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1 Details of the Theoretical Predictions

In the following we give more details of the different market settings and provide some calculations.1

For easier reference we repeat the description of the environment already given in Section ??.
The economy is populated by an integer number of S ≥ 2 sellers and B ≥ 1 buyers, all of which

are risk neutral. Buyers have a unit demand with a reservation price normalized to one. The model
consists of two stages: First, sellers simultaneously set prices ps ∈ [0, 1].2 Firms commit to these
prices ex-ante and no ex-post negotiations are allowed. In the second stage buyers simultaneously
make buying decisions. A number U ≥ 0 of uninformed buyers independently and randomly choose
a seller, where each seller is visited with equal probability. Further, there are N ≥ 1 informed
buyers who can costlessly observe all prices offered in the market and choose at which seller to buy.
We assume a fixed number of buyers, so that we can infer the number U = B−N . With respect to
capacity we consider two cases. In the first case (z = c ) sellers are capacity constrained and have
only one unit on hand, whereas in the second case (z = n) firms are not capacity constrained, and
each firm has B units for sale.

The expected payoff of a seller s is πz,Ns (ps, p−s) = µz,N (ps, p−s)ps, where µz,N (ps, p−s) is the
expected number of sales given the number of units in stock (z), the number of informed buyers
(N), the own price and the prices of other sellers. The expected payoff of a buyer i conditional on
choosing a seller s is vz,Ni (θs−i) = ηz,N (θs−i)(1−ps), where ηz,N (θs−i) is the probability of getting the
good at seller s given that the other buyers go to this seller with probabilities θs−i. If the sellers are
not capacity constrained, z = n, this probability is always 1. If the sellers are capacity constrained,
the probability is typically strictly less than 1. If no seller is chosen the payoff is zero. It follows
from the assumptions on uninformed buyers that θsi = 1/S for all i ∈ U . We focus on sub-game
perfect equilibria with symmetric (mixed) strategies.

Equilibria with no Capacity Constraints. We first look at the case where there are at
least some uninformed buyers, U ≥ 1. The number of sales to uninformed customers is binomi-
ally distributed and thus equal to U/S in expectation. The expected sales to informed agents
only depend on whether or not the seller’s price is lower than the other firms’ prices. Thus
µn,N (ps, p−s) = N + U/S if ps is the lowest price and µn,N (ps, p−s) = U/S otherwise.3 One
can show that the symmetric equilibrium entails a mixed strategy given by the c.d.f. F (p)
with support p ∈ [p0, 1].4 It is convenient to determine the equilibrium strategy by looking
at the indifference between the ”rip-off” price of 1 and any other price in the support of F (p):´
πn,Ns (ps, p−s)dF (p−s) =

´
πn,Ns (1, p−s)dF (p−s). This can be written as:

(U/S +N(1− F (ps))
S−1)ps = U/S · 1 (1)

The left-hand side shows the pay-off when setting a price ps. Independent of the price, the seller
will sell in expectation to U/S uninformed sellers. If it sets the lowest price, it will in addition sell

1For a more in-depth treatment we refer the reader to the articles by Varian (1980), Burdett, Shi, and Wright
(2001), and Lester (2011).

2Here we normalize the price range to the unit interval for convenience.
3It can be shown that F (p) has no mass points so that ties are a measure zero event. The intuition is that if F

had a mass point at p′, the expected number of sales would increase discretely by lowering the price slightly below
p′, hence advertising p′ cannot be optimal. See Varian (1980) for details.

4The supremum of the support has to be 1: if a firm knows with certainty that it will only attract uninformed
buyers, the optimal price is the reservation value of uninformed buyers.
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to N informed sellers, and this happens with probability (1−F (p))S−1. The right hand side shows
the expected pay-off when setting ps = 1. Solving for F (p) gives:

F (p) = 1−

(
1− p
p

U

SN

)1/(S−1)

with p ∈ [p0, 1].

It is straightforward to verify that the lower bound of the support is given by p0 = U
U+SN . Using

the tail formula for the expected value, the expected price can be expressed as:

E[p] = p0 +
ˆ 1

p0

(1− F (p))dp

= p0 +
ˆ 1

p0

(
1− p
p

U

SN

)1/(S−1)

dp. (2)

Notice that this expected price is strictly decreasing in the number of informed buyers as a
percentage of uninformed buyers, i.e. N/U . The cumulative distribution function of the lowest
price in the market is given by 1 − (1− F (p))S . By using the tail formula again it follows that the
expected minimum price at which the informed buyers purchase the good is given by:

E[pmin] = p0 +
ˆ 1

p0

(
1− p
p

U

SN

)S/(S−1)

dp.

If there are no uninformed buyers, U = 0, we are in the classic Bertrand case, where ps = 0 for all
s and all buyers choose any θs on the equilibrium path.

Equilibrium with Capacity Constraints. With capacity constraints, sellers can only sell one
unit of the good. If more than one buyer shows up, the seller randomizes between the buyers,
leading to congestion effects on the buyer side. We begin with the case of N = 1 where the
equilibria are similar to the ones with no capacity constraints. First, in the special case of U = 0,
there are no congestion effects and we are in the Bertrand case. Second, if U > 0 we can solve for
the equilibrium c.d.f. for pricing strategies, F (p), by using the indifference condition

[(1− F (ps))
S−1 + (1− (1− F (ps))

S−1)m]ps = m · 1,

where m ≡ µc,1(1, p−s) = 1− (1−1/S)U is the probability of having at least one uninformed buyer.
The first term in the bracket is the probability of having the lowest price, in which case the good
is sold with probability 1. The second term is the complementary probability of not having the
lowest price, multiplied with the probability of getting an uninformed buyer. The right-hand side
shows the expected pay-off when when ps = 1. This yields the following distribution over prices:

F (p) = 1−

(
m

1−m
1− p
p

) 1
S−1

, with p ∈ [p0, 1],

where p0 = m. The expected price is:

E[p] = p0 +

(
m

1−m

)1/(S−1) ˆ 1

p0

(
1− p
p

)1/(S−1)

dp.
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The expected minimum price is given by:

E[pmin] = p0 +

(
m

1−m

)S/(S−1) ˆ 1

p0

(
1− p
p

)S/(S−1)

dp.

If N > 1 there is an important additional trade-off for informed buyers. On the one hand buyers
prefer to purchase the cheapest good, on the other hand the cheapest offer will attract the highest
number of informed buyers. The probability of receiving the good if in total k uninformed and j
other informed buyers show up is 1/j + k + 1. For an informed buyer i who has chosen to buy at
a seller s the probability of being served is thus given by:5

ηc,N (θs−i) =
N−1∑

j=0

U∑

k=0

(N − 1)!
j!(N − 1− j)!

(θs−i)
j(1− θs−i)

N−1−j U !
k!(U − k)!

(1/S)k(1− 1/S)U−k
1

j + k + 1
. (3)

As is common in directed search models, we focus on symmetric mixed buyer strategies. In equilib-
rium informed buyers have to be indifferent between sellers. That is, the randomization over sellers
by informed buyers must be such that all informed buyers get the same expected value at any
seller they approach with a positive probability. That is, vc,Ni (θs

′

−i) = vc,Ni (θs
′′

−i) for any s′, s′′ ∈ S
such that θsi > 0, s = s′, s′′. Together with the requirement

∑
s θ

s = 1 this gives a system of
equations that implicitly determines the functions {θs(ps, p−s)}s∈S , which sellers use in the first
stage to forecast buyer behavior.

Next, the probability that a seller s gets at least one buyer is given by:

µc,N (ps, p−s) = 1− (1− θs(ps, p−s))
N (1− 1/S)U .

In general, there can be equilibria with pure or mixed strategies on the sellers’ side. In particular,
if there are relatively many uninformed buyers there is an incentive to deviate from a pure strategy
equilibrium by charging the highest price of 1, rendering such an equilibrium impossible. However,
for the parameter constellations of our treatments, there will be only symmetric equilibria where
sellers play pure strategies. These pure strategies can be determined by solving seller s’ profit
maximization problem

max
ps

µc,N (ps, p
∗
−s)ps

given that all the other firms charge the equilibrium price p∗. The seller forecasts the buying
probability θs(ps, p∗) from the indifference condition of the buyers: ηc,N (θs)(1 − ps) = ηc,N ((1 −
θs)/(S − 1))(1 − p∗). Substituting the conditions of a symmetric equilibrium, i.e. ps = p∗ and
θs(p∗, p∗) = 1/S, into the first order condition of the firm’s problem, one can solve out the (unique)
equilibrium price:

p∗ = M/[M + (1− µ(p∗, p∗))η(1/S){N(B − 1)/(S(N − 1))}], (4)

where M ≡ µ(p∗, p∗)(η(1/S)− (1− 1/S)B−1) and µ(p∗, p∗) reduces to 1 − (1− 1/S)N+U . For this
to be a pure strategy equilibrium it must hold that charging the rip-off price of p = 1 is not a
profitable deviation, i.e.: µ(p∗, p∗)p∗ ≥ µ(1, p∗) · 1. This condition is satisfied for the parameters of
our treatments.

5This follows from the binomial distribution.
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2 Calculations for the expected posted and transaction prices

In the following we set S = 2 and B = 3, with N > 0 and provide details of the calculations for
the expected posted and transaction prices given in Table 1.

First, for the case without capacity constraints and with N < 3 we can easily integrate (2) to
get:

E[p] = −
3−N

2N
ln

3−N
3 +N

.

Similarly, for the expected minimum price we obtain:

E[pmin] =
3−N
N

+
(3−N)2

2N2
ln

3−N
3 +N.

Plugging in the values N = 1 and N = 2 gives the results in Table ??.

For the capacity constraint case with N = 1 we have

E[p] =
p0

1− p0
ln p0 = −3 ln(3/4) ≈ 0.863

The expected minimum price is

E[pmin] = p0 + (
p0

1− p0
)2(p−1

0 + 2 ln p0 − p0) ≈ 0.822,

where p0 = 3/4.

Expected transaction prices in treatments Tn1 , Tn2 , and T c1 can be computed by using the above
given average and minimum prices or directly by dividing total profits in the market (which equal
the sum of prices) by the expected number of transactions.

Treatment Tn1 : As all choices give the same profits in equilibrium, expected profits of a seller
equals the rip-off price of one times the expected number of goods sold to the uninformed buyers.
Total profits in the market with two sellers are therefore 2 · (1

4 · 1 + 1
4 · 1 + 1

4 · 2 + 1
4 · 0) · 1 = 2. The

expected number of sales is 3 as all buyers will obtain a good. Thus average profit and price equals
E[pT ] = 2/3 ≈ .667.

Treatment Tn2 : The same reasoning as before applies. Total profits divided by the expected

number of transactions gives: E[pT ] =
2·( 1

2
·1+ 1

2
·0)·1

3 = 1/3 ≈ .333.

Treatment T c1 : The probability of meeting the uninformed is given by 1 − (1− 1/S)U = 3/4 in
this case. The expected number of total transactions is 1 for the seller with the lower price as that
seller always gets at least the informed buyer. The other buyer gets an uninformed with probability
3/4. Total profits per transaction are then E[pT ] = 2·3/4·1

7/4 = 6/7 ≈ .857.
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2.1 Buyer responses z=c case

Here we compute the individual buyer’s best response functions θ1(p1, p2) from the indifference
condition ηc(θ1)(1− p1) = ηc(1− θ1)(1− p2) for cases N = 2 and N = 3.

N = 2 case:

θ1(p1, p2) =






0.5 if p1 = p2

0 if 4 + 5p2 − 9p1 < 0

1 if 4 + 5p1 − 9p2 < 0
4+5p2−9p1

4(2−p1−p2) o.w.

N = 3 case:

θ1(p1, p2) =






0.5 if p1 = p2

0 if 2 + p2 − 3p1 ≤ 0

1 if 2 + p1 − 3p2 ≤ 0
(4−3p1−p2−

√
16(1−p1−p2)+22p1p2−3(p2

1+p2
2)

2(p2−p1) o.w.

3 Dynamic regressions

We address the question of convergence running dynamic regressions treatment by treatment (Nous-
sair, Plott, and Riezman (1995), Noussair, Plott, and Riezman (1997), and Cason and Noussair
(2007)) . Two specifications are employed. In the first specification yit =

∑5
i=1 β1iDi(1/t) +∑5

i=1 β2iDi((t − 1)/t) + µit, were i indicates block and t ∈ [1, t̄] indicates period. The (t − 1/t)
terms take the value 0 in period 1, thus β1i provides an estimate of the value of yi1 for block i. As
t grows the (t− 1)/t terms approach 1 and the 1/t terms approach 0, thus β2i is an estimate of the
asymptote of yiT . The criteria for convergence are as follows. The process is said to exhibit strong
convergence if HA

0 : β21 = β22 = ... = β25 cannot be rejected. The process is said to exhibit weak
convergence if βi2 is closer to the equilibrium value of the treatment than is βi1.

In the second specification yit =
∑5

i=1 β1iDi(1/t) + β2((t− 1)/t) + µit, β2 provides an estimate
of the extent to which the process converges on the equilibrium. The process is said to converge
on the equilibrium if HB

0 : β2 = equilibrium value cannot be rejected.
We estimate the regressions with random intercepts for subjects, and corrected standard errors

for correlation over panels (Prais-Winsten regression). In both specifications we follow the experi-
mental literature and exclude the last two periods from the estimations, so that t̄ = 48.6 Table 1
provides the estimates for posted prices with the first specification, Table 2 provides the estimates
for posted prices with the second specification.

From Table 1 we observe that for treatments T c1 to T c3 each βi2 term is closer to the equilibrium
price than its corresponding βi1 term. In treatments Tn1 to Tn3 a slim majority - three of five - βi2
terms are closer to equilibrium than their corresponding βi1 terms. Thus, for treatments T c1 to T c3
there is clear evidence of weak convergence towards equilibrium, while the evidence is not as strong
for treatments Tn1 to Tn3 . In all treatments the null that all βi2 terms are equal can be rejected
with high degree of certainty. Thus, convergence is not strong in any treatment.

6The reason for this is to remove end game effects that are likely to be present in experiments were subject the
final period is public knowledge (see Cason and Noussair (2007), note 7 with references).
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Table 1: Convergence regressions

Tr β11 β12 β13 β14 β15 β21 β22 β23 β24 β25 HA
0 E(p)

Tn1 50.6 66.9 46.4 62.9 57.7 77.5 63.1 68.8 87.1 66.4 .000 69.2
(5.77) (7.50) (8.92) (4.69) (7.73) (1.42) (1.85) (2.19) (1.16) (1.90)

Tn2 56.9 54.4 51.3 57.5 50.2 51.0 50.5 51.7 59.9 46.6 .000 40.2
(9.28) (7.96) (8.43) (9.58) (5.48) (2.56) (2.19) (2.32) (2.64) (1.51)

Tn3 49.0 37.4 60.2 35.6 50.9 51.1 25.3 36.9 51.6 37.4 .000 0.0
(8.08) (7.44) (6.25) (9.34) (8.37) (2.50) (3.30) (1.94) (2.89 (2.59)

T c1 58.6 57.8 78.3 55.9 80.1 98.5 93.5 90.6 86.2 87.5 .000 86.3
(2.91) (5.39) (4.86) (4.32) (3.00) (0.80) (1.49) (1.33) (1.19) (0.83)

T c2 62.9 57.5 53.0 52.6 61.2 67.6 73.5 68.2 76.2 64.0 .000 66.7
(3.85) (2.93) (6.37) (3.54) (2.66) (1.11) (0.85) (1.84) (1.03) (0.77)

T c3 47.6 49.3 57.3 55.3 57.3 67.6 80.0 76.1 69.6 75.1 .000 72.7
(5.14) (3.85) (1.92) (2.52) (3.38) (1.65) (1.24) (0.62) (0.81) (1.09)

Dependent: posted prices. Prais-Winsten regressions treatment by treatment, with seller random effects . Coefficients
(standard errors).

Next, consider Table 2. Except for treatments Tn2 to Tn3 , the estimate of β2 is less than five
points from the equilibrium value. In treatment Tn2 and especially in treatment Tn3 , the deviations
are substantial. Except for treatment T c3 , the null of no difference between β2 and the equilibrium
can be rejected. In treatment T c3 this null cannot be rejected.

The variance of posted prices generally declines over time in each treatment. Except for Tn2
variance declines in a majority of the matching blocks, and in Tn1 , T c1 and T c3 variance declines
in all five matching blocks, as shown in Table 3. Qualitatively, the regressions are consistent
with posted prices converging to a common value in these treatments. However, the null that
β21 = β22 = ... = β25 cannot be rejected with any degree of confidence.

Table 2: Equilibrium convergence

Tr β11 β12 β13 β14 β15 β2 E(p) HB
0

Tn1 56.2 57.6 42.4 73.8 50.6 72.7 69.2 .000
(6.55) (9.50) (9.62) (8.97) (8.79) (0.91)

Tn2 56.2 53.3 51.1 63.1 46.2 52.0 40.2 .000
(9.04) (7.82) (8.22) (10.28) (6.03) (1.00)

Tn3 52.7 34.1 59.1 41.9 48.3 40.0 0.0 .000
(9.43) (9.87) (6.61) (10.03) (8.44) (1.08)

T c1 63.7 59.5 78.4 53.1 77.9 91.2 86.3 .000
(4.66) (5.58) (4.94) (5.05) (3.55) (0.69)

T c2 61.7 59.8 54.3 56.2 59.5 69.8 66.7 .000
(4.10) (3.43) (6.63) (4.71) (3.88) (0.70)

T c3 47.1 51.3 57.7 54.7 58.7 73.6 72.7 .173
(5.85) (4.78) (2.25) (3.11) (3.45) (0.67)

Dependent: posted prices. Prais-Winsten regressions treatment by treatment,
with seller random effects . Coefficients (standard errors).
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Table 3: Variance in posted prices

β11 β12 β13 β14 β15 β21 β22 β23 β24 β25 HA
0

Tn1 1280.5 427.7 746.6 1493.8 1076.5 120.3 324.6 408.0 53.1 269.2 .000
(98.0) (135.6) (177.1) (102.0) (177.7) (21.0) (29.1) (38.0) (21.9) (38.1)

Tn2 484.4 293.5 143.6 89.9 1168.7 451.7 623.3 555.5 576.3 666.5 .035
(220.9) (255.5) (258.7) (236.1) (208.8) (49.0) (56.7) (57.4) (52.4) (46.3)

Tn3 144.3 446.4 821.6 605.2 396.4 460.5 279.9 147.5 257.2 454.5 .061
(309.7) (322.6) (160.0) (195.0) (357.0) (101.2) (105.4) (52.3) (63.7) (116.7)

T c1 346.3 1306.7 502.7 1058.6 258.8 14.5 48.4 144.2 66.1 141.1 .000
(49.5) (207.2) (171.7) (114.7) (50.2) (11.0) (45.9) (38.0) (25.4) (11.1)

T c2 648.6 412.0 453.9 51.8 72.5 139.7 21.7 148.9 60.4 124.6 .000
(88.3) (36.0) (97.6) (52.8) (81.6) (18.8) (7.7) (20.8) (11.2) (17.4)

T c3 890.6 900.4 192.7 62.5 811.3 50.4 60.2 66.4 25.4 77.2 .003
(132.6) (143.2) (45.6) (37.8) (41.8) (33.1) (35.7) (11.4) (9.4) (10.4)

Dependent: Variance in posted prices. Prais-Winsten regressions treatment by treatment, with seller random effects.
Coefficients (standard errors).

4 Treatment regressions

Table 4 reports GLS regressions of prices on treatment dummies with random effects for individual
sellers. Standard errors are clustered on unique blocks to correct for heteroscedasticity. In regres-
sions labeled PP the dependent variable is the posted price, while in regressions labeled TP the
dependent variable is the transaction price.
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Table 4: Treatment regressions.
PP I PP II TP I TP II

Constant 40.9
∗∗∗

37.4
∗∗∗

33.6
∗∗∗

29.2
∗∗∗

(2.93) (2.24) (2.42) (1.78)
Tn1 28.6

∗∗∗
30.4

∗∗∗
34.7

∗∗∗
37.2

∗∗∗

(3.97) (2.94) (3.62) (2.67)
Tn2 9.5

∗∗
11.3

∗∗∗
12.7

∗∗∗
15.1

∗∗∗

(3.95) (3.18) (3.42) (2.93)
T c1 42.7

∗∗∗
48.1

∗∗∗
48.7

∗∗∗
55.0

∗∗∗

(3.52) (2.51) (3.14) (2.19)
T c2 24.8

∗∗∗
28.0

∗∗∗
30.1

∗∗∗
33.9

∗∗∗

(3.85) (2.59) (3.22) (2.24)
T c3 25.1

∗∗∗
30.9

∗∗∗
30.1

∗∗∗
37.5

∗∗∗

(3.93) (2.51) (3.42) (2.15)
Tn1 ·Period 0.05 0.08

(0.13) (0.13)
Tn2 ·Period 0.07 0.10

(0.14) (0.13)
T c1 ·Period 0.19 0.22

(0.12) (0.12)
T c2 ·Period 0.14 0.16

(0.12) (0.11)
T c3 ·Period 0.24

∗∗
0.28

∗∗

(0.12) (0.12)
Period 0.03 0.14

∗∗∗
0.01 0.16

∗∗∗

(0.11) (0.03) (0.11) (0.03)
Lab -1.5 -1.8

(1.87) (1.69)
N 9000 9000 7095 7095
R2 0.45 0.43 0.52 0.52
F-stat 50.8

∗∗∗
91.4

∗∗∗
80.4

∗∗∗
144.5

∗∗∗

Dependent: Posted prices (PP) or Transaction prices (TP) for all periods. Coefficients
(robust standard errors clustered on sellers). Reference category: Tn3 (Bertrand competi-
tion). Significant at level *** 1%; ** 5%; *10 %.

Specifications PP I and TP I are saturated models in which treatment dummies are interacted
with periods. We also include a dummy for the lab, that takes the value 1 for Konstanz and 0 for
Oslo. Only one of the multiplicative terms is significantly different from zero. The lab dummy does
not have a significant effect on prices. In specifications PP II and TP II we drop the multiplicative
terms and the lab dummy. The trend variable for periods is positive and significantly different from
zero, albeit of moderate size. The regressions are highly robust for exclusion of periods. In particular
results are practically unchanged if periods 49 and 50 are excluded, or if periods 1-10 and 49-50
are excluded. Arguments for dropping the last couple of periods in experiments with finite and
publicly known horizons are provided by Cason and Noussair (2007). Footnote 7 in that paper
provides further references.

T-tests for differences in regression coefficients confirm the results from the WRS-tests. It is
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noteworthy that the t-test for differences between treatments T c2 and T c3 rejects the null hypothesis
that the coefficient of T c2 is larger than or equal to that of T c3 with a p-value of 0.124 for posted
prices, and with a p-value of 0.093 for transaction prices. Hence the null hypothesis that prices
cannot be formally rejected at a 10% significance level using posted prices, while it is comfortably
rejected at the 10% significance level using transaction prices. Thus, regressing prices on treatment
dummies and a time trend lends further support to Lester’s paradox.

In sum: Both posted prices and transaction prices increase significantly from treatment T c2 to
T c3 . The effect with respect to transaction prices is statistically less uncertain than the effect with
respect to posted prices. The regression also shows that transaction prices are below posted prices
in all treatments. For treatments where the optimal strategy prescribes mixing (i.e. Tn1 , Tn2 , T c1 )
this is according to theory, as informed buyers should take the lowest offer and not the average
one. In the other treatments theory implies that transaction prices are identical to posted prices, as
each seller should offer the same price in equilibrium. Due to the presence of dispersion in posted
prices in the data, also in these treatments transaction prices are not identical to the average posted
prices. In Section ?? of the paper, we investigate this deviation from theory by hypothesizing noisy
responses on the seller side.

5 Buyer behavior

Figure 5 shows the fraction of buyers visiting seller square in 20 bins of length 0.05 on the theoretical
probability of such an action. Lines display a 95% confidence interval for the error of the mean in
each bin. The null hypothesis is that the mean is located on the 45-degree line. For treatment T c2
we are unable to reject this null in 17 out of 20 bins at a 5% significance level. For treatment T c3
we are unable to reject the null in 15 out of 20 bins at this level of significance.

Figure 1: 95 % confidence intervals around the mean buyer reaction in 20 bins of length 0.05 for
treatments T c2 and T c3 .
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6 Seller behavior

6.1 Coefficients of variation implied by QRE

Table 13 shows the coefficients of variation implied by the QRE estimated with a noise of µ = 0.062.
For ease of comparison the coefficients of variation calculated on the basis of the data are included.

Table 5: Coefficients of variation implied by QRE and based on data.

Treatment Tn1 Tn2 Tn3 T c1 T c2 T c3
CVs implied by QRE 0.24 0.38 0.55 0.12 0.18 0.15
CVs based on data 0.27 0.48 0.55 0.15 0.17 0.17

6.2 Best response with noise

Figure shows the noisy best response to the opponent playing the equilibrium Nash strategy for
noise parameter µ = 0.062.
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Figure 2: Noisy best response to Nash strategy. Solid (red) line is the (discrete) probability
distribution of the noisy best response (for a grid of 1001 price points); the dashed (red) line the
expected probability; the dotted (blue) line the expected Nash equilibrium price. Noise parameter
is µ = 0.062.
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6.3 QRE estimates with individual noise parameter

In Table 6 we report the results of fitting µzN treatment by treatment (see Figure 3 for the corre-
sponding distribution graphs).

Table 6: Individual QRE estimates

Treatment Tn1 Tn2 Tn3 T c1 T c2 T c3
µzN 0.086 0.038 0.083 0.046 0.054 0.022

Expected price 69.8 50.7 40.3 86.1 70.1 69.5
Distance 0.412 0.482 0.170 0.943 0.289 1.023

Minimum average distance (square root of the sum of squared deviations) esti-
mation on a grid of integer prices. Payoffs in the treatments without capacity
constraints (n) are scaled by factor 1/3.
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Figure 3: QRE distributions (solid black), theoretical distributions (dashed red) and actual posted
price distributions (blue dots) and corresponding average prices indicated by the vertical lines for
the case of individually fitted µzN .

6.4 Testing for collusion

In the following we consider several heuristic indicators to evaluate whether or not the large devia-
tions from Nash equilibrium in treatments Tn2 and Tn3 can be rationalized by tacit collusion. There
is a substantial experimental literature on collusion in oligopoly models building on the seminal
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contribution by Davis and Holt (1996). Most experimental tests use a fixed matching of subjects.
As sellers in our case are randomly re-matched we conjecture that tacit collusion in the sense of
coordination on above-equilibrium prices will be very difficult to accomplish.7 Unfortunately, there
seems to be no consensus on what behavior identifies such coordination. The most common op-
erational definition of collusion is therefore the occurrence of a supra-competitive price (see e.g.
Davis, Korenok, and Reilly (2010) and Potters and Suetens (2009)). As we claim that noisy play
can also lead to supra-competitive prices we need to explicitly analyze behavior to distinguish these
different explanations.

A recent study of collusive behavior is Friedman, Huck, Oprea, and Weidenholzer (2015). They
run 1200 period of an oligopoly game. Subjects stay in a partner matching for 400 periods, and
are re-matched twice. Among other things they test for imitating rules based on current and past
behavior of the opponent. With random re-matching in each new period - as in our experiment -
such imitation becomes very difficult. We concur with Kruse, Rassenti, Reynolds, and Smith (1994)
that feasible schemes of tacit collusion should not go beyond simple patterns such as constant
prices or simple rotation schemes. In the following we check several statistics which we believe are
informative about collusive behavior. One advantage of our design is that we can compare these
indicators to the treatments that are close to the equilibrium predictions and for which we therefore
expect a lower degree of collusion, if any at all.

First we check how often sellers individually set the joint profit maximizing price, which is to set
p = 100 (see first row of Table 7). As expected, both in the treatments with and without capacity
constraints this share is decreasing in N . Second, the overall share is quite low (6.6 % on average).
Third, and most importantly, this share is below average for treatments Tn2 and Tn3 . Furthermore,
only few of these individual maximum price decisions resulted in the joint profit maximum (JPM) as
the next row of the table shows. In fact, there are virtually no occurrences of a JPM for treatments
Tn2 and Tn3 .

Table 7: Heuristic indicators of collusive behavior

Tn1 Tn2 Tn3 T c1 T c2 T c3
Share of p = 100 .061 .043 .013 .251 .022 .003

Share of pT = 100 .008 .001 .000 .068 .000 .000
Share of equal prices .025 .021 .016 .087 .040 .061

Repeated prices by subject .158 .267 .128 .344 .411 .433
Repeated prices by market .125 .101 .059 .276 .153 .171

SD of prices by market 17.0 23.2 20.5 11.7 11.3 11.1
CV of total profits within blocks .082 .160 .218 .068 .088 .069

Instead of playing the optimal cooperative strategy, players could simply try to increase profits
by coordinating on an arbitrary price (that yields higher profits than the Nash equilibrium payoffs).
In the third row of Table 7 we report the proportion of equal prices, averaged over all markets and
periods for a given treatment. In the treatments with large deviations (Tn2 and Tn3 ) this share is
very low on average (below 2%). Moreover, it turns out that it is also much lower than in the other
treatments (where it is above 5% on average).

7Explicit tests for the influence of the matching schemes has found significant effects on outcomes. See Orzen
(2008) for an analysis of a Varian-type model and Huck et al. (2001) and Davis et al. (2010) for other oligopoly
models.
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Next, we analyze whether sellers attempt to signal a price to coordinate on by repeating the
same price twice in a row.8 The fourth row of Table 7 shows price repetitions as a share of all prices
set by a subject within a block (averaged over all sellers within a treatment). As subjects switch
markets frequently this translates into a much lower rate when computing the share of repeated
prices for a given market as the subsequent row in the table shows. (price repetitions then can
either be caused by a single subject or accidentally). What is noteworthy is that price repetitions
occur at a lower rate in treatments Tn2 and Tn3 compared to the average over all treatments. This
is also reflected in the larger standard deviation of prices for a given market and seller name for
these two treatments. That is, prices fluctuate more in these treatments, which is likely to be
due to the “strong” discontinuity of demand in these treatments. Thus, there is no indication
of a particularly intense signaling activity for the large deviation treatments. Relatedly, we draw
on the analysis in Friedman, Huck, Oprea, and Weidenholzer (2015) and check whether price
changes are systematically related with the current price. Figures 4 and 5 display the stability
of prices by plotting the probability of a posted price being changed in the current period as a
function of the price posted in the previous period. Each point in the figures represents the average
probability of a price change in the current period given a posted price in the previous period from
bin [0 − 10), [10 − 20), ..., [90 − 100]. The radius of the circles are proportional to the number of
sellers having posted a price in the relevant bin in the previous period. Figure 4 aggregates over all
50 periods of the experiment, Figure 5 aggregates over the last 25 periods of the experiment (when
sellers presumably have had ample time to learn how to collude).

Consider first Tn3 . Most prices in the previous period fall in the range 30 - 60 and the probability
of a price change in the current period is very high for any price posted in the previous period.
There is no sign that posted prices converge towards a specific price bin. The picture remains
largely unchanged whether we consider all periods or only the last 25 periods.

In Tn1 , T
n
2 and T c1 sellers should randomize over a price support in equilibrium. In these treat-

ments the mass of observations lie in the support of the equilibrium strategy and the probability
of a price change in the current period is high for any price posted in the previous period.

In Tn2 most posted prices lie in the bin [30 − 40) (i.e. close to the expected equilibrium price)
while the probability of a price change is at its minimum for posted prices in the bin [20−30). Higher
prices are more volatile. Clearly, posted prices are not converging to a single bin, indicating that
the substantial deviation from equilibrium in Tn2 is not explained by a simple collusive agreement
(for instance to coordinate on the observed average price of roughly 50). Again, the picture is
broadly unchanged whether we consider all periods or only the last 25 periods.

In T c1 most prices lie in the bin [90 − 100] and prices are more stable in this bin than in other
bins. Very few prices are posted in bins below [70 − 80). The picture is consistent with sellers
randomizing on the narrow support of the equilibrium in this treatment.

In T c2 and T c3 sellers should set a single price in equilibrium. In these treatments behavior
is pushed in the direction of the expected equilibrium prices, and if anything this becomes more
pronounced in the last 25 periods of the experiment.

Taken together, the graphs show no sign of effective collusion taking place, in the sense that
sellers manage to stabilize prices at some particular level above the equilibrium of the standard
model. Investigating corresponding graphs block by block confirms the pattern displayed in Figures
4 and 5 (available upon request).

If sellers were successful in establishing and maintaining a collusive arrangement, the incentive
to deviate would become very strong as the experiment progressed towards the end. We therefore

8See Davis et al. (2010) for a test and a discussion of signaling within an oligopoly framework.
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Figure 4: Stability of posted prices treatment by treatment, averaged over the last 25 periods.

Figure 5: Stability of posted prices treatment by treatment, averaged over all periods.

check whether prices fall in the final periods of the experiment.
Table 8 shows the difference between average posted prices in the final period(s) and the imme-

diately preceding period(s). We check for changes in average posted prices between strings of one
and up to and including five periods. Only in 4 out of the 30 cases covered by the table do prices
decrease, and non of these 4 price decreases are significant at conventional levels in a Wilcoxon
signed rank test (using average posted prices of individual sellers as units of observation). In con-
trast 14 of the 26 price increases are significant at the 10 percent level or better. We interpret this
pattern as an indication that collusive arrangements is not likely to explain our data.
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Table 8: Change in posted prices (p-values from Wilcoxon matched pairs tests)
Periods Tn1 Tn2 Tn3 T c1 T c2 T c3
49 vs. 50 11.0

∗∗∗
3.1 -3.8 4.9

∗∗∗
6.8

∗∗∗
1.3

∗∗

(.004) (.517) (.229) (.001) (.005) (.037)
47-48 vs. 49-50 8.0

∗∗
4.2

∗
2.3 .1 2.3 -1.6

(.034) (.076) (.667) (.590) (.114) (.504)
45-47 vs. 48-50 7.3

∗∗∗
7.9

∗∗
3.0 1.0

∗
2.9

∗
-0.6

(.003) (.035) (.453) (.074) (.071) (.827)
43-46 vs. 47-50 4.5

∗∗
4.3 1.0 .6 3.8

∗∗∗
.5

(.011) (.253) (.967) (.653) (.006) (.228)
41-45 vs. 46-50 2.9

∗∗
.7 -2.5 .4 2.9

∗
0.5

(.043) (.750) (.125) (.605) (.065) (.344)

Though we do not believe that sellers are able to coordinate on more sophisticated collusion
schemes (e.g. some complicated rotation between sellers of setting high prices), we can compare
the total profits at the end of the game to check whether sellers managed to share profits within a
block in an equal manner. While a priori any profit distribution could be consistent with collusion
it seems intuitive that in our symmetric setting cooperation should entail an equal sharing of profits
to some degree. The last row in Table 11 reveals that in fact profits are most unequally distributed
within blocks for treatments Tn2 and Tn3 (measured by the coefficient of variation within a block,
averaged over all blocks). Thus, cooperation within blocks seems less likely or at least less successful
in these treatments.

In summary, our heuristic indicators suggest that coordinated price setting seems less prevalent
in those treatments where we would expect it most due to large deviations from the Nash equilibrium
outcomes. In particular, sellers in Tn2 and Tn3 almost never achieve the joint profit maximum.

7 Instructions and screenshots of experiment

xv



xvi



xvii



xviii



xix



xx



xxi



xxii



xxiii



xxiv



xxv



xxvi



xxvii



xxviii



xxix



xxx



References

Burdett, K., S. Shi, and R. Wright (2001): “Pricing and matching with frictions,” Journal
of Political Economy, 109(5), 1060–1085.

Cason, T., and C. Noussair (2007): “A Market with Frictions in the Matching Process: An
Experimental Study,” International Economic Review, 48(2), 665–691.

Davis, D., O. Korenok, and R. Reilly (2010): “Cooperation without coordination: signaling,
types and tacit collusion in laboratory oligopolies,” Experimental economics, 13(1), 45–65.

Davis, D. D., and C. A. Holt (1996): “Consumer search costs and market performance,” Eco-
nomic Inquiry, 34(1), 133–151.

Friedman, D., S. Huck, R. Oprea, and S. Weidenholzer (2015): “From imitation to collu-
sion: Long-run learning in a low-information environment,” Journal of Economic Theory, 155,
185–205.

Kruse, J. B., S. Rassenti, S. S. Reynolds, and V. L. Smith (1994): “Bertrand-Edgeworth
competition in experimental markets,” Econometrica: Journal of the Econometric Society, pp.
343–371.

Lester, B. (2011): “Information and Prices with Capacity Constraints,” The American Economic
Review, 101(4), 1591–1600.

Noussair, C. N., C. R. Plott, and R. G. Riezman (1995): “An experimental investigation of
the patterns of international trade,” The American Economic Review, pp. 462–491.

(1997): “The principles of exchange rate determination in an international finance exper-
iment,” Journal of Political Economy, 105(4), 822–861.

Potters, J., and S. Suetens (2009): “Cooperation in experimental games of strategic comple-
ments and substitutes,” The Review of Economic Studies, 76(3), 1125–1147.

Varian, H. R. (1980): “A Model of Sales,” The American Economic Review, 70(4), 651–659.

xxxi


	Details of the Theoretical Predictions
	Calculations for the expected posted and transaction prices 
	Buyer responses z=c case

	Dynamic regressions
	Treatment regressions
	Buyer behavior
	Seller behavior 
	Coefficients of variation implied by QRE
	Best response with noise 
	QRE estimates with individual noise parameter
	Testing for collusion 

	Instructions and screenshots of experiment

