.�

Appendix B. Instructions, comprehension test, experimental

screenshots and post-experiment questionnaire

B.1. Instructions

These instructions are for the treatment with positively correlated costs and have been trans-
lated from Spanish (except from figures, which are exactly as presented to participants). The
instructions for the other three treatments are analogous.

INSTRUCTIONS

You are about to participate in an economic experiment. Your profits depend on your decisions
and on the decisions of other participants. Read the instructions carefully. You can click on the
links at the bottom of each page to move forward or backward. Before starting the experiment,
we will give a summary of the instructions and there will be two trial rounds.
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THE EXPERIMENT

You will earn 5 Euros for participating in the experiment regardless of your performance in the
game. You will gain (lose) points during the experiment. At the end of the experiment, points
are exchanged for euros. 10,000 points are equivalent to 1 Euro. Each player will start with an
initial capital of 50,000 points. Gains (losses) that you accumulate during the experiment will
be added (subtracted) to the initial capital. Players who have accumulated losses at the end
of the experiment will receive 10 Euros for participating. Players with gains will receive their
gains converted to Euros plus the 10 Euro participation fee.

The experiment will last 25 rounds. In the experiment you will participate in a market. You
will be a seller of a fictitious good. Each market will have 3 sellers. Market participants will
change randomly from round to round. At any given time, no one knows who she is matched
with. We guarantee anonymity. The buying decisions will be made by the computer and not
a participant of the experiment. In each round and market, the computer will buy exactly 100
units of the good.

YOUR PROFITS

In each round, your profits are calculated as shown in the figure below:

Your profits are equal to the income you receive from selling units minus total costs (con-
sisting of production and transaction costs).

Some details to keep in mind: you only pay the total costs of the units that you sell. If you
sell zero units in a round, your profits will also be zero in this round. You can make losses when
your income is less than the total costs (production and transaction). The cumulative profits
are the sum of the profits (losses) on each round. Losses will be deducted from the accumulated
profits. Throughout the experiment, a window in the upper left corner of your screen will show
the current round and accumulated profits.
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YOUR DECISION

In each round, you have to decide the minimum price that you are willing to sell each unit for.
We call these Ask Prices.

THE MARKET PRICE

Once the three sellers in a given market have entered and confirmed their decisions, the computer
calculates the market price as follows.

1. In each market, the computer observes the 300 Ask Prices introduced by the sellers of
your market.

2. The computer ranks the 300 Ask Prices from the lowest to the highest.
3. The computer starts buying the cheapest unit, then it buys the next unit, etc. until it

has purchased exactly 100 units. At this time the computer stops.
4. The Ask Price of the 100th unit purchased by the computer is the market price (the price

of the last unit purchased by the computer).
The market price is the same for all units sold in a market. In other words, a seller receives

a payment, which is equal to the market price for each unit she sells. If more than one unit is
offered at the market price, the computer calculates the difference:

Units Remaining= 100- Units that are offered at prices below the market price.
The Units Remaining are then split proportionally among the sellers that have offered them

at an Ask Price equal to the market price.

UNITS SOLD

In each round and market, the three sellers offer a total of 300 units. The computer purchases
the 100 cheapest units. Each seller sells those units that are offered at lower Ask Prices than
the market price. Note that those units that are offered at higher Ask Prices than the market
price are not sold. Those units offered at an Ask Price which is equal to the market price will
be divided proportionally among the sellers that have offered them.

MARKET RULES

In each round and market, the computer buys exactly 100 units of the good at a price not
exceeding 3.600. In order to simplify the task of entering all Ask Prices in each round, we
request that you to enter:

• Ask Price for Unit 1

• Ask Price for Unit 2
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Ask Prices can be different for different units. To find Ask Prices for the other units, we will
join the Ask Price for Unit 1 and the Ask Price for Unit 2 by a straight line. In this way, we find
the Ask Prices for all the 100 units. In the experiment, you will be able to see this graphically
and try different values until you are satisfied with your decision.

We apply the following five market rules.
1. You must offer all the 100 units for sale.
2. Your Ask Price for one unit must always be greater than or equal to the Ask Price of the

previous unit. Therefore, the Ask Price for the second unit cannot be less than the Ask Price
for the first unit. You can only enter integers for your decisions.

3. Both Ask Prices must be zero or positive.
4. The buyer will not purchase any unit at a price above the price cap of 3,600.
5. The Ask Price for some units may be lower your unit cost, since unit costs are unknown

at the time when you decide the Ask Prices. You may have losses.

EXAMPLE

This example is illustrative and irrelevant to the experiment itself. We give the example on
paper. Here you can see how the computer determines the market price and units sold by each
seller in a market.

UNIT COST

In each round the unit cost is random and unknown to you at the time of the decision. The unit
cost is independent of previous and future round. Your unit cost is different from the unit cost
of other participants. However, your unit cost is related to the unit costs of the other market
participants. Below we explain how unit costs are related and we give a figure and explanation
of the possible values of unit costs and their associated frequencies. This figure is the same for
all sellers and all round.
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The horizontal displays the unit cost while the vertical axis shows the frequency with which
each unit cost occurs (probability). This frequency is indicated by the length of the correspond-
ing bar.

In the figure you can see that the most frequent unit cost is 1,000. We obtain 1,000 as unit
cost with a frequency of 0.35%. In general terms, we would obtain a unit cost of 1,000 in 35 of
1,000 cases.

In 50% of the cases (50 of 100 cases), the unit cost will be between 933 and 1,067.
In 75% of the cases (75 of 100 cases), the unit cost will be between 885 and 1,115 .
In 95% of the cases (95 of 100 cases), the unit cost will be between 804 and 1,196 .
There is a very small chance that the unit cost is less than 700. This can occur in 1 of 1,000

cases approximately. Similarly, there is a very small chance that the unit cost is greater than
1,300. This occurs can occur in 1 of 1,000 cases, approximately.

For participants with knowledge of statistics: the unit cost is normally distributed with
mean 1,000 and standard deviation 100.

INFORMATION ABOUT YOUR UNIT COST (YOUR SIGNAL)

In each round, each participant receives information on her unit costs. This information is not
fully precise. The signal that you receive is equal to:

Signal = UnitCost+ Error

The error is independent of your unit cost, it is also independent from the unit costs of other
participants and it is independent from past and future errors. The following figure describes
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the possible values of the error term and an indication of how likely each error is likely to occur.
This graph is the same for all sellers and rounds.

On the horizontal axis you can observe the possible values of the error terms. On the vertical
axis, you can observe the frequency with which each error occurs (probability). This frequency
is indicated by the length of the corresponding bar.

In the figure you can see that the most common error is 0. The frequency of error 0 is 0.66
%. In general terms, this means that in approximately 66 of 10.000 cases you would get an error
equal to 0.

In 50% of the cases (50 of 100 cases), the error term is between -40 and 40.
In 75% of the cases (75 of 100 cases), the error is between -69 and 69.
In 95% of the cases (95 of 100 cases), the error is between -118 and 118.
There is a very small chance that the error is less than -200. This occurs in 4 out of 10,000

cases. Similarly, there is a very small probability that the error is greater than 200. This occurs
in 4 out of 10,000 cases.

For participants with knowledge of statistics: the error has a normal distribution with mean
0 and standard deviation 60.

HOW YOUR COST IS RELATED TO THE COSTS OF THE OTHER SELLERS

The unit cost is different for each seller and your unit cost is related to the unit cost of the
other sellers in your market. The association between your unit cost and unit cost of another
seller in your market follows the trend:

• The higher your unit cost, the higher will be the unit cost of the other sellers.
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• The lower your unit cost, the lower the unit cost of the other sellers.

The strength of the association between your unit cost and unit cost of another seller is measured
on a 0 to 1 scale. The strength of the association between your unit cost and unit cost of the
other seller is +0.6 .

Graphically we can see the relationship between your unit cost (horizontal axis) and the
unit cost of another seller (vertical axis) for some strengths of association. The figure that has
a red frame corresponds to an intensity of association of +0.6.

For participants with knowledge of statistics: the correlation between your unit cost and
unit cost of any other player is +0.6 .

END OF ROUND FEEDBACK

At the end of each round, we will give you information about:

• Your profits (losses) and its components (Revenue-Cost of Production - Cost of transac-
tion)

• Market price
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• Your units sold

• Other market participants feedback: decisions; profits and unit costs.

You can also check your historical performance in a window in the upper right corner of your
screen. During the experiment the computer performs mathematical operations to calculate the
market price, units sold, Ask Prices for intermediate units, etc. For these calculation we use all
available decimals. However, we show all the variables rounded to whole numbers, except from
the market price.

THE END

This brings us to the end of the instructions. You can take your time to re-read the instructions
by pressing the BACK button. When you understand the instructions you can indicate it to us
by pressing the OK button at the bottom of the screen. Next you have to answer a questionnaire
about the instructions, unit cost distributions and signals. When all participants have taken
the questionnaire and indicated OK, we will start the practice rounds. Your profits or losses of
the practice rounds will not be added or subtracted to your earnings during the experiment.

B.2. Comprehension Test

Questions. Answer True or False.

1. The unit cost has the same value for each of the participants in your market.

2. The unit cost is not the same in each round.

3. The unit cost has the same value for each of the participants in your market.

4. If my unit cost is high, it is rather likely that the unit cost of another seller is high.

5. Unit costs between 1000 and 1200 occur with the same frequency than unit costs between
1000 and 700.

6. Unit costs larger than 1000 occur with the same frequency as unit costs smaller than 1000.

7. Errors larger than 0 occur more frequently than errors smaller than 0.

8. An error of 5 is the most frequent error.

9. The seller who sells most units will always have the highest profit.

10. If my unit cost is low, it is rather likely that the unit cost of another seller is high.

11. The market price is the same for all units and sellers.
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Answers (True (T) and False (F)): Q1. F Q2. T Q3. T (treatment 0.6); F (treatment 0)
Q4. F Q5. T Q6. F Q7. F Q8. F Q9. F Q10. T

Notes: These notes appeared on the screen if a participant answered wrongly any of the
previous questions.

Q1. Treatment 0.6: Your unit cost is different from the unit cost of other participants but
it is related. Treatment 0: Your unit cost is different from the unit cost of other participants.
There is no relation between your unit cost and that of other participants.

Q2. In each round, the unit cost is random and independent from the unit cost of past and
future rounds.

Q3. Treatment 0.6: The higher your unit cost, the higher the unit cost of the other sellers
will tend to be. Treatment 0: There is no relation between your unit cost and that of other
participants. Therefore, if my unit cost is high, I can not deduce anything from the unit cost
of the other participants.

Q4. Unit costs between 1000 and 1200 occur with higher frequency than unit costs between
1000 and 700.

Q5. The unit cost of 1000 is the most frequent one. Unit costs larger than 1000 occur with
the same frequency as unit costs smaller than 1000.

Q6. Errors larger than 0 occur with the same frequency as errors smaller than 0.
Q7. An error of 0 is the most frequent error.
Q8. Profit does not only depend on the number of units sold. Remember that: Profit =

(MarketPrice− UnitCost)UnitsSold− 1.5UnitsSold2.
Q9. Treatment 0.6: The lower your unit cost, the lower the unit cost of the other sellers

will tend to be. Treatment 0: There is no relation between your unit cost and that of other
participants. Therefore, if my unit cost is high, I can not deduce anything about the unit cost
of the other participants.

Q10. The market price is the same for all units and sellers in a market.

B.3. Screenshots

The screens have been translated from Spanish to English.
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Screen 1: signal screen

Screen 2a: decision screen before entering Offer Prices

13



Screen 2b: example of a decision screen after entering Offer Prices

Screen 3: feedback about a seller’s own performance2

2During the experiment the computer performs mathematical operations to calculate revenue, production
costs, transaction costs and profits. For these calculation we use all available decimals. However, we show all
the variables rounded to whole numbers, except from 1.5UnitsSold.
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Screen 4: feedback about market performance and other sellers’ in the

same market

B.4 Post-experiment questionnaire

After the rounds were completed, we asked for 3 demographic questions: age, gender and degree
studying. We then asked the following additional questions regarding understanding of the
game.
1. Do you think that a high market price generally means GOOD/MIXED/BAD news about
the level of your costs?
2. Explain your answer.
3. Do you think that the other sellers have answered the same as you to the previous question?
4. Explain your answer.

Appendix C. Additional empirical results

This section includes the analysis of time trends (C.1), data on market power in the last 5
rounds of the experiment (C.2), results of the panel regressions (C.3), results on the efficiency
of the allocations (C.4), and details of the empirical best-response strategy calculations (C.5).
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C.1. Time trends

The following graph shows the time trends in price impact (di).

Figure 1: Time trends in price impact in each of the treatments.

We observe that market power is greatest in TCH in all periods. In all other treatments, the
levels of price impact are close to each other, especially in the second half of the experiment.

C.2. Analysis of the last 5 rounds of the experiment

We analyse rounds [14,18] in each of the treatments, since in these rounds, participants have
had the same amount of bidding experience. We examine the relationship between information
frictions and market power during the last 5 rounds of the experiment. The following table
presents various measures of market power in each of the treatments during the last 5 rounds.
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Table 1: Average market power during the last 5 rounds in each treatment.

Note. The first row shows the average, while the second in brackets and italics is the standard deviation
(s.d.). The number of observations in each treatment is 360. In addition, price impact is not defined for the 26
observations that have an undefined denominator in di.

We then show the results of testing the hypotheses pertaining to market power.

Table 2: Tests of hypotheses pertaining to market power in the last 5 rounds.

Note: When stating the null hypotheses described in Section 3, MP denotes the variable related market power,
i.e. MP={Price Impact, SlopePQ, InterceptPQ}. The table reports p-values of two-sided tests. Denote *, **,
*** significance at the 10%, 5% and 1% levels, respectively. There are 6 observations per treatment.

The table shows we cannot reject that average market power is the same in the two uncor-
related costs treatments, and also in treatments TUL and TCL. We also find that when the
variance ratio is high, market power is greater when costs are interdependent. These results
confirm the previous findings presented in the paper with all periods.

C.3. Panel Regressions

The following table reports the results of random effects panel regressions where the unit of
analysis is the individual across rounds. We cluster standard errors at the independent group
level. For a more complete view of market power, we use three distinct dependent variables:
Price impact, SlopePQ and InterceptPQ, while the explanatory variables are treatment dummies:
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D_TCH is 1 in TCL, and 0 otherwise; D_TUH is 1 in TUH, and 0 otherwise; T_TCH is 1
in TCH, and 0 otherwise. We then add a control variable, the private signal (Signal) in the
regressions of columns (2), (4), and (6).

Table 3: Results from panel regressions of price impact, supply function slope and intercept on
treatment parameters and control.

Notes. *, **, *** denote significance at the 10%, 5%, and 1% levels respectively. Results of the panel regressions
correspond to random effects with robust standard errors are clustered at the independent group level and are
given in parentheses.

Results of the panel regressions confirm the predictions regarding comparative statics found
in Result 1, and give a more detailed perspective. We do not find that differences in market
power due to the correlation when the variance ratio is low, however, market power can arise due
to information frictions when the variance ratio is high. In addition, as predicted by the theory,
the private signal is not a significant determinant of market power, when measured as Price
impact, or the supply function slope but it strongly influences the supply function intercept.

The next table provides the foundation for testing whether the response to the private signal
is the same in all the treatments. It is analogous to Table 9 of the paper, and in addition, it
allows us to formally test hypotheses about how the InterceptPQ depends on the private signal
in each of the treatments.

Table 4 reports the results of random effects panel regressions where the dependent variable
is InterceptPQ, while the explanatory variables are the three treatment dummies as defined
above; the private signal (Signal); and the interactions between the Signal variable and the
treatment dummies. The unit of analysis is the individual across rounds, and cluster standard
errors at the independent group level.
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Table 4: Results from panel regressions of InterceptPQ on treatment variables, signal and inter-
action variables.

Notes. *, **, *** denote significance at the 10%, 5%, and 1% levels respectively. Results of the panel regressions
correspond to random effects with robust standard errors are clustered at the independent group level and are
given in parentheses.

We analyse the interactions between the treatment dummies with the private signal. The
table shows that the response to the private signal is not statistically different in treatments
TUL and TCL since the coefficient of Signal*D_TCL is not statistically different from zero.
However, we find that the subjects respond less to the private signal when the variance ratio is
high since the coefficients of Signal*D_TUH and Signal*D_TCH are significant, and negative.
In addition, the coefficients of Signal*D_TUH and Signal*D_TCH are not statistically different
from each other (Wald’s test p-value=0.924).

C.4. Efficiency of the allocations

In terms of welfare, the theoretical model shows that the equilibrium allocation exhibits pro-
ductive inefficiency. At this allocation, sellers supply quantities that exhibit too little dispersion
vis-à-vis the efficient benchmark, which is reflected in the ex-ante expected deadweight loss at
the equilibrium allocation (defined as the difference between expected total surplus at the effi-
cient and equilibrium allocations). It can be shown that ex-ante expected deadweight loss at the
equilibrium allocation is non-monotonic with respect to the information parameters (ρ, σ2

ε , σ
2
θ)

since there are two effects: (1) Increasing either ρ or σ2
ε (or decreasing σ2

θ) decreases the variance
of the difference between predicted values with full information and its average, which decreases
deadweight loss; (2) Increasing ρ or σ2

ε (or decreasing σ2
θ) increases market power, which increases

19



deadweight loss. Depending on the parameter configuration, the first effect might dominate the
second, or the reverse. Our parametrisation predicts that expected efficiency is higher in treat-
ments with relatively imprecise private signals (TUH and TCH) compared to treatments where
signals are more precise (TUL and TCL). The next table presents a summary of the average
deadweight loss in each of the treatments.

The ex-ante expected deadweight loss, E[DWL], at the equilibrium allocation is the differ-
ence between expected total surplus at the efficient allocation and at the equilibrium allocation,
and can be shown to be equal to

E[DWL] =
λ

2
(
1

λ
− 1

λ+ d
)2 (1− ρ)2(n− 1)σ4

θ

(σ2
ε + σ2

θ(1− ρ))
. (7)

For each market we compute the empirical counterpart of the (interim) deadweight loss at the
experimental allocation as follows

dwl = (
nλ

2
)(

1

n

n∑
i=1

(xei − xoi )2), (8)

where xei is the experimental allocation (superscript e is to differentiate it from the equilibrium
allocation, xi) and xoi is the efficient allocation as defined above. In order to calculate the
average deadweight loss in each treatment, we average the interim deadweight losses for all the
markets in each treatment, which gives us an estimate for the ex-ante expected deadweight loss.
The following table reports the average deadweight losses in each treatment.

Table 5: Deadweight losses of the allocations in each treatment.

Note. The first row shows the average, while the second in brackets and italics is the standard deviation (s.d.).
For average deadweight loss, the unit of analysis is the market with 432 in each treatment.

We cannot reject the hypothesis that the efficiency of the allocations is the same in two
treatments with the same variance ratio (rank-sum test for differences in distribution when
the unit of observation is per group: p-value=0.522 for equality between TUL and TCL, and
p-value=0.749 for equality between TUH and TCH). We also find that deadweight losses are
different in treatments with different variance ratio (for equality between the distributions: TUL
and TUH, p-value=0.0039; TCL and TCH, p-value=0.0039). These tests show that the compar-
ative statics of the theory with respect to the variance ratio are observed in the data. However,
we also find that experimental inefficiency levels are substantially higher than predicted by the
SFE benchmark in all treatments.
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C.5. Details of the empirical best-response strategy calculations

As stated in the paper, in the complex environment of the interdependent costs treatments,
it makes more sense to use the naïve best-response strategy (which ignores the informational
content included in the market price) than the sophisticated best-response. This is because
computational requirements that are needed to calculate the sophisticated best-response in the
interdependent costs treatments are harder than for the equilibrium (refer to Online Appendix
A.2, Lemma 1). A subject must consider the asymmetric strategies of rivals, estimate the rivals’
response to the private signal, use them optimally to calculate the inference effect, and combined
it with the strategic effect, as explained in Section 3. In addition, in TCH we find that the naïve
and sophisticated best-response strategies are close.

Using the theoretical results presented in Lemma 2 (Online Appendix A.2), we use the
following steps to calculate the naïve best-response strategy (BR_N ) for each subject i of
group g in a given round t > 1. We calculate the average slope (SlopePQ) of i ’s rivals in
the previous rounds, up to round t-1. We then invert the previously calculated average, i.e.
c−i,t = 1

SlopePQ−i,t
, to obtain the average slope of the rivals faced by i up to period t-1. This

will allow us to calculate the price impact, di. Notice that because we use random matching,
i ’s rivals are different in each round but all belong to group g. We can now calculate the naïve
best-response strategy (BR_N ) for seller i in round t, characterised by (aNi , b

N
i , c

N
i ).

For the analysis of our experimental data, we focus on the best-response supply function
slope, ci, since this is the variable that is most related to price impact, di = (

∑
i 6=j cj)

−1. The
following table summarises the average best-response supply function slope in each treatment
during the last 5 rounds of the experiment.

Table 6: Average best-response supply function slope in each treatment during the last 5 rounds
of the experiment.

Note. The number row shows the average, while the second in brackets and italics is the standard deviation
(s.d.). The number of observations in each treatment is equal to 360.
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Appendix D. Analysis of participants’ demographic and cog-

nitive information

D.1. Demographics

We briefly analyse the demographics of participants in each treatment - age and gender, where
gender is equal to 1 if the subject is a male and 0 if female. In addition, for TUH and TCH, we
asked participants to report their percentage score on the Spanish University Access Test.

Table 7: Demographics in each treatment.

Note. The number of participants in each treatment is equal to 72.

We find that there are no differences among treatments in age and gender and found no
statistical difference (Pearson χ2 tests: p-value=0.833 for age, and p-value=0.931 for gender),
and also we cannot reject that there are no differences in the scores for the university access
test between treatments TUH and TCH (t-test, p-value=0.236).

D.2. Cognitive Reflection Test

In order to disentangle whether there were differences in subjects’ cognitive abilities between
treatments, we conducted the cognitive reflection test (Frederick, 2005), hereafter CRT, at the
end of the experiment for treatments TUH and TCH.3 The question of the CRT are as follows:
(1) A bat and a ball cost $1.10 in total. The bat costs $1.00 more than the ball. How much
does the ball cost? _____ cents; (2) If it takes 5 machines 5 minutes to make 5 widgets, how
long would it take 100 machines to make 100 widgets? _____ minutes; (3) In a lake, there is
a patch of lily pads. Every day, the patch doubles in size. If it takes 48 days for the patch to
cover the entire lake, how long would it take for the patch to cover half of the lake? _____
days. We incentivised participants with 0.5 Euros per correct answer.

3In treatments TUL and TCL we did not collect data for the CRT.

22



Table 8: Results of the CRT in each of the two treatments.

With a two-sample t-test, we find that we cannot reject the hypothesis that the mean of the
CRT is the same in the two treatments (p-value=0.166). In addition, we conducted regressions
of market power on the number of correct answers in the CRT test in each treatment. We found
that, in each of the two treatments, the number of correct answers in the CRT is not a predictor
of price impact (p-value=0.733 in the TUH, p-value=0.589 in the TCH) or the supply function
slope (p-value=0.646 in the TUH, p-value=0.869 in the TCH).
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