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1 Introduction and motivation

Why do laboratory subjects with independent privately-known (IPV) values bid
higher than the risk-neutral Nash equilibrium (RNNE) prediction in sealed-bid
first-price (SBFP) auctions? The fact that they do is not in question. This result has
been replicated numerous times by different researchers at different laboratories
and under a variety of environments. However, the reason for such overbidding
remains unclear.

This question is of more than purely academic interest. For some time now,
auction theory has been used in designing real world auctions and exchanges.
Important examples include the FCC auctions of spectrum licenses (Rothkopf
et al. 1998) electric power auctions, auctions for transportation services (Led-
yard et al. 2002), and procurement auctions used for such applications as sell-
ing excess inventory and determining prices for newly-introduced products (Ke-
skinocak and Tayur 2001). Since the quality of the resulting auction designs
depends on the predictive ability of the theory, we need a good predictive
theory.

The single unit SBFP auction is a very simple mechanism, and IPV is the sim-
plest possible setting. Being able to understand bidding behavior in this environ-
ment may provide a fundamental building block to understanding more complex
situations. A better understanding of what contributes to overbidding in simple
SBFP auctions can also provide insights into what might happen in more complex
auctions that have some SBFP flavor to them. Examples include the multi-unit
uniform-price auctions used by the United States Treasury, descending-bid “Dutch”
auctions used in Holland to sell flowers (Katok and Roth 2004), sealed-bid auc-
tions for major construction projects, timber auctions, and procurement auctions
in general.

Common explanations for overbidding in SBFP auctions fall roughly into three
categories: risk aversion, inter-personal comparisons, and learning. In general,
assuming bidders to be risk averse can explain observed behavior in SBFP auctions
Cox et al. (1988). However, risk aversion cannot explain the observed laboratory
data in several other auction-type settings, such as the third-price auction studied
by Kagel and Levin (1993), the random-price auction studied by Cason (1995),
and the comparison between behavior in the SBFP auctions and the Becker—Deg-
root—Marschak (BDM) procedure (Becker et al. 1964) studied by Isaac and James
(2000). In his review article, Kagel (1995, p. 525) suggests that *- - -risk aver-
sion is one element, but far from the only element, generating bidding above the
RNNE- - - in SBFP auctions. In this paper we examine other factors of potential
importance.

The second class of explanations for overbidding in SBFP auctions considers
inter-personal interactions and comparisons. Isaac and Walker (1985) found that
the amount of overbidding relative to the RNNE decreases in four-bidder auctions
when the feedback provided at the end of the auction includes all the bids. They
suggest that implicit collusion among the bidders may be responsible for the shift.
Ockenfels and Selten (2005, p. 156) observe a similar result in two-person auctions.
They propose a direction learning explanation, the impulse balance equilibrium,
that they interpret ““- - - as a measure of concern for relative standing”. Dufwenberg
and Gneezy (2002) report a similar shift in common-value auctions. They attribute
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this to signaling behavior. Morgan et al. (2003) develop a theoretical model of
“spiteful bidding” in which - - -a bidder cares not only about her own surplus
in the event she wins the auction, but also about the surplus of her rivals in the
event she loses---” (p. 1). They predict overbidding in SBFP as well as in the
sealed-bid second-price auctions. However, such theories require inter-personal
comparisons and, therefore, cannot explain similar behavior by subjects who were
bidding against computerized rather than human competitors.

Selten and Buchta (1998) advance a third type of explanation for the observed
behavior in SBFP auctions based on learning direction theory (Selten and Stoeker
1986). They note that bid functions tend to be non-linear and unstable over time.
Neugebauer and Selten (2006) analyze and test this further. They find that most
of their subjects adjust their bids in a way consistent with the learning direction
theory. Learning direction theory speaks to the direction in which bids are likely
to be adjusted over time, based on feedback. It implies convergence to the impulse
balance equilibrium (Ockenfels and Selten 2005; Neugebauer and Selten 2006) —
essentially, the learning stops when the propensity to increase a bid balances with
the propensity to decrease it. The specific impulse balance point depends on the
relative strength of those propensities. However, it does not offer any explanation
for initial overbidding.

Engelbrecht-Wiggans (1989) examines the effect of regret on bidding, suggest-
ing that a bidder’s utility depends not only on profit, but also on various forms of
regret. For example, the winner in a SBFP auction typically pays more than the
highest competitors’ bid, thereby leaving money on the table (MLOT). Similarly,
at the RNNE, the winner in a third price auction sometimes wins at a price higher
than his value for the item (see Kagel and Levin 1993); the item is won at an unfa-
vorable price (WAUP). In either case, the winner may regret having bid so high.
Alternatively, the winner’s price may be below some losing bidder’s willingness
to pay. In this case, the loser has missed an opportunity to win (MOTW) the object
at a favorable price, and may regret having bid so low. When deciding on the bid
amount, a bidder may be sensitive not only to the expected profit, but also to the
expected amount of each type of regret. Note that the direction in which regret influ-
ences bids in a dynamic setting, corresponds to Selten’s learning direction theory.
The learning direction theory, however, only predicts how bids change from one
period to the next. In contrast, regret theory focuses on the equilibrium and on how
changing the relative weight on different types of regret affects the equilibrium.
Specifically, (Engelbrecht-Wiggans 1989) shows that the more heavily that bid-
ders weight MOTW regret relative to MLOT regret, the more the equilibrium bids
in a SBFP auction will exceed RNNE bids — concern for MOTW regret leads to
overbidding.

A laboratory experiment that can distinguish between risk aversion and regret
would provide a tough test of the regret theory if the regret theory predicts a shift
in some treatments, while risk aversion does not. Simultaneously, the experimental
setting should control for inter-personal interactions in order to be able to rule out
such explanations as collusion, spite, and social utility in general. ! The Neugebauer
and Selten study provides a version of this kind of a test, although their experiment

! That is not to imply that those explanations do not have validity, especially in practical set-
tings. However, since our stated goal is to separate the regret and risk aversion explanations,
inter-personal interactions would confound the test.
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was designed for a different purpose, and we will discuss regret theory in relation
to their data in Sect. 3. We also present analysis of our own experimental data
that was collected independently and roughly concurrently, and shares some key
design characteristics with Neugebauer and Selten. The Neugebauer and Selten
experiment, as well as our own, attempts to manipulate directly the MLOT and
MOTW regret weights by either displaying or hiding the information needed to
compute the amounts of each type of regret at the end of the auction. Both designs
control for inter-personal interactions by having one human bidder compete against
computerized opponents in all treatments.

Such experiments actually include an auxiliary hypothesis: How people feel
about regret can indeed be manipulated through information. Strictly speaking,
these experiments test regret theory together with the auxiliary hypothesis. How-
ever, this does not decrease the strength of the test. If the shifts predicted by regret
theory are observed, then the data is consistent with the regret theory and the auxil-
iary assumption jointly. If the shifts predicted by the regret theory are not observed,
then the implication is that either the regret theory or the auxiliary hypothesis fails
to hold.

The next section presents new theory needed to provide theoretical bench-
marks and to form specific hypothesis for the proposed setting. As one might
expect, the results for how regret affects a bidder’s best bid when bidding against
a fixed distribution of bids have a similar flavor to those for equilibrium bids.
However, since bidding against a fixed distribution of bids is a simpler problem
mathematically than equilibrium bidding, we are also able to generalize these
results in several directions. We extend the theory to model the a general sealed
bid “kth price” auction, which allows us to obtain qualitative predictions for the
third price auction studies by Kagel and Levin (1993) and the random price auc-
tion studies by Cason (1995). In section three we analyze several different sets
of data for which we can obtain quantitative predictions from the regret model.
A straight-forward adaptation of the regret model to the BDM procedure allows
us to demonstrate how regret theory organizes the Isaac and James (2000) data.
We then proceed to summarize data in the Neugebauer and Selten (2006) and our
own Engelbrecht-Wiggans and Katok (2006) experiments that manipulate feed-
back information, and find all treatment effects to be consistent with the regret
theory. In section four we summarize the contributions of this paper and further
discuss the results.

2 The effect of regret in auctions
2.1 The basic results

Assume that a single unit of some product will be sold using a typical SBFP auc-
tion. Each of n bidders makes a bid greater than or equal to the reservation price
r. The highest bid wins, and the winning bidder pays his bid.

Consider the problem from the perspective of any one bidder i. Assume that
bidder i has a privately-known value v. Let b denote that bidder’s bid, and let z
denote the maximum of the other n — 1 bidders’ bids. Assume that z is indepen-
dent of v, has support [A, B] with r < A < B, has a cumulative distribution
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function F(z), and has a density dF(z) on (A, B].? Also assume that dF (z)/F(z)
is a non-increasing function of z on [ A, B]. In the experimental settings that we
are modeling, one human bidder competes against opponents programmed to bid
according to the RNNE, so their bids satisfy all our assumptions.

Assume that bidder i is risk-neutral, but several factors enter (additively) into
the utility that she derives from the outcome of the auction. On winning, bidder
i realizes a profit (or loss) of v — b . Additionally, i may suffer from one of two
possible types of regret. MLOT: If i wins, then she regrets leaving an amount of
money b-z “on the table” and we assume that her utility suffers by an amount
ao + a1(b — z) where o; > 0. MOTW: If i loses and the highest other bid sat-
isfies the inequality b < z < v, then bidder /i missed an opportunity to win at a
favorable price and we assume that his utility suffers by an amount 8y + 81 (v — z)
where Bo, 1 > 0.3 In other auction-type settings, such as the third or the random
price auctions, the winner may end up paying more than her price. This creates
the possibility for a third type of regret, the regret associated with winning at an
unfavorable price (WAUP). We discuss such auctions in Sect. 2.4.

Now, let U (b; v) denote the ex-ante expected utility to a bidder i who has a
value v for the object and bids b. Then, for b < v,

Ub;v) =@ —-Db)F(b) — / [ato + i (b — 2)[dF (z]z < b)F(b)

z:2<b

- / [Bo + B1(v — 2)]dF (z|z = b)(1 — F (D)),

z:hb<z<v
which simplifies to
U;v) =(—D)F () — / [ap + a1 (b —2)]dF(2)
z7:2<b

—/ [Bo + B1(v — 2)]dF (2), ey

zb<z<v

and for b > v,

U:v) =@ —=Db)F(b) - / [ + o1 (b — 2)]dF (z|z = D)(1 — F(D)).

z2:2<b

2 In other words, 7 is a continuous random variable except that it may have positive probability
of being equal to A. Thus, we allow for the possibility that there is a positive probability of the
others bidding equal to the reservation price r if A = r. In general, if Pr (z = A) > 0 (or,
equivalently, F(A) > 0), then interpret dF (A) to be infinite. For expositional ease, we assume
a compact support. However, all the results go through with minor modifications if the support
has gaps in it; in this case, for example, we need d ' (z)/ F (z) to be a non-decreasing function of
z for all z within the support, and in the subsequent theorem all points in a gap may satisfy the
required condition of that theorem, in which case the claimed “unique” solution would be the
largest z below the gap.

3 The expressions ag + a1 (b — z) and By + B1(b — z) may be thought of, and motivated, as
the first two terms of the Taylor series expansion of some more general function of b — z. Since
we allow o to be negative, this constant can include any pleasure derived simply from winning.
Note that if «g is sufficiently negative, then bidders may want to bid in excess of their value.
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which simplifies to

Ub;v)=w—-Db)F(b) — / [y + a1 (b — 2)]dF (2).
z7:2<b

Note that each of the regret terms in the above expressions correspond to the
amount of the expected regret if it were calculated ex-post to the bidder learning
what the next best bid turned out to be. This gives us the following:

Observation 1 (Utility independent of information): For fixed parameters g, o1,
Bo and B, the expected utility of bidder i is independent of whether bidder i cal-
culates the expected utility with or without knowing what the next highest bid was,
with knowing it only if someone else wins, or with knowing it only if she wins.

Note however, the bidder’s parameters may change as the information provided
to the bidder changes. For example, changing what information bidder i observes
may affect how conscious i is about money left on the table and/or missed oppor-
tunities to win and the relative weights that i places on each type of regret. The
above observation does not preclude this.

The optimal bid *(v) for bidder i — the best reply by i to the other bidders
when i has a value of v — may be characterized using the first derivative of the
previously derived utility function:

dU (b; v)
— = [+ + I+ W=H)IAF (b)~(I+a)F(b) for b < v, and
% = [+ (v — B)IdF(b) — (1+a)F(b) forb > v. 2)

Dividing both sides of (2) by 1 4 8; and substituting 7 = (—a, + B,)/(1 + B1)
and p = (1 4+ ay1)/(1 + B1) gives

dU (b; v)
— /A +B) =1t + (= bIAF(b) — pF(b) forb <,

which leads to the following observation:

Observation 2 (Actual number of parameters): For b*(v) < v, b*(v) depends on
the parameters o, @1, Bp and B only through the two parameters T = (—ag +
Bo)/(1+pB1)and p = (1 +«1)/(1 + B1). Similarly, for b*(v) > v, b*(v) depends
on o and «; only. Specifically, note that the model uses only two parameters in
the range of values for which 5*(v) < v; the model has only two parameters as
long as the optimal bid is less than the bidder’s value.*

Using the above expressions for dU(b; v)/db, we now have the following:

Theorem I[fdU(A; v)/db < 0, then b*(v) = r. If dU(B; v) > 0, then b*(v) = B.
Otherwise b*(v) is the (unique) b* between A and B such that dU (b; v)/db > 0
forall b < b* and dU (b; v)/db < O for all b > b*.

Y Ifr = —ag+ Bo = 0and b < v, then the first order condition would be exactly the same as
for a CRRA risk averse bidder (who is insensitive to regret) with risk aversion parameter r = p;
any bidding behavior that might be predicted for a CRRA bidder could also result from a risk
neutral but appropriately regret sensitive bidder.
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Proof This result follows directly from the following lemma:

Lemma For each v, dU (b; v)/db has the single crossing property. Specifically,
for each v, either AU (b; v)/db > 0 for all b in (A, B), dU (b; v)/db < O for all b
in (A, B), or there exists a unique b* in (A, B) such that 1. dU (b; v)/db* = 0, 2.
dU (b; v)/db > Oforallbin (A, b*), and 3. dU (b; v)/db < Oforall b* in (b*, B).

Proof Since dU (b; v)/db has the same sign as

dU (b; v)
db

dU (b; v)
db

/F(b)_(l+,31)[[r+(v—b)]dF(b)/F(b) ] for b < v, and as
JE () =[—a, + (v—>0)IdF(b)/F(b) — (1 + 1) for b > v,

it suffices to show that %/F(b) is a decreasing function of b for all b in

(A, B). As b increases, [t + (v — b)] decreases, and, by assumption, dF (b)/ F (b)
does not increase. Therefore, dU(b v) ————/ F(b) decreases as b increases when b < v.

Similarly, % /F(b) also decreases as b increases when b > v. Finally, as a
result of the restrictions placed on the various parameters and the monotonicity of
F (b), we have that for any b; and b, such that by < v < by,

|:dU(b v) |:dU(b v)

/F(b)} /F(b)]

b=b, b=by

. . . . dU (b;
Putting these three pieces together gives us the required result that % /F(b)

is a decreasing function of b for all b in (A, B). O
This section concludes with an observation on how regret weights affect the
best reply b*(v):

Observation 3 (Effects of changing the parameters):

(1) MLOT regret: As g and/or o1 increases, dU (b; v) /db decreases and there-
fore the best reply either stays the same or, in general, also decreases.

(2a) MOTW regret: As By increases, dU (b; v)/db increases and therefore the
best reply either stays the same or, in general when b*(v) < v, also increases.

(2b) MOTW regret: As B increases, dU(b; v)/ db increases when b*(v) < v
and stays the same when b*(v) > v. Therefore and the best reply either stays the
same or, in general when b*(v) < v, also increases.

2.2 The case of generalized uniform values

We now make some additional assumptions regarding the other bidders. Specifi-
cally, assume that the other bidders’ values are independent of each other and from
the value of bidder i. Also assume that the other bidders’ values come from a
generalized uniform distribution. In particular, each of the other bidder’s values

S If b < v then as b increases dU (b; v) /db decreases and by assumption dF (b)/F (b) does
not increase.
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has a cumulative probability distribution G(v) = V(0 < v < 1land A > 0);
if A is an integer, then a bidder’s value is in effect the largest of A independent
samples from the standard uniform distribution. Finally, assume that each of the
other bidders uses the linear bidding strategy b(v) = A + (B — A)v. Specifi-
cally, for A <x < B,F(x) = Prz <x)=Pr(A+(B—Av <x)(n—1) =
Pr(v < (x —A)/(B—A)(n—1) = [(x — A)/(B — A)I*"D and dF (x) =
[A(n—1)/(B—A)][(x —A)/(B— A))**~ D=1 For convenience, henceforth refer
to such bids as being independent, generalized uniform bids on [A, B].

Proposition (Best reply against generalized uniform bids) If the other bidders
make independent, generalized uniform bids on [A, B], then

— An—1 1 A
b*(v) = min { B, max r,( %+ A1+ 1 +ar) forv < v*
L An =14+ +oap)
_ k=)
- I+

((—ap + Bo) + (1 + Bv)A(n — 1) + (1 +051)A“
(I+Brn =1+ A +a1)
(T+v)A(n—1)+ pA
An—1)+p
=A+ (a0 + fo)A(n — 1) =A+1tA(n—1)/p, and
14+ o
b*(v) = min {B, max [r, v]} forv* <v < v**.

b*(v) = min {B, max | r,

= min { B, max | r,

“ forv > v™*

Proof Under the assumed conditions, (2) becomes

dU (b; v) B A(n — 10Dt
T/(l +B1)=[t+(@v~— b)][ﬁ}
B A(n-1)
—,o(b A) forb < v, and
B—A

dU (b; v) B A —1) bh— A\TH—D-1
0 —[—oeo-i-(v—b)][( o= )(B_A)}

—(1+a1)(B_A) forb > v.

For b > A, this simplifies to

dU (b;
%/(1 Y B =[t+ W—blhn—1)]—pb—A) forb<v, and
dU (b;
% =[-a,+W=>b)]Ax(n—1)— (1 +a1)(b—A) forb > v.
For b > v, % = 0 implies that b = [_"‘”I(”n]f(l")jrl()ligﬁ;“‘)f‘, and this b will

apA(n—1)

be greater than both A andvif A + o, <v < A — T

= v*. Similarly, for
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b < v, Y = 0 implies that b = HREZDELA This j will be less than v
ifv>A4ti(n—1)/p = v* (and this b will be greater than A if v > A — 7.
Now observe that v** > v*, and therefore the claimed result follows from the

Theorem. O

Corollary (CRRA as a special case) If —ao+Bo =0, p = (1 +a1)/(1+ B1) and
the other bidders make independent, generalized uniform bids on [A, B), then

vA(n — 1) + pA

b* = min <B, max [r,
rn—1)+p

“ forv > A,

which is the same as the best reply for a CRRA bidder who has risk parameter p.°

Corollary (Independence of others’ multiplier): If the other bidders make inde-
pendent, generalized uniform bids on [A, B), then bidder i’s best bid b*(v) is
independent of B for all v such that b*(v) < B.

This corollary has a practical implication for designing experiments in which
a human player bids against computerized rivals. In a typical laboratory auction
setting, bidders know the distribution of values, but not the distribution of bids.
In order to create an environment that parallels the laboratory auction settings, it
may be useful to inform the human bidders about the distribution of values of the
computerized rivals (as we do in our implementation) rather than about the distri-
bution of their bids directly (as Neugebauer and Selten do in theirs). As long as
the computerized bidders are programmed to bid some fixed fraction of their value
(and as long as the best reply is below B, the top of the support of the others’ bid
distribution), the specific fraction does not affect the best reply.

2.3 General Results for SBFP Auctions

We now examine how regret affects bids more generally. Let u(v, b, v—; B—)
denote a bidder’s utility when a bidder of type v bids b, and his competitors with
types v— use the bidding strategies B—. Note that this utility function is general
enough to admit, for example, concerns for social utility (see Bolton and Ockenfels
2000) or spite (Morgan et al. 2003), and the general argument requires neither inde-
pendent types nor privately-known values; specifically, a bidder’s value may be a
function not only of his own type v but also of the competitors’ types v—. Let
U(v, b, z; B—) denote the expected value of the utility u(v, b, v—; B—) condi-
tional on v, b, z and B—, where z denotes the highest bid made by the competitors.
Let F(z; B—, v) denote the cumulative probability distribution function of z con-
ditional on B— and v. Then the expected utility from the auction to a bidder of
type v who bids b when the competitors use the strategies B— is II (v, b; B_—) =
JU(v,b,z; B=)dF(z; B—, v). Finally, define b*(v) to be the (largest, if there is
more than one) optimal bid and note that a necessary condition for a bid of b*(v)

to be an optimal bid is that [dI1(v, b; B—)/db],_,. . = 0.

Let UMOTW (y b, z: B—) denote the utility function of a bidder who is more
sensitive to MOTW. For each b, we will need to consider three possible regions
for z : z such that the bidder loses, such that the bidder just barely loses, and such

6 See, for example Cox et al. (1988).
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that the bidder doesn’t lose. Note that whenever the bidder loses (regardless of
whether the amount of MOTW is positive or zero), the amount of MOTW is
independent of the bidder’s bid . We take being “more sensitive” to MOTW
to imply that the utility of barely losing is less than before. And, of course,
the utility is unchanged when the bidder wins. Formally, if we define the ex-
pected utility of a bidder more sensitive to MOTW as ITMOTW (v, b; B_—) =
[ uMotw (v,b,z; B=)dF(z; B—, v), then UMOTW(y b,z; B—) must satisfy the
following three conditions:

(la) dUMOTW(v b,z; B=)/db = dU (v, b, z; B—)/db for all v, b and z such that
Z >
(1b) (1b) hm[UMOTW(v b,z; B—) — U(v,b,z; B=)] < 0 for all v and b such

that z > b, and
(Ic) UMOTW(v, b,z; B=) =U(v, b, z; B—) forall v, b and z such that z < b8

Proposition (Effect of changing sensitivity to MOTW in SBFP auctions) Con-
ditions la, 1b and 1c imply that [dHMOTW (v, b; B_—)/db]bzb*(v) > 0 whenever
b*(v) < v. Inwords, as a bidder becomes more sensitive to the amount of MOTW, a
bidder who was bidding strictly below his value can do better by bidding somewhat

higher.
Proof Deﬁne AMOTW(y p; B—) = TMOT™W (v, b; B—) — (v, b; B—)

Then g AMO™Y (v, b; B—) = G[TMO™ (v, b; B=) — T (v, b; B—)]
Using the condition lc that the utility is unchanged when the bidder wins:

Q.

= ib/ [UMOTW(U, b,z; B—) —U(v,b,z; B=)]dF (z; B—,v)

z>b
Differentiating inside the integral:

= / ddb[UMOTW(v b,z; B—) —U(v,b,z; B=)]dF (z; B—,v)

z>b

—llig[UMOTW(v b,z; B—) —U(v,b,z; B=)IdF (b; B—,v),
Z

which must be positive because of conditions 1a and 1b. Therefore, in particular,

[drMOTV (3 B__)/db]b:b*(v) > [dIT(v, b B=)db],_,, ) =0

O

So, roughly speaking, the more sensitive a bidder is to MOTW, the higher that
bidder should bid.

7 Since functions such as U (v, b, z; B—) are discontinuous at z = b, we need to specify
whether we are coming at the z = b case from the losing or winning side.

8 For example, in the case of additive linear regret, an increase in By and/or B implies that
UMOTW (y, b, b; B—) < U(v, b, b; B) for all v and b such that b < v. Alternatively, still in
the case of additive linear regret, if the bid and value are both between zero and one, and if Sy
increases by at least as much as ;1 decreases, then again, U*(v, b, b;B—) < U (v, b, b; B) for
all v and b such that » < v. In both cases, conditions 1 and 3 will also be satisfied. So, such a
bidder can also be said to be more sensitive to MOTW.
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When a bidder is more sensitive to MLOT we again consider three regions for
z for each b : z such that the bidder wins, such that the bidder just barely wins, and
such that the bidder doesn’t win. Now, being “more sensitive” to MLOT means that
the utility of winning decreases more rapidly than before as the amount of MLOT
increases. Also, the utility of winning is no greater than before when the amount
of MLOT is zero. And, of course, the utility is unchanged when the bidder loses.
Formally, let U MLOT(U, b, z; B—) denote the utility function that is more sensitive
to MLOT, and define TMOT (v, b; B—) = [UMMOT (v, b, z; B—)dF (z; B—, v).
Then UMLOT (y b, z: B—) must satisfy the following conditions:

(2a) dUMLOT(y b, z; B—)/d(b—2z) < dU(v, b, z; B—)/d(b — z) forall v, b and
z such that z < b, with the inequality being strict with positive probability
for each fixed v and b,

(2b) 11&1[UMOTW(U, b,z; B=) — U(v,b,z; B—)] < 0 forall v and b, and
z

(2c) UMOT(y b, z; B=) = U(v, b, z; B—) for all v, b and z such that 7 > b.”

Proposition (Effect of changing sensitivity to MLOT in SBFP auctions): Condi-
tions 2a, 2b and 2c imply that [dHMLOT (v, b; B_—) /db]b:b*(v) < 0. In words, as

a bidder becomes more sensitive to the amount of MLOT, that bidder can do better
by bidding less than the amount that was optimal before.

Proof Similar to before, define
AMEOT (v, by B—) = MM (v, b1 B—) — T(v, b; B).
Then

S ATy ;) = S[IMIOT(y ;o) — M0, b B)]

Using the condition 2c that the utility is unchanged when the bidder loses (and
assuming zero probability of tied high bids):

— %/ [UMOT (v, b, z; B=) — U (v, b, z7; B=)1dF (z; B—, v)

z<b

Differentiating inside the integral:

= / %[ MO (v, b, 2 B—) = U(v. b,z B)]dF (2 B— v)

z<b

Hlim [T 0, b, 25 B=) U (v, b,z B=)]4F (55 B=. )
z

9 For example, in the case of additive linear regret, an increase in «p im-
plies that UMLOT(U, b,b; B=)<U(v,b,b; B), while an increase in «; implies that
dUMOT (v, b, z; B—)/d(b — 2) < dU (v, b, z; B=)/d(b — 2).
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Using the chain rule for differentiation and the fact thatd (b — z)/d b =1:

_ L MLOT N o .
_/d(b—z)[U (v.b.2: B=) — U(v, b, z: B=)1dF (2 B— v)

z<b

+lig[UMLOT(v, b,z; B—) — U(v,b,z; B—)1dF (b; B—, v),
Z

which must be negative because of conditions 2a and 2b. Therefore, in particular,

[dHMLOT(v’ b: B__)/db]b:h*(v) < [dTI(v, b; B_—)db]b:b*(v) =0.

So, roughly speaking, the more sensitive a bidder is to MLOT, the lower that bidder
should bid. o

The above proof suggests that not both conditions 2a and 2b must be satisfied as
long as their “sum” goes in the right direction. Specifically, if we add the following
condition:

2d dF(z; B—, v)/dz is a non-decreasing function of z on the unit interval (and
is zero elsewhere),
then condition 2a may be replaced by the weaker condition

MLOT SR -B—
22’ [dU (v,b,z;B—) dU(v,b,Z,L)] +1171:11;1 [UMLOT(U, b,z: B—) — U(v, b,
Z

d(b—2) B d(b—2)
Z; B_—)] > (O for all v, b and z such that z < b, with the inequality being strict with
positive probability for each fixed v and b. 1°

Proposition (Effect of changing sensitivity to MLOT in SBFP auctions with
increasing density functions) Conditions 2a’, 2b, and 2c¢ and 2d imply that
[drTMEOT (v, b; B__)/db]b=b*(v) < 0. In words, if the highest competitors’ bid has
a non-decreasing density function, then as a bidder becomes more sensitive to
MLOT regret, that bidder can do better by bidding less than the amount that was
optimal before.

Proof The proof starts as before, but now continues as follows:

/ ﬁwmm(v, b,z; B—) — U(v, b, z; B=)1dF(z; B—, v)

z<b

+1ig}[UMLOT(v, b,z; B—) —U(v, b, z; B=)|dF (b; B—, v)
Z

10 T illustrate this last proposition, consider the case of additive linear regret. If the competitors
always bid 2/3 of values their values, and their values are distributed uniformly on [0,1], then
condition 2d is satisfied. Furthermore, conditions 2a’” and 2b will be satisfied if «g increases by
at least as much as o; decreases. Therefore, in this case, the best reply will still decrease so long
as «( increases by at least as much as o decreases.
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Since fz Z:Ol dz = 1 and the second term in the above expression is independent
of z:

- / ﬁ[UMLOT(v, b,z; B—) —U(v,b,z; B=)]dF (z; B—,v)

z<b

z=max{0,min{b,1}}

+ / lim [0 (v, b, 23 B=) = U (v, b, 25 B
z=0
diZF(b; B—,v)dz
z=1
+ / lim E]MLOT(v,b,z;B_—) — U(v,b,z;&)]iF(b;B_—, v)dz
b dz

z=max{0,min{b, 1}}

Using conditions 2a’ and 2d:

d MLOT R - B— - B—
5/—d(b_z)[U (v,b.z; B=) — U(v, b, z; B=)|dF(z; B—,v)

z<b
z=max{0,min{b,1}}

+ / 1ig[UML°T(v, b.z; B=)=U(v, b, z; B=)IdF (z; B—, v)
z
z=0

Combining terms and using the fact that dF (z; B—, v)/dz = 0 for z outside the
unit interval:

d

z<b

+1im [UMOT (0,0, 2 B) = U (.0, 23 B_—)]} dF (22 B=v),
Z

which must be negative because of condition 0. Therefore, in particular,

[am™ T (v, b; B=)/db],_,. ) < [dT1(v, bs B=)db], _, = 0.

O

So, again, roughly speaking, the more sensitive a bidder is to MLOT, the lower that
bidder should bid.



R. Engelbrecht-Wiggans, E. Katok

2.4 More general auction settings

‘We now show how regret provides a qualitative explanation for two sets of observed
data known to be inconsistent with risk aversion. Consider a sealed bid kth price
auction of a single unit, where, for the rest of this section, k > 2. Two specific
settings of interest are the Kagel and Levin (1993) sealed-bid third-price auction
and the Cason (1995) random-price auction. In the Cason auction, the high bid is
compared to a randomly determined price p*. If the highest of the n subjects’ bids
exceeds p*, then the high bidder wins the auction and pays p*; otherwise, the seller
keeps the object. Cason’s auction may be viewed as an (n 4 1)st price auction with
n bidders and n + 1 additional bids of p* submitted by the seller. In general, for kth
price auctions, the bidders bid above their values at the RNNE equilibrium, and
risk aversion lowers the bids. However, Kagel and Levin observe bids that tend to
be below RNNE in auctions with five bidders, but above the RNNE for auctions
with ten bidders. Cason also observes that bids tend to be above the RNNE.

In such auctions, the winner’s bid does not directly affect the price. However,
a bidder may still suffer regret. As before, a losing bidder may regret missing an
opportunity to win at a favorable price (MOTW). If the winner bids above his
value, then the winner may end up paying more than his value and the winner may
well regret WAUP. We now show that, roughly speaking, increasing a bidder’s sen-
sitivity to MOTW increases bids, and increasing a bidder’s sensitivity to WAUP,
decreases bids.

Let u(v, b, v—; B—) denote a bidder’s utility when a bidder of type v bids b,
and his competitors with types v— use the bidding strategies B—. We now assume
that this utility depends on the bidder’s bid in a special way. In particular, while
the bid b affects whether the bidder wins or loses (which in turn affects utility), we
assume that the utility conditional on winning and the utility conditional on losing
are independent of b. This assumption rules out first price auctions, but does allow
for second- and third-price auctions.

More formally, let u,, (v, v—; B—) denote the bidder’s utility if he wins, and
let ul(v v—; B—) denote the corresponding utility when the bidder loses. Let

F(v—; B—, v) denote the cumulative probability distribution function of v— con-
ditional on B— and v. Then the expected utility from the auction to a bidder of
type v who bids b when the competitors use the strategies B— is

Nwbis=)= [ w(owm Bo)aF(=: B )

v—s.t. a bid of b wins

+ w (v, v=; B=)dF (v=: B—,v).

v—s.t. abid of b loses

Imagine that our bidder is using the strategy »*(v) and let B—(v—) denote the
set of bids resulting from bidders who have values v— and use the strategies B—.
Again, note that a necessary condition for a bid of 5*(v) to be an optimal bid is

that [dT1(v, b; B=)/db],_, ., = 0. Therefore,
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[dn(v’b;B—_)/db]b:b*(v) = / ty (v, v=; B=)dF
v—s.t.max { B—(v—) }=bx(v)
x(v=: B—v)

- / ui(v,v=; B—)
v—s.t. max{B—(v—)}=bx*(v)

xdF(v_—; B—, v) =0.

Let u%VIOTW(v, v—; B—) and uf\U/IOTW(v, v—; B—) denote the utility functions of a
bidder who is more sensitive to MOTW regret, and let [IMOTW (v, b; B_—) denote
this bidder’s expected utility. Being more sensitive to MOTW regret means that
a losing bidder will experience more regret, thereby decreasing the loser’s utility,
but that a winner’s utility is unchanged. This gives the following:

Proposition (Effect of changing sensitivity to MOTW in k-th price (k > 1) auctions)
IfuMO™ (v, v—; B—) < w;(v, v—; B—) forallvandv—, and ullo™ (v, v—; B—)
= uy (v, v—; B—) for all v and v—, then [dHMOTW(v, b; B__)/db]b:h*(u) > 0.
In words, roughly speaking, being more sensitive to MOTW increases bids.

Similarly, being more sensitive to WAUP regret means that a winning bid-
der will experience more regret, thereby decreasing the winner’s utility, but that a
loser’s utility is unchanged. This gives the following:

Proposition (Effectof changing sensitivity to WAUP in k-th price (k > 1) auctions)
IfulWAUP(v v—B—) =u;(v,v—; B—) forallvandv—, anduWAU (v,v—; B—) <

uy (v, v—; B—) for all v and v—, then [dHWAUP(v b; B— )/db]b be(r) = 0.1In
words, roughly speaking, being more sensitive to WAUP decreases bids.

So far, in calibrating the regret model using the SBFP auction, we found in
Engelbrecht-Wiggans and Katok (2006) a consistent empirical regularity: exper-
imental participants tend to put a higher weight on missing opportunities to win
than on leaving money on the table. These weights imply bids above the RNNE
in the Cason auction, which is consistent with the data and inconsistent with risk
aversion.

Now consider the Kagel and Levin third price auction. MOTW regret drives
bids upwards from the RNNE while WAUP regret drives them down. Kagel and
Levin observe bids below RNNE in auctions with five bidders, but above the RNNE
for auctions with ten bidders. A simple simulation of the RNNE in the third price
auction shows that the expected loses due to WAUP, conditional on winning, are
more than twice as big in auctions with five bidders as in auctions with ten bid-
ders.!! Therefore, we expect WAUP regret to depress prices more with five bidders
than with ten bidders. We know that MOTW regret drives bids up, but WAUP regret
drives the bids back down, and the amount by which it drives them back down may
be just enough to leave them below the RNNE in auctions with five bidders but
not in auctions with ten bidders. This is consistent with the data Kagel and Levin
observed.

1 We will not provide formal derivations here; it is quite straight forward to check that the
claims are qualitatively correct.
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3 Empirical evidence
3.1 Regret in the BDM game

Isaac and James (2000) estimate the constant relative risk aversion (CRRA) utility
function parameter for individual subjects using a SBFP auction and a BDM pro-
cedure (Becker et al. 1964) and find the two estimates to be inconsistent. Figure 1
presents a summary of the Isaac and James data, along with the CRRA and regret
model predictions.

We constructed our Fig. 1 to exactly match Fig. 1 in Isaac and James (2000),
p- 183; each point in the figure corresponds to a single subject, with the X-coor-
dinate representing the CRRA measure for that subject from a SBFP auction,
and the Y-coordinate representing the CRRA measure for the same subject based
on the BDM procedure. Isaac and James point out that consistent risk aversion
across the two environments would imply that the data would fall along the 45
degree line (labeled CRRA prediction in the figure), and if the ranking, but not
the numerical values were to be consistent, then the data would fall along a posi-
tively-sloped line. In fact, the data falls along a negatively-sloped line, and Isaac
and James conclude their paper with a question: “How is it that some people can
behave as stable, easily classifiable risk averters one minute, then behave as stable,
easily classifiable risk seekers the next (all of this while other people behave as
stable, risk neutral decision makers all along)?” (p. 185). In fact, as we explain
below, the behavior across the SBFP auction and BDM setting is consistent with
the regret model.

Isaac and James (2000) used the BDM procedure to extract truthful valuations,
which we will call B, for a lottery. Consider a lottery that pays the prize of & with
a probability p, and O otherwise. A random number P, with a distribution F(P) is
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Fig. 1 Summary of the Isaac and James (2000) data and the CRRA and regret model predictions
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drawn, and if B < P then the subject effectively sells the lottery and receives P,
and otherwise he receives the proceeds of a lottery.

Think of getting the lottery prize 7 as “winning.” Then, ex-post, someone who
sold the lottery has given up a chance of winning 7 and may suffer MOTW regret
if the lottery indeed yields the = outcome. We will apply the simplest version of the
regret model with a single parameter for each regret type, so in this case the sub-
ject’s utility suffers by an amount (7 — P) where B > 0. Someone who keeps the
lottery may also suffer a different form of regret if the lottery turns out to be worth
zero, in which case the subject’s utility suffers by an amount o P where o > 0.

Let U(B) denote the ex-ante expected utility to a regret sensitive (and risk
neutral) subject who specifies a cutoff of B. Then,

U(B)= / [pr + (1 = p)O—aP)]dF(P)+ / [P — pB(wr—P)]dF(P).
P:P<B P:P>B

In the Isaac and James experiment, P is distributed uniformly on [$0, $3.99],
so dF(P) = dP/3.99, the lottery is a 50/50 chance of winning $4 (so p = 0.5
and 7 =4). The necessary condition for B* to be an optimal cutoff is
[dU(B)/dB]|p=p= = 0. Some straight forward calculations then yield that
B*=4/(1+ p) where p = (1 +a)/(1 + B).

Recall that this is the same expression for p that appeared in our analysis of
SBFP auctions, and that it can be interpreted as the CRRA parameter for a bidder
in a SBFP auction. Isaac and James estimate p for each of their bidders in the SBFP
auction. We note that this p could be due to regret rather than risk aversion. For
each possible p, we then calculate the optimal B* of a bidder who is sensitive to
regret (but is risk neutral). We then calculate what risk measure Isaac and James
would have ascribed to someone who specified this B* in the BDM mechanism. In
effect, we predict what risk measures Isaac and James would have calculated for
bidders who are sensitive to regret rather than risk.

This regret theory predicts the heavy black line in Figure 1 (labeled Regret
prediction in the figure). The regret predictions match the aggregate data quite
closely. The average slope of the regret prediction line falls inside the 95% confi-
dence interval for the slope of the linear fit line through the data, while the intercept
term is only slightly above it.'> We added a 95% confidence interval for the linear
fit in Figure 1, and note that the regret prediction line is well inside that range.

3.2 The effect of feedback information

Neugebauer and Selten (2006) analyze data from an experiment designed to test
the learning direction theory in the context of SBFP auctions. They attribute over-
bidding to the feedback information that is given in a typical laboratory auction

12 Tsaac and James had one subject for whom they estimated a risk parameter of zero in both
treatments. Since this is such an extreme risk parameter, we consider this subject to be an outlier
and estimate the linear fit without this subject. With this outlier removed, the estimate of the linear
fit slope is —0.3, and is statistically significant (p-value — 0.0411). The 95% confidence interval
for the slope is —0.58 to —0.01, and the average slope of the regret prediction line is —0.48,
which is well inside that confidence interval. The linear fit intercept is 1.26, and the regret model
estimate of the BDM p for a bidder for whom the auction p is 0 is 1.5, which is significantly
higher than 1.26. However, note that the regret model estimate is non-linear.
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setting, and argue that manipulating feedback information affects behavior through
learning by removing ambiguity.

In their experiments, one human player bids against either 3, 4, 5, 6 or 9 com-
puterized rivals. The rivals’ bids are independent, and uniformly distributed from
0 to 100. The human bidder has a fixed value of 100 for the duration of the experi-
mental session. Neugebauer and Selten consider three information conditions: (1)
neither the first nor the second highest bid is announced (labeled TO); (2) the high-
est bid is announced but the second is not (T1); (3) both, the highest and the second
highest bids are announced (T2). Figure 2 summarizes the resulting data. The T1
and T2 bids are lower than the TO bids, and Neugebauer and Selten report that the
differences are statistically significant.

We show that our regret model can account for these shifts. Ex-post, each bid-
der knows how much she bid and whether she won. If a winning bidder also sees
the second highest bid, then the amount of MLOT becomes quite apparent; if the
second highest bid is not revealed, then the amount of MLOT remains ambiguous.
Similarly, if a losing bidder also sees the winning bid, then any MOTW become
apparent, while they remain ambiguous if the winning bid is not revealed. We sug-
gest that making a type of regret visible to the subject makes it salient and thus
increases its weight in the decision-maker’s utility function. Therefore, the regret
theory predicts lower bids under T1 than TO, and lower bids under T2 than TO —
both shifts Neugebauer and Selten observe in their data.

In Engelbrecht-Wiggans and Katok (2006) we present an experiment designed
to test regret theory predictions in the context of SBFP auctions. In that paper we
attribute overbidding to bidders placing a higher relative weight on the MOTW than
on the MLOT regret, and manipulate feedback information in a way that changes
the relative concern over the two types of regret.

Our design in Engelbrecht-Wiggans and Katok (2006) is similar to the
Neugebauer and Selten design in that one human bidder competes against a num-
ber of computerized rivals. The three main differences are that (1) we keep the
number of computerized rivals at 2 throughout; (2) our human bidders have five
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Fig. 2 Average bids and the RNNE benchmark in the Neugebauer and Selten (2006) experiment
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different resale values, each repeated 20 times, versus the single resale value in the
Neugebauer and Selten study and each bidding decision is used in 10 independent
auctions; and (3) in addition to the three Neugebauer and Selten information con-
ditions TO-T2 we also consider the forth condition in which the second highest
bid is announced but the highest bid is not. This fourth feedback condition — T3
— completes the 2 x 2 full factorial design and allows us to test two additional
predictions of the regret model.

The first two comparisons come from the implication of the regret model about
the effect of the MLOT regret: MLOT regret decreases bids, so average bids in
T2 should be below T1 and average bids in T3 should be below T2. The second
two comparisons come from the implication of the regret model about the effect of
the MOTW regret: MOTW regret increases bids, so average bids in T2 should be
above T3 and average bids in T1 should be above TO. In Engelbrecht-Wiggans and
Katok (2006) we report that all four predicted shifts are statistically significant (T3
< TO at 0.1 level only, the rest at 0.05 level) in the second half of the data. We also
report that overbidding relative to the RNNE persists in all four information condi-
tions, although its magnitude is quite small in the T3 condition (average bid/value
is 0.697, which is not statistically different from the 0.667 RNNE benchmark)

4 Conclusions

The main contribution of this paper is a new theory of optimal bidding in sealed-
bid first-price auctions in the IPV setting with fixed opposition. The new theory is
based on the notion that bidders try to avoid regret. The theory is flexible enough
to admit a variety of ways to model regret. We provide an implicit characterization
of the best reply of a bidder who is sensitive to the two types of regret that we
consider: winning and paying too much, and missing an opportunity to win at a
favorable price.

We examine how regret affects bids in a much more general setting than that of
IPV and in several auction-like settings in addition to the sealed-bid first-price. We
show that sensitivity to MOTW regret generally increases bids while sensitivity
to winning and paying too much generally decreases them. These general results
allow us to establish that the data in the sealed-bid third price auctions studied by
Kagel and Levin (1993), as well as the data in random-price auctions studies by
Cason (1995), that was shown to be inconsistent with risk aversion, is qualitatively
consistent with the regret theory.

Additionally, we examine three other data sets in more detail. We find that
regret theory organizes the Isaac and James (2000) data well, by explaining why
participants who act as if they were highly risk averse in SBFP auctions act as
if they were risk seeking when confronted with the BDM procedure, while other
participants act as if they were risk neutral in both settings. The treatment effects
in two experimental studies that manipulate feedback information, one reported in
Neugebauer and Selten (2006) and the other reported in Engelbrecht-Wiggans and
Katok (2006) are also consistent with the regret theory. In both studies, providing
bidders clear MOTW information causes the average bids to increase and providing
clear MLOT information causes average bids to decrease.

Although the CRRA model generally fits the SBFP auction data well, a good
model should do more than just fit the data. It should fit the data for the right reason.
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To the extent that auction theory is there to guide auction designers, accepting a
model that fits some data without clearly understanding why it does may lead to
poor designs. For example, risk aversion can not explain shifts due to varying feed-
back information, but there are at least four independent studies that report that
this information makes a difference(Engelbrecht-Wiggans and Katok 2006; Isaac
and Walker 1985; Neugebauer and Selten 2006; Ockenfels and Selten 2005). The
regret theory explains why feedback information is likely to matter.

Would bidders prefer auction mechanisms that have no regret? For example,
ascending bid auctions are regret-free, but in practice we observe many sealed-
bid auctions. Ivanova-Stenzel and Salmon (2004) find evidence that when given a
choice, bidders do prefer ascending-bid auctions. Engelbrecht-Wiggans and Katok
(2005) find a similar result using a different design. Of course sellers may well
prefer sealed-bid auctions since with the same number of bidders they generate
higher revenues. Sealed bid auctions are also much simpler to conduct, especially
for complex objects, and they make it more difficult for bidders to tacitly collude.
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