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Abstract

This paper presents the results of an experimental study of endogenous entry and bidding
behavior in ..rst-price independent private value auctions. In the ..rst stage N potential bidders
simultaneously decide whether to participate in an auction or to claim a ..xed outside option.
At this stage all potential bidders know N, the distribution of possible values, and the value
of the outside option. In the second stage, each entering bidder submits a bid after learning
their own private value for the object and the number of entering bidders. We ..nd evidence of
self-selection exect, as predicted by an equilibrium model of heterogeneous risk averse bidders.
The theoretical model predicts that bidding in the auction will be lower with endogenous entry
because only the less risk averse bidders will choose to enter. We also ..nd that entry decreases
with the value of the outside option, as predicted. There is a signi..cant level ezect in all
treatments, with over-entry relative to the theoretical predictions.
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1 Introduction

This paper presents an experimental analysis of endogenous entry in ..rst-price independent private
value (IPV) auctions. Most of the experimental literature focuses on auctions with a ..xed number
of bidders (e.g., Cox, Robertson and Smith, 1982, Cox, Smith and Walker, 1988). There are two
key ..ndings in the data. The ..rst is that bids are higher than predicted by an equilibrium theory
of risk neutral bidders, which is consistent with risk aversion. The second is that there is signi..cant
heterogeneity, with some bidders bidding consistently higher than others.

A theoretical model with heterogeneous and privately known risk aversion parameters was
developed by Cox, Smith, and Walker (1988), who ..t their model to an experimental data set
with considerable success. That proposed theoretical explanation, heterogeneous risk aversion, has
additional interesting theoretical implications which can be directly tested. Speci..cally, Pevnitskaya
(2001) identi..es a self-selection exect that will arise with heterogeneity in preferences, if there is
an entry choice before the auction occurs. In particular, more risk averse bidders choose not to
enter, while more risk tolerant bidders choose to enter. This self-selection eaect will result in
lower bids compared to auctions with an exogenously ..xed number of bidders. The strength of the
self-selection ezect is increasing in the opportunity cost of entry (Pevnitskaya, 2001).

This paper reports the results of an experiment to test whether this self-selection ecect can
be observed, and, if so, to measure the magnitude of the ecect. The design of the experiment
involves two main treatment variables: the distribution of private values and the value of the
outside option. We also conduct a baseline treatment without an outside option. All of the
comparative static predictions of the theory are supported in the data. We ..nd evidence of the
self-selection exect in all treatments. Bids are consistently and signi..cantly lower in the auctions
with an outside option than in the baseline auctions, controlling for the number of bidders. There
is one surprising ..nding, namely a level ecect in the entry decision. There is over-entry to auctions
in every treatment, compared to the equilibrium predictions. In fact, average pro..t from entering
the auction is signi..cantly less than the value of the outside option.

The model is presented in Section 2. The details of the experimental design are described in
Section 3. Analysis of the data generated by the experiment is presented in Section 4. In Section 5,
we compare our ..ndings with the results from the auction experiments of Cox, Smith and Walker
(1988) and results from other experiments that investigate endogenous entry in common value
auctions (Cox, Dinkin, and Smith, 2001) and in abstract participation games (Goeree and Holt,
2000).



2 The Model

To motivate the experiment, this section compares the equilibrium model of entry with homogeneous
risk averse bidders to the model with heterogeneous risk averse bidders. The model is taken from
Pevnitskaya (2001), which is an extension of a paper by Levin and Smith (1994) to allow for bidder
heterogeneity and risk aversion. A single item is ozcered to a group of N potential bidders. The
orering proceeds in two stages. In the ..rst stage participants decide simultaneously whether to
enter the auction or stay out and claim an outside option payo= w. Before making their entry choice
all potential bidders know the distribution of private values, G(v), which is identical for all bidders,
and the number of potential bidders N. We assume that G has a continuously dicerentiable density
function g, which is strictly positive on the interval [v,7]. In the second stage, each participant :
who chose to enter, learns n, the number of entrants,! and draws an independent private value, v;,
from the known distribution of valuations, G. A ..rst price auction is then conducted, where the
highest bidder wins the object and pays a price equal to his bid. A symmetric perfect Bayesian
equilibrium strategy of this two-stage game is an N +1 j tuple, (¢*, ¥B(¢6)gY_,) where B (¢) is an
equilibrium bidding function, mapping valuations into bids, for the auction game with n entrants
and ¢* is the probability of entering the auction.

2.1 Homogeneous Bidders

The homogeneous bidder case corresponds to a situation where all bidders have the same utility
function, U(x), where z is the payor from the game. This payo= to bidder i is either w, 0, or v; j b;,
depending on whether i chooses the outside option, enters and does not win, or enter and wins,
respectively. Pevnitskaya (2001) characterizes the equilibrium of this two stage game, under the
assumption that there is a unique symmetric equilibrium bidding function in the second stage of
the game, for all n = 1,..., N. Denote by U;(v) the expected utility to an entrant in the (unique)
By equilibrium if she draws a value v, then the expected utility of entering is given by
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YThroughout the paper we refer to entering (or actual) bidders, n, as "bidders."



That is, the ex ante expected utility of entering has to equal the utility of the outside option. For
the rest of the paper we assume a uniform distribution of independent private values over [0, 7].2

2.1.1 Risk neutrality

With this distributional assumption, the equilibrium condition can be expressed in closed form
for several interesting special cases. These special cases are used to calibrate parameters for the
experiment and serve as a benchmark for comparison. First, if all bidders are risk neutral, then
U(z) =z, B(v) = 2=1v and U (v) = #"1 so the condition reduces to:

= Nil w14 . «\N-n U
nz_:l[(nil)(ﬂ (1iq") | =Y (2
With entry, there is a two stage game, where the bidders rationally anticipate bidding in the second
stage, given any number of entrants. Thus, one solves for a sequential equilibrium. For the ..rst-
price sealed-bid auction with independently and uniformly distributed private values from [0, 7] and
risk neutral bidders, the equilibrium condition in the ..rst stage can be written as (2). For a given
number of potential bidders, N, an upper bound, v, and the outside option, w, the equilibrium
de..nes the probability of entry, ¢*, in the auction. This equilibrium probability is de..ned in a way
that the ex ante expected pro..t from participating in the auction is equal to the outside option.
Therefore in the experiment, if there are risk neutral subjects, we expect to observe that the average
pro..t of participating in the auction is approximately equal to the outside option.

2.1.2 Risk Averse Bidders

If bidders are risk averse, then for a family of utility functions which are concave in risk tolerance
parameter, they will bid higher in equilibrium compared to risk neutral bidders. We illustrate the
example of constant relative risk aversion (CRRA), where U(x) = z", » > 0. The linear equilibrium
bidding function is (see Cox, Robertson and Smith, 1982, Cox, Smith and Walker, 1988, etc.):

nil
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where v is the private value of the bidder, n is the number of bidders and r is the risk tolerance
parameter. It is easy to see that this function is decreasing in . This implies that the equilibrium
condition for a symmetric mixed strategy entry equilibrium, ¢, for homogeneous CRRA risk averse

2The general case is treated in Pevnitskaya, 2001.



subjects is:
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The solution is unique for any given r, and the equilibrium probability of entry is increasing in

r (Pevnitskaya 2001). In particular, this implies that the observed entry frequency should be less

than what is predicted by risk neutral model.

2.2 Heterogenous Risk Aversion

Cox, Smith and Walker (1988) oxer evidence that there is heterogeneity in risk aversion in exper-
imental auctions. We assume bidders have utility functions which are concave in risk tolerance
parameter, where the individual risk tolerance parameter of bidder i, r;, be independently identi-
cally distributed from continuous distribution F' over the interval [r, 7], where r _ 0. Each bidder
knows her own risk tolerance parameter, but only knows the distribution of the others. Given any
behavior by the other bidders, the optimal entry rule for a bidder is always a cutpoint. That is, a
critical value of the risk aversion parameter, such that a bidder enters when r; is greater than this
value and otherwise does not enter. Therefore a symmetric equilibrium is characterized by a com-
mon cutpoint rule, »*.2 In equilibrium, the probability of a potential entrant entering the auction
is just the probability that this player’s risk tolerance parameter is greater than »*. Therefore, the
entry equilibrium will have the property that a bidder will enter if r; is such that
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where E [U (7* jn,r;,r*)] denotes the ex ante expected utility to bidder i with coeccient r;
in the Bayesian equilibrium an auction, conditional on exactly n bidders whose risk tolerance
parameter satisfy » > r*. Similarly, a bidder will not enter if r; is such that
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Thus the equilibrium is a cuto= value r; = r* for which the above holds with equality. That is,
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Summarizing, in the entry stage, the equilibrium has only bidders with r; > r* entering the auction,
and potential bidders with r; < r* opting out. Potential with »; = r* are indicerent between

3The analysis in this section is based on Pevnitskaya (2001).



entering the auction or staying out, but they are measure zero and therefore do not acect any
of the calculations.* Therefore bidding in auctions with endogenous participation should be less
aggressive compared to the treatment with ..xed-n auctions. We call this the bidder selection exect.
The equilibrium cut-oo strategy r* is unique and strictly increasing in w (Pevnitskaya, 2001).
Therefore, as the value of the riskless outside option increases, only relatively more risk tolerant
subjects choose to enter the auction. If w increases, then the selection ecect becomes stronger, and
bidding behavior should be less aggressive on average. That is, as w increases, the expected (with
respect to r;) bid, conditional on value, is lower for every value. Our experimental design allows us
to investigate the above results. The next section presents the experiment design and procedures.

3 The Experiment and Experimental Design.

3.1 Hypotheses

The experiment is designed to address the following hypotheses, based on theoretical predictions
of the model of entry with heterogeneous risk averse bidders:

H1 Bidding functions become steeper as the number of entrants increases.

H2 The average pro..t from participating in the auction is greater than the outside option.
H3 Observed bidding is more aggressive than predicted by risk neutral model.

H4 Observed entry frequency is less than predicted by the risk-neutral model.

H5 The entry frequency is decreasing in w.

H6 Bidders exhibit heterogeneity in entry and bidding strategies.

H7 More risk tolerant subjects self select themselves to participate in the auction and therefore
bidding is less aggressive than in the treatment with ..xed n.

H8 As the outside option increases, bidding behavior becomes less aggressive.

As a reference point of the analysis, we consider the predictions of risk-neutral model.

4The equilibrium is characterized by equation 7 as long as 7° is interior, that is 7° € (r,7). Boundary cases are
also possible, when r® = r and all subjects enter the auction (for example if w = 0) or when 7° =7 and all subjects
choose to stay out (for example if w > v). In these boundary cases, equation 7 does not hold with equality.



3.2 Experimental Design

To compare the results of the model with actual decision making, we choose four dicerent sets of
parameters. The three parameters we varied were the number of potential bidders, N, the upper
bound of the distribution of valuations, @,5 and the value of the outside option, w. These parameters
were chosen so that the risk neutral equilibrium entry probability, ¢*, was equal to either 0.5 or
0.35. We refer to the ..rst entry condition as “High” and the second as “Low”® The four sets of
parameters obtained by calibrating the risk neutral model are presented in Table 1.

Parameter set | N | v w Entry Condition
1 6 | 691 |62 | High
2 6 | 416 | 62 | Low
3 6 | 691|103 | Low
4 4 | 382 |62 | High

Table 1. Parameter treatments (Units of v and w are in cents).’

By creating an auction environment with the above parameters, it is possible to address hy-
potheses H1 j H8. For example, by comparing parameter sets 1 and 2 we can identify the exect of
the distribution of values and by comparing 1 and 3 we can ..nd the erect of the outside option on
bidder pro..ts and entry. Set 4 allows us to analyze the exect of the number of potential bidders.
The primary treatment variable is the entry condition, either “High” or “Low,” which is manip-
ulated by varying NNV, the upper bound v, and the outside option w. Parameter sets 1 and 4 are
high entry and parameter sets 2 and 3 are low entry. In addition, two sessions were conducted for
..Xed-n auctions, where there was no outside option and subjects do not make an entry decision.
A secondary treatment variable, not shown in Table 1, is the subject pool. Half of the endogenous
entry experiments were conducted using students from Pasadena City College (PCC) and half were
conducted using students from Caltech (CIT). The ..xed j n auctions used only Caltech students. A
total of 10 sessions were conducted for auctions with endogenous entry and 2 sessions for auctions
with no entry choice, each consisting of 30 rounds. In sessions with no entry choice, 12 subjects
were divided by the computer into groups of 2, 3 or 4, over a sequence of 30 rounds. Subjects were
always told how many bidders there were in their group, before submitting bids. Table 2 presents
the complete sequence and description of the sessions.

°In all sessions, v = 0.
®1f bidders are risk averse, the Nash equilibrium entry frequencies are below .5 for both treatments.
"Experimental currency units were francs, however the exchange rate for all sessions was one franc to one cent.



Subjects | School | N w v | Entry Condition | # of Sessions
12 PCC 6 62 | 691 High 2
12 CIT 6 62 | 691 High 2
8 PCC 4 62 | 382 High 3
12 CIT 6 62 | 416 Low 1
12 CIT 6 103 | 691 Low 2
12 CIT 2,3,4 | NA | 691 ..xed-n 2

Table 2. Parameter Values of Experimental Sessions

3.3 Procedures

The experimental sessions were conducted at the Hacker Social Science Experimental Laboratory
(SSEL), California Institute of Technology, using interactive auction software. All sessions used
volunteers from the population of students at the California Institute of Technology (CIT) and
Pasadena City College (PCC). A student could participate in the experiment only once and in each
session only subjects from a particular school were present.

After all subjects arrived, they were assigned randomly to computer terminals. Instructions were
read aloud, and these instructions contained a complete description of the rules. The key points
of the instructions and experiment protocol are presented next.® Experiment record sheets were
distributed, and subjects were required to record information about each round (values, number
of entrants, etc.) as soon as they received that information. The experiments were conducted
through computer terminals, and silence was maintained throughout the experiment, except during
the instructions. A record of all information decisions in the experiment by all subjects was written
onto a data..le. The rules were the following.

Each experiment consisted of a series of auctions that took place over 30 rounds. In each round,
the subjects were randomly divided into 2 groups of equal size. These groups were re-drawn after
every single round. A separate IPV auction was held for each group in each round.

In each round before the auction began, subjects were given the option to participate in their
group’s auction or not. If they chose not to participate, they received a ..xed payo= for that
round. If they chose to participate in an auction, they were then randomly assigned a private
value for the object in the auction. Each entrant’s value was an independent draw from a uniform
distribution over a speci..ed interval, which was publicly announced to the subjects, and was the
same throughout the whole session. Also at this time (before they make a bid), subjects are also
told exactly how many members of their group decided to participate in the auction. Entrants
recorded this information and then submitted a bid through the computer network.

8Sample instructions of the experiment can be found in Appendix F.



After all bidders submitted a bid, the highest bidder earned the dicerence between his value
and his bid, and other bidders earned zero. In the event of a tie, the computer program randomly
selected one of the high bidders. Non-bidders (who opted out of the auction in that round) earned
the outside option. At the end of the round, everyone in a group (including those who chose not
to enter) was told what the high bid was in their group’s auction and how many subjects in their
group chose to enter. Subjects earnings were added to their balance (losses subtracted) at the end
of every round.

After the instructions, there were four practice rounds to familiarize subjects with the graphical
user interface on their computer. Subjects were also required to answer a brief comprehension
quiz that covers the main points of the experimental rules. Each session lasted between one and
one and one-half hours. When the experiment was over, subjects were paid in cash in private. In
addition to their balance after 30 rounds, subjects were paid a $5.00 show up fee for coming to the
experiment.®

4 Results

Given our design, the results are based on data from 600 auctions with entry, conducted in 10
sessions with 108 dicerent bidders, which provide 3240 individual entry observations, and a smaller
number of bidding observations. In additions there are 120 auctions with ”..xed-n”, using an addi-
tional 24 subjects, which provide 720 individual bidding observations. Each subject participated in
only one session. Four subsections below address particular aspects of our research results: bidding
behavior; test of the self selection ecect; heterogeneity; entry rates; earnings.

4.1 Bidding Behavior and the Selection Exect

This subsection ..rst addresses hypotheses H1 and H3. These two hypotheses state that bidding
functions become steeper as the number of entrants increases and that observed bidding should be
more aggressive than predicted by risk neutral model. Both of these are hypotheses that have been
supported in experiments elsewhere. The graphs of bidding behavior are presented in the ..gure
below.10

Data points in those ..gures are (value, bid) pairs. There is a 45 degree line (bid=value) and
theoretical risk neutral bid line on every graph. One can see quite clearly two things in this graph.
First, the correlation of bids and value is very high. There are just a few outliers, corresponding

°PCC subjects received a $10 showup fee, since they had to come from oa campus. Showup fees were announced
at the time subjects were invited to participate in the experiment.

10Graphs of bidding behavior for all sessions are available in the working paper version of the paper at
http://www.hss.caltech.edu/SSPapers/wpl1172.PDF
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Figure 1: Bidding Behavior

to bids over value or zero (or nearly zero) bids. Second, the relationship between bids and values
is nearly linear, with the slope increasing for larger numbers of bidders. Third, and somewhat less
obvious, there is a slight nonlinearity for higher values. Speci..cally, bidders with very high values
tend to bid a slightly smaller fraction of value than bidders with lower values.

All three of these features of bidding behavior are consistent with the theoretical model of
heterogeneous risk aversion. The declining slope for high values is a feature that is predicted by
that theoretical model.! In particular, the nonlinearity indicates that a simple regression of all bids
on all values will produce biased estimates of the bidding function. The recommended correction
(Kagel, 1995) is to truncate the sample at the maximum value that would be in range of bids for
any risk averse bidder. With n bidders, this requires dropping all observations for which v; > "7*15
The theory predicts that equilibrium bid functions are linear in this range. The results of this

1lgee Kagel (1995).
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estimation, with value truncation, are shown in Table 3, for each of the treatments, each subject
pool, and for each number of entering bidders.!> That table displays, for each case, the estimated
slope of the bidding function and the standard error of the estimate.!3

n | 12 CIT High | 12 CIT Low | 12 PCC High | 8 PCC High | Fixed-n
2 | .68(.047) .53(.054) .71(.105) .64(.049) .80(.029)
3| .83(.042) .71(.025) .83(.038) .71(.031) .87(.018)
4 | .87(.022) .78(.023) .73(.029) .69(.043) .87(.020)
5 | .89(.020) .81(.075) .81(.048) no data no data
6 | .95(.048) 51(.159)* .88(.042) no data no data

Table 3. Slope estimates (*based on only 8 observations)

According to hypothesis H7 in section 3, after entry more risk tolerant subjects will self select
themselves to participate in the auction and therefore the estimated slopes of bidding functions
should be less than in the treatment with .xed n. This is clearly borne out in the data. For
..xed n, we only have data with n = 2,3,4. But for all 12 comparisons between the di=erent entry
conditions or subject pools and the ..xed n trials, the estimated slopes in the entry condition is less
than or equal to the slopes with ..xed n. Second, according to hypothesis H8, as the outside option
increases, more risk averse bidders self-select themselves out of the auction and therefore bidding
slopes are predicted to be lower in the Low Entry condition than in the High Entry condition.
From table 3 one can see that this was indeed the case for all numbers of entering bidders for the
Caltech subject pool (there is no Low Entry treatment for PCC pool). Some, but not all of these
comparisons are signi..cant at the 95% con..dence level. Overall, the data supports both predictions
about a self-selection erect. We conclude that subjects who enter the auction are, on average, more
risk tolerant.

It is also clear from Table 3 that bidding slopes tend to increase with the number of bidders,
although this does not happen as much as would be predicted by the theory. In our data, bidder
responsiveness to the number of entrants is weaker than expected, although there is a clear trend in
the direction of higher bids with larger n. This lack of sensitivity to the number of bidders is most
noticeable in the 8 PCC High sessions.'* Thus the data provides quali..ed support for Hypothesis
H1. Risk neutrality (i.e. b = "T_lv) is easily rejected for the ..xed n data, and even for most of
the individual cells in table 3. The exceptions are the PCC data with four bidders and endogenous

125ee appendix C for additional details.

13Observation with zero bids and with bid exceeding value are also excluded.

14The fact that bidding does not respond to the number of bidders exactly as theory would predict has been
observed in the past. See for example Kagel (1995, pp. 514-15). As far as we know, this anomaly has not been
explained.
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entry, and the Low Entry Caltech data for n = 6. However, in the latter case there were only 8
observations. Thus, H3 is supported in most, but not all treatments.

4.2 Entry

This subsection of the paper analyses the predictions of hypotheses H4 and H5. H4 states that
the observed entry frequency is less than predicted by risk-neutral model. Hypothesis H5 states
that as the outside option increases, the entry frequency is decreasing, i.e. entry in treatment 3 is
less than entry in treatment 1. Table 4 below gives a summary of the entry rates for each treatment.

High Entry Low Entry
CIT: 0.61 (N=720)
PCC: 0.59 (N=720)

8 subjects | PCC: 0.64 (N=720)%°

12 subjects CIT: 0.45 (N=1080)

Table 4. Entry rates

There is a signi..cant reduction in entry frequency in CIT Low Entry treatment compared to
CIT High Entry treatment, supporting hypothesis H5. The table shows that there is over-entry
relative to the risk neutral model predictions of 0.5 for the High Entry sessions and 0.35 for the
Low Entry sessions. Hence we reject hypothesis H4. Comparing High and Low CIT treatments
(..rst row in the table) we can see that there is the same magnitude of over-entry for High and Low
sessions, suggesting a behavioral phenomena. Comparing the High PCC treatments (..rst column
in the table) we can see that there was slightly more over entry when there were fewer potential
entrants. Although there is signi..cantly (p < .05) more entry than predicted by a risk-neutral
model, the entry frequency dropped by 0.16 in treatment 3 compared to treatment 1, which is also
statistically signi..cant (p < .01).

Over time entry frequency is slowly declining towards equilibrium as shown in the ..gures in
Appendix E. Based on a linear regression of entry frequency on time, the slope is negative for all
treatments, and is signi..cant (p<.02) for the three High Entry conditions.®

4.3 Heterogeneity

This section looks at evidence for heterogeneity across bidders and addresses hypothesis H6. The
data shows strong evidence of heterogeneity among subjects, that can be observed through bidding

15\We conducted 3 sessions with 8 subjects to generate the same number of observations as 2 sessions with 12
subjects.
18The ..gures in Appendix E also show the ..tted regression lines for each treatment.
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and entry behavior. Table 5 shows the frequency of ine®cient allocations, i.e. auctions where the
bidder with highest value does not win the auction.

High Entry Low Entry
CIT: 7.7% (8.5%)
PCC: 18.1% (23.3%)

4 subjects | PCC: 16.3% (16.9%)

6 subjects CIT: 13% (13%)

Table 5. Inec¢cient allocations

The percentage of auctions with ine¢cient allocations was obtained after removing bids that
were greater than the value. The actual percentage without such trimming is shown in the brackets.
There is heterogeneity in bidding in all treatments. The heterogeneity can also be observed in entry
decisions. Figure 2 below presents the data on the frequency of entry of individual subjects for
Caltech sessions. The graphs for other sessions are shown in Appendix B.
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Figure 2: Number of subjects over how many times they entered the auction.

There are two spikes at 0 and 30, which supports the prediction of the model that some subjects
will always choose to stay out and other always enter, based on their risk aversion parameter, which
is clearly indicative of heterogeneity. The results of Pearson tests are presented in the table in
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Appendix D. We test the hypotheses whether the observed distribution of entry frequencies (across
subjects) is consistent with a random binomial process that is the same for all subjects. Each
observation is an integer between 0 and 30, corresponding to the number of times a subject can
enter the auction during the 30 round experiment. The hypothesis that the data is generated by
independent draws from the same binomial distribution over 31 categories is easily rejected at any
conventional signi..cance level. Our test statistic is the Pearson statistic, which is given by the sum
of criterion values in the table over 31 categories). In Appendix D, the ..rst line in the table shows
the mean entry rate for the tested binomial distribution and the range of categories (frequencies)
in the test. For example 10 j 20 means that we ..t data only for subjects who entered the auction
between 10 and 20 times.}” The second row presents treatment name, the third row shows Pearson
statistics, and the fourth row shows the con..dence level. As can be observed in the table, we
reject the hypothesis of binomial approximation. The data supports the hypothesis that there is
heterogeneity in entry and bidding. Thus, we ..nd strong support for the heterogeneity hypothesis,
Heé.

4.4 Bidder Pro..t

According to hypothesis H2, the average pro..t from participating in the auction is greater than
the outside option for risk averse subjects (and approximately equal to the outside option for risk
neutral subjects). Given over-entry to the auction, the average pro..ts from entering the auction
are actually lower than the value of the outside option. The graphs in Figures 3 and 4 present
pro..t data from the experiment.

Figure 3 shows actual average pro..t from entering and the outside option. With surprising
consistency in every treatment, subjects forego nearly half of their possible pro..t by entering the
auction. We reject hypothesis H2. Appendix A shows actual and expected pro..ts in auctions for
dicerent numbers of bidders in each treatment. For auctions with n=2 or greater the pro..ts of
entering are consistently less than predicted by the model. The graph in Figure 4 presents pro..ts
in dicerent treatments controlling for number of actual bidders.

It is shown that as the number of potential bidders decreases, the average pro..t from partici-
pating in the auction goes down (compare 12 PCC 0.5 and 8 PCC 0.5). Also average pro..t in the
auction decreased when the entry probability was lowered (compare 12 CIT 0.5 and 12 CIT 0.35).
Low pro..ts are directly related to the over-entry phenomena. Greater entry generates auctions with
higher numbers of bidders, leading to lower pro..ts, on average, for the bidders. For example in the

171f we included all categories, the hypothesis is almost trivially rejected, since we have observations in the tail.
Our test shows that there is signi..cant heterogeneity even among the bidders who enter between 1/3 and 2/3 of the
time.
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Profits in Different Treatments

70 [ Outside Option |
B Actual Average Profit

6CIT0.5 6 PCC0.5 4CITO0.5 6 CIT 0.35

Figure 3: Pro..ts

treatment with 8 PCC subjects, the entry frequencies (and over-entry) are highest and the pro..ts
are lowest. Therefore, one would expect bidders to enter less frequently as they gain experience in
the environment. This happens, as noted in the previous section, but very slowly. We conjecture
that this is due to rather limited feedback and the fact that their entry decisions are randomly
reinforced.'®

5 Comparison to other results

An experiment in private value auctions with a ..xed number of bidders was reported in Cox, Smith
and Walker, 1988 (CSW). That experiment had sessions for both inexperienced and experienced
subjects. Since in this research subjects participated only once, we focus attention only on their
data for inexperienced subjects. They have observations of bidding in auctions with 3,4,5,6, and 9
bidders with uniformly distributed values in all cases. In all of their auctions, the number of bidders
in the auction remained ..xed over all rounds. In addition, there was no random matching protocol,
so in each session the same set of n bidders competed repeatedly against each other, drawing a new

18The dioerence between random versus deterministic reinforcement is a major theme in the operant conditioning
literature. See, for example, Reese (1966) and Reynolds (1975), for a discussion of experiments showing that ran-
dom reinforcement produces more persitent behavior and slower learning compared equivalent levels of non-random
reinforcement.
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Average profit in treatments with 62 outside option

70 -

60 ——12CIT, 0.5 [ |

0 :\ = 12PCC0.5
—a—8PCCO05

40 N ——12CIT0.35 |

ol N
20 \\:\\\
10 N

Figure 4: Average Pro..ts in Dicerent Treatments

valuation for each dicerent auction. Since the set up of the CSW experiment belongs to ..xed-n
design, the bidding should be more aggressive than in our endogenous entry treatments, because
there is no selection ecect. We estimated the slopes of an aggregate bidding functions for their
data, which are shown in Table 6. As before, we truncate the high valuation observations to avoid
the problem of nonlinear bid functions. The last column of Table 6 gives the theoretical slope of the
bidding function in the homogeneous risk aversion model with » = 0.5. The ..rst and second column
gives the estimates from our endogenous entry data and our 'no entry choice™ data, respectively.

n | Entry choice | Fixed-n (CIT) | Fixed-n (CSW) | theoretical » = .5
2 | .64 (.030) .80 (.029) no data .67
3| .78 (.015) .87 (.018) .74 (.017) .80
4 | .80 (.013) .87 (.020) .91 (.009) .86
51.79 (.019) no data .95 (.015) .89
6 | .87 (.019) no data .87 (.012) 91

Table 6. Comparison with CSW data

16



Bids are lower in the endogenous entry treatments than in the in ..xed-n treatments for all n, in
both the CIT and CSW data, with the exception of the CSW data for n = 3.19 Bids were also lower
than the theoretical equilibrium bids for the model of homogeneous risk averse bidders, evaluated
for » = .5, which is approximately what is estimated in Goeree, Holt, and Palfrey (2002). Bidders in
sessions with a ..xed number of participants in the auction are responsive to the number of bidders,
with the one exception being in the CSW data, where the bidding slope with n = 5 is higher than
the bidding slope with n = 6. To our knowledge, this anomaly has never been explained, except
possibly as a statistical artifact.?°

The surprising result of this paper is the observation of systematic over-entry. There is mixed
evidence from other experiments. Looking at data from a variety of dicerent entry games, Goeree
and Holt (2000) ..nd that if the Nash equilibrium probability of entry is below .5 there tends to be
over-entry relative to the Nash equilibrium. They prove that this can be accounted for theoretically
by quantal response equilibrium (McKelvey and Palfrey 1995). In our design, since bidders are risk
averse, then the Nash equilibrium probability of entry is below .5 for both our low entry and high
entry treatments. Thus, over-entry in our data is consistent with data from these other experiments
and is consistent with the direction of theoretical predictions of quantal response equilibrium.
Second, our observation of over-entry is the opposite of what was found in an experimental study
on entry in common value auctions by Cox, Dinkin and Smith (2001), where they observed under-
entry relative to the risk neutral prediction.?® This may seem contradictory, but in fact it is
consistent with the Goeree and Holt’s (2000) quantal response equilibrium predictions. The reason
is that in all of the common value entry experiments, the predicted entry rates were greater than
.5. Goeree and Holt’s results suggest that in this case one would expect under-entry relative to the
Nash equilibrium. Thus quantal response equilibrium can explain simultaneously the qualitative
..ndings of over-entry in our experiment and under-entry in Cox, Dinkin and Smith (2001).22

Another possible explanation that has been suggested to us is based on relative payox utility
functions. For example Morgan, Steiglitz and Reis, 2001, examine a standard independent private
value model, but assume that subjects maximize the weighted dicerence between their own expected
payoa and the expected payoo of the rival. In this setup subjects could enter the auction to "cut-
down” pro..ts of other participants. While we have not worked out the theoretical details, it is
conceivable that this could lead to over-entry. However, their model is inconsistent with our strong

19CSW conjecture that their low slope estimate for n = 3 was due to an unusual feature of their design. It is also
possible that there was some collusion, since their design used repeated auctions with the same group of 3 subjects.

20K agel (1995) also points out this reversal (based on the analysis of individual bidding function), but o=ers no
explanation.

21 evin and Smith (2001) also do not report over-entry, however they eliminate bidding stage in the design and just
pay entering subjects the expected RNNE payoa conditional of n entrants. In their treatment all entering subjects
get the same payos (there are no valuations, bids and winners).

22However, quantal response equilibrium cannot account for the ..nding that entry frequencies are greater than .5
in our high entry treatment.
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self-selection results. The reason is that a heterogeneous version of their rivalistic model would
also yield a selection erect, but one that works in the opposite direction. That is, more rivalistic
bidders would tend to enter, generating more aggressive bidding, and less rivalistic bidders would
opt for the outside option. This would lead to a reversal of hypothesis H7, which is not consistent
with our ..ndings.

Yet another explanation might be that not participating is boring, and entering the auction
provides some entertainment value that is not su€ciently ooset by the monetary incentives. This
can be tested by comparing these results to an otherwise identical experiment, except one where
the outside option is a game. That is rather than simply having the non-entering subjects sit and
do nothing, they are asked to participate in a strategic decision making problem. We conducted
two sessions if this kind, using Caltech subjects, where the outside option was to play a low-risk
version of the paper-scissor-stone game against a computer.?® All parameters remained the same
as in the CIT High Entry treatment and the expected payo= from playing the game is 62 as well.
While the entry rate did decline signi..cantly from 0.61 to 0.54 (p=.00), it is still above the risk
neutral entry levels. Interestingly, bidding slopes in this treatment are lower than in High Entry
CIT treatment, which is consistent with the self-selection hypothesis.

6 Conclusions

This paper presented an experimental study of endogenous entry in ..rst price independent private
value auctions. The main objective of the paper was to test whether there is a self selection
ecect that implies lower bidding if there is endogenous entry, compared to standard models that
assume exogenous entry. To the extent there is such an exect, it could have important implications
for auction design, the use of entry fees, competition between auctions and retail (..xed) pricing
mechanisms, and so forth.

The key ..nding from our experiment is that the data support the self selection hypotheses.
In all treatments with endogenous entry, entering bidders bid less aggressively, when compared to
bidders in auctions with ..xed number of participants. The experimental design addresses several
other hypotheses. One of the treatments allowed us to investigate the ewect of increasing the
outside option on entry choice. The results of this treatment are consistent with the theoretical
prediction that the cut-oo” value of the risk tolerance parameter increases with the outside option.

235ubjects had to choose a row in the following game:

62, 62 | 63, 61 | 61, 63
61, 63 | 62, 62 | 63, 61
63, 61 | 61, 63 | 62, 62
where the computer chose a column randomly.
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It was consistent in two dicerent ways: (1) entry frequency decreased; and (2) bidding became less
aggressive than with a lower outside option. The paper shows evidence of heterogeneity in entry
decisions and bidding. A surprising result of this study, which occurred in every treatment, is
over-entry compared to predictions of both the risk averse and the risk neutral models. In contrast,
under-entry has been observed in some entry games and in a recent experiment on endogenous entry
in common value auctions. These apparently contradictory ..ndings are qualitatively consistent
with quantal response equilibrium, which predicts over-entry when the Nash equilibrium entry
frequencies are below .5 and under-entry when the Nash equilibrium entry frequencies are above
.5. However, the magnitude of over-entry in our experiment is su€ciently great that it cannot be
fully explained by quantal response equilibrium. Some additional factor must be present to explain
entry frequencies above .5. Entry level declined signi..cantly when the outside option was a simple
game. Additional experimentation of equilibrium entry in dicerent economic and game-theoretic
contexts may be helpful in leading eventually to a more complete explanation of this phenomenon.
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Appendix A. Profits.

140.0

Profits in sessions: 12 CIT, q=0.5, 62, [0, 691]

O Expected risk neutral profit
B Actual profit
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Number of bidders

Profits in sessions: 12 PCC, q=0.5, 62, [0, 691]

O Expected risk neutral profit

B Actual average profit

4
Number of bidders

Profits in sessions: 8 PCC, q=0.5, 62, [0, 382]
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Appendix B. Number of Subjects Entering the Auction at a Given Frequency
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Appendix C. Estimated bid-function slopes (OLS)
(Observations with bids exceeding value, zero bids and data for non-liner part of
bidding functions are excluded)

Treatment Number In Slopel Std. Errorl N obsl R®
12 CIT g=0.5 2 0.680 0.047 15 0.94
3 0.830 0.042 47 0.90

4 0.870 0.022 102 0.94

5 0.888 0.020 125 0.94

6 0.949 0.048 18 0.96

12 CIT g=0.35 2 0.527 0.054 56 0.64
3 0.714 0.025 107 0.87

4 0.783 0.023 97 0.93

5 0.805 0.074 27 0.82

6 0.513 0.159 8 0.63

12 CIT g=0.5 2 0.664 0.038 44 0.88
game 3 0.691 0.027 132 0.84

4 0.756 0.032 120 0.83

5 0.816 0.034 75 0.89

6 0.946 0.121 18 0.79

12 PCC g=0.5 2 0.710 0.105 20 0.72
3 0.833 0.038 72 0.87

4 0.734 0.029 123 0.84

5 0.820 0.048 51 0.86

6 0.876 0.042 32 0.93

8 PCC g=0.5 2 0.635 0.049 64 0.73
3 0.708 0.031 125 0.81

4 0.693 0.043 77 0.78

Fixed-n 2 0.801 0.029 129 0.86

3 0.866 0.018 160 0.94

4 0.869 0.020 173 0.92

Cox, Smith, Walker 3 0.740 0.017 229 0.89
4 0.906 0.009 1007 0.91

5 0.949 0.015 232 0.95

6 0.869 0.012 324 0.94




Appendix D. Pearson chi-square test of goodness of fit in discrete

distributions.
Rows: Frequency of entering the auction.
Columns: Confidence level for acceptance in each treatment
Result: the hypothesis of binomial distribution is rejected with 99% confidence level
24 subjects in each dataset

g=0.59 (10-20) g=0.57 (10-20) g=0.59 (10-22) g=0.45 (8-20)
12CIT .5 12PCC .5 8PCC .5 12CIT .35
Pearson criteria: 10.09 11.48 11.75 15.65
Confidence level for acceptance:
Entry frequency 459, 35% 50% 25%,

0 286320878.03 0.00 0.00 1709292.18
1 0.00 0.00 0.00 278547.64
2 0.00 0.00 0.00 0.00
3 0.00 0.00 1424104.79 6912.05
4 0.00 48782.26 586445.50 137.19
5 0.00 28305.35 0.00 0.03
6 0.00 0.00 0.00 80.47
7 0.02 0.00 0.00 1.71
8 0.05 71.99 0.01 0.14
9 23.30 20.87 43.53 1.38
10 0.35 0.12 0.07 0.06
11 0.72 0.29 0.17 1.80
12 0.06 0.62 0.92 2.77
13 1.99 0.67 0.79 1.93
14 0.03 0.02 0.10 5.13
15 0.50 2.58 2.12 0.49
16 3.47 0.45 2.85 0.09
17 1.53 1.78 1.68 0.74
18 1.01 3.35 1.80 0.10
19 0.41 1.16 0.01 0.71
20 0.02 0.45 0.92 0.32
21 18.31 1.29 0.31 6.20
22 1.77 0.70 0.00 22.18
23 31.60 8.73 23.85 0.01
24 25.01 6.15 2.88 0.00
25 97.68 23.26 0.07 7236.99
26 0.00 0.01 46.85 46016.53
27 0.00 0.00 227.04 379665.33
28 0.00 3545.04 0.00 0.00
29 0.00 38797.69 59869.59 19188923.45
30 31158217.59 3512388.81 312051.03 0.00




Appendix E. Entry Frequency over Time.
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Entry Frequency = Number of Bidders/ Number of Potential Bidders

Treatmen Slope Std. Error t Stat P-value** Intercept Std. Error t Stat P-value**
High Entry  -0.00347 0.00136 -2.556 0.02 0.665 0.0241 27.615 0.00
4PCC.5 -0.00146 0.00203 .0.722 0.48 0.659 0.0360 18.298 0.00
6 PCC.5 -0.00403 0.00216 -1.867 0.07 0.653 0.0383 17.023 0.00
6CIT .5 -0.00490 0.00234 -2.097 0.05 0.683 0.0415 16.450 0.00
6 CIT .35 -0.00071 0.00144 -0.494 0.63 0.464 0.0255 18.158 0.00

* Includes all 3 treatments with High Entry Condition

** Shows the significance level. For 95% significance level P-value <0.05




Appendix F.
INSTRUCTIONS

Welcome to the Experiment. Please do not do anything with the computer equipment until you are
instructed to. Please put all of your personal belongings away, so we can have your complete attention.

<WAIT FOR SUBJECTS TO PUT BELONGINGS AWAY >

This is an experiment in decision making, and you will be paid for your participation in cash, at the
end of the experiment. Different subjects may earn different amounts

The entire experiment will take place through computer terminals, and al interactions will take place
through the computers. It isimportant that you not talk or in any way try to communicate with other subjects
during the experiment. If you disobey the rules, we will have to ask you to leave the experiment.

We will start with a brief instruction period. During this instruction period, you will be given a
complete description of the experiment and will be shown how to earn money and how to use the computers.
If you have any questions during the instruction period, raise your hand and your question will be answered so
everyone can hear. If any difficulties arise after the experiment has begun, raise your hand, and an
experimenter will come and assist you.

We will now pass out the experiment record sheets, on which you will record all of the results from
the experiment. When you receive a record sheet, please write your name and social security number on top
of the sheet. Raise your hand if you need a pencil.

<EXPERIMENTER PASS OUT EXPERIMENT RECORD SHEETS AND PENCILS>
<WAIT FOR SUBJECTS TO RECORD INFORMATION>

The experiment will consist of a series of auctions that take place over _ rounds. There are
participants today and in every round all subjects will be randomly divided into _ groups of __ person
each. A separate auction will be held for each group in each round. A single object is offered in each of these
auctions. In each round, before the auction begins, each of you will have the choice to participate in the
bidding in your group’s auction or not. If you choose not to participate in the auction, which we call the
“OUT” option, you will receive afixed payoff of _ francs for that round. For this experiment, each franc
is worth exactly one cent, so this is equivalent to a payoff of cents. If you choose to participate in the
auction, which we call the “IN” option, you will place a bid for the object. In each auction the object will be
awarded to the highest bidder, with ties broken randomly.

To be more specific, if you choose to participate in your group’ s auction in around, you will be
randomly assigned a value for the object in that auction. Y our value is the amount the object is worth to you.

Y our value will be determined by arandom draw from __ to _ francs, with any value in between being
equally likely. Therefore, different bidders will usually be assigned different values for the same object. You
will be told your value before you make your bid, but you will not be told the value of the object to any other
bidder in the auction. All you know isthat each of their valuesis equally likely to be any number between
__and__ francs. You will betold at this time exactly how many members of your group have chosen to
participate in the auction. This number will be between 0 and . If the number is 1 it means you are the only
bidder, if the number is 2, there is one more bidder besides you and so on.

After each bidder finds out their own value, you will place your bid. The bid must be between
and ___ francs. The object goesto the highest bidder. After all bidders have entered abid, everyoneistold
what the high bid was for their group’ s auction. In the event of atie the computer program will randomly
choose which high bidder winsthe abject. If you win the object, your earnings are determined by subtracting
your bid from your value. If you do not win the object, you earn zero in this auction. Notice that if you bid
above your value and win an auction, your earnings will be negative and will be subtracted from your total. In
order to have positive earnings your bid should be less that your value.

<OVERHEAD: >

<Record Sheet Overhead>
In the record sheet provided, if you choose to enter the auction you will record information about your
value, your bid and number of bidders (columns 3, 4, 5) as soon asit is given to you. If you choose not to enter
the auction mark column 2 with an “X"”. In every round you need to record the number of biddersin the



auction, the winning bid, your earningsin that round, and your cumulative earnings. Y ou must do this even
when you did not participate in the auction. Be sure to record all this information before proceeding to the
next round.

We will conduct auctions like thisover asequenceof _ rounds. At the beginning of each round,
you will be randomly re-grouped by the computer, and you will not be told who isin your group in any round.
If you choose the “IN” option in several different rounds, your assigned value will usually be different, since
they are reassigned every time by the random procedure. Y our cash earnings for the experiment will be
determined by adding up the earnings for each round. In addition you will be paid a $5.00 show up fee for
coming to the experiment.

<BEGIN COMPUTER INSTRUCTION SESSION>

We will now begin the computer instruction session.

Please lower your chairs to the lowest position, and pull out the dividers as far as they will go. This
ensures your privacy and the privacy of others in the experiment. During the computer instruction session, we
will teach you how to use the computer by going through four practice rounds.

GET THEIR ATTENTION BEFORE READING THIS: Do not hit any keys until you are told to
do so, and when you are told to enter information, please type exactly what you are told to type. You are not
paid for these practice rounds.

Please click on the “Practice” icon to begin the computer program. We will now start the first practice
round. For this practice round, we will have al subjects make the same choices. And we will tell you exactly
what to do. In the real experiment you will all make your choices on your own.

Please enter your player number on the computer screen when prompted, and click OK. Your player
number is written on the record sheet. Raise your hand if you need help getting started. Please wait for further
instructions.

<WAIT FOR SUBJECTS TO ENTER NUMBER>

Please click once and wait. Y ou now see the first experiment screen. Y ou have a choice of entering
the auction and participating in bidding (the “In” option) or not entering and getting specified payoff of
francs (the “Out” option). Will all subjects now select the “IN” option.

<WAIT FOR SUBJECTS TO CLICK ON THE APPROPRIATE OPTION>

After everyone has made a decision, you will see the screen that shows the number of bidders who
have chosen to participate in your auction and your value for the object in francs. Please record this
information in the first row labeled “Practice”. Since everyone was told to choose the “IN” option in this case,
the number of bidders should be . Does everyone see it? In the real experiment, it could be any number
from__ to___ depending on how many members of your group in that round choose the “IN” option.
Thereisadiding scale below that allows you to choose a bid. Remember that your bid is subtracted from your
value to determine your earnings if you win the auction. By moving it with the mouse right or left you can
specify amount of the bid which is shown above the scale. You may change your bid one cent at a time by
clicking on either the right or left arrows and the two ends of the scale. Please use the mouse to practice
moving the scale left and right, and then choose a bid. Click to submit when you decide this is the bid you
wish to make.

<WAIT FOR SUBJECTS TO SUBMIT CHOICE,CHECK THE BIDS >

Y ou now see the screen with the outcome of the auction. It shows your value, the number of bidders,
your bid, the maximum bid and whether you have won the auction. The lower part of the screen shows your
profit for this auction and your cumulative earning. Your cumulative earnings include this round and all
previous rounds. Please record this information on your experiment record sheet in the first row labeled
“Practice”. Note that you leave column 2 blank.

<WAIT FOR SUBJECTS TO RECORD OUTCOME>

Y ou are not being paid for the practice session, but if this were real experiment, then the payoff would
be money you have earned from this first round, in cents. We will now proceed to the second practice round.
Please click the “ Continue” button at this time.

<THE SECOND PRACTICE ROUND STARTS>

Y ou have been randomly reassigned into new groups of __ for this second practice round. Remember
that you are regrouped after every single round. Will all subjects choose the “Out” option at this time.

<WAIT FOR SUBJECTS TO CLICK ON THE APPROPRIATEOPTION>



Since nobody chose the “IN” option, the auction is over immediately. Y ou now see the screen that
shows number of bidders in the auction (0) and the maximum bid (0). Your earnings for this round are ____
cents. Your cumulative earnings for the two practice rounds are also shown. Please record this information on
your experiment record sheet in the second row labeled “PRACTICE”.

<THE THIRD PRACTICE ROUND STARTS>

We will now proceed to the third practice round. Please click the “Continue” button at this time. Will
al subjects with numbers 1-6 choose “In” and subjects with numbers 7-12 choose “Out”. Please make your
decision.

<WAIT FOR SUBJECTS TO CLICK ON THE APPROPRIATEOPTION>

If you have chosen the “In” option, record the number of bidders and your value and then go ahead
and make your bid. If you have chosen the “Out” option, please wait for the end of the auction.

<WAIT FOR SUBJECTS TO SUBMIT CHOICE>

When the auction is over, record remaining information for this third round, but do not proceed to
next round.

<WAIT FOR SUBJECTS TO RECORD OUTCOME>
In the next practice round you will be asked to choose the opposite option from what you have chosen in the
third round. Please click “Continue” button at thistime.
<THE FOURTH PRACTICE ROUND STARTS>
Subjects with numbers 1-6 please choose “ Out” now. Subjects with numbers 7-12 please choose “In” now.
<WAIT FOR SUBJECTS TO CLICK ON THE APPROPRIATEOPTION>
Please record the number of bidders and your value and make your bid.
<WAIT FOR SUBJECTS TO SUBMIT CHOICE>
When the round is over please record the rest of information in the fourth row labeled * Practice”.
<WAIT FOR SUBJECTS TO RECORD OUTCOME>

Please click the “Continue” button at this time. This concludes practice rounds. The computer screen
now indicates your total payoff for the two practice rounds. You will not be paid for these practice rounds;
thisis the amount you would have earned for these rounds if they were rounds in the actual experiment.

Are there any questions?

<EXPERIMENTER TAKE QUESTIONS>

We will now pass out a short quiz that reviews the rules of this experiment. Please take a minute to fill the
answers. Place the quiz face down on your monitor when you have finished.

<EXPERIMENTER PASS QUIZ CLEAR SUBJECTS SCREEN, WAIT FOR SUBJECTS TO ANSWER>
<EXPERIMENTER GOES OVER THE QUIZ>

O.K., then we will now begin the actual experiment. If there are any problems from this point on, raise
your hand and an experimenter will come and assist you in private. |severyone ready?

Okay, we will now begin round number 1. Please click on the “Auction” icon to begin the program. Do not
click on “Practice’. Please enter your player number when prompted by the computer. Remember to record all
the information in each round on your record sheet before continuing on to the next round.

< START EXPERIMENT >

The experiment is over. Please record your total earnings in the record sheet and wait. We will call you to be
paid in the order of your subject number. Please do not use computers or talk with the other subjects while you
are waiting. Thank you for your participation.



