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37(1) quality vs price in the scoring rule. We show that different quality-price weights dramatically alter the strategic

Dzl environment and affect efficiency. Our evidence shows that each weighting better delivers against a matching

X i@ objective function than using a scoring rule which misrepresents the buyer’s objective function. Nonetheless,
eywords:

there are large deviations in how each performs, with the higher weight on quality delivering much greater
efficiency evaluated against its own objective function than a low weight on quality evaluated against its own
objective function, despite the higher quality weight inducing higher deviations from equilibrium. We propose a
“mediation analysis” to show that the “direct effect” (due to the different strategic properties of the induced
game-forms) outweighs the “indirect” one (how the different game-forms affect out-of-equilibrium behaviour).
We also perform a structural estimation of the Quantal Response Equilibrium induced by subjects’ behavior,
where we find that subjects are risk averse and noisy play affects behavior in the direction of underbidding.
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objectives public organisations are urged to carry out competitive pro-
cesses by evaluating a wide array of characteristics, comprising both

1. Introduction

During the last two decades, public procurement has undergone
profound changes. Policy makers, academics and practitioners alike
share the broad view that public procurement has evolved from a cler-
ical signoff-ridden set of activities to a strategic tool to enhance effi-
ciency in public organizations, to regulate markets and promote
sustainable development. Thanks to a profound reformulation of public
procurement regulations at a global level promoted by forward-looking
policymakers as well as specialised procurement organizations, public
procurement is being increasingly used to pursue objectives beyond the
mere acquisition of works/products/services. Coherently with these

financial and non-financial dimensions. For instance, the EU public
procurement Directive 2014/24/EU foresees that “[...] contracting au-
thorities shall base the award of public contracts on the most economically
advantageous tender”." This implies that, under normal circumstances,
public organisations shall consider both price and non-price dimensions
in awarding public contracts, although the lowest-price award remains
an admissible award criterion.?

Scoring (or multi-attribute) auctions are among the most widespread
competitive mechanisms to evaluate heterogeneous tenders. In a scoring
auction, the buyer commits to a scoring mechanism, which maps each
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tender’s financial and non-financial attributes onto a one-dimensional
score.’ In a highest-score auction (Che, 1993) the tender awarded the
highest score is deemed to be the winner and receives a financial pay-
ment equal to the submitted bid."

Given the increasing relevance in private and public procurement
markets of multi-attribute competitive mechanism, one may wonder to
what extent bidders are able to cope with the arguably more sophisti-
cated strategic environment of scoring auctions. This question becomes
even more compelling as there exists substantial experimental evidence
that -even in simple price-only auctions- actual behaviour may system-
atically differ from what theory predicts (see, for instance, Cason, 1995,
Kagel & Levin, 2002, 2015). In this respect, the experimental evidence
on scoring auctions is even more scant than the theoretical one, where
-to the best of our knowledge- most experimental studies are concerned
with the extent with which buyers may benefit from using a
multi-attribute rather than a price-only auction. This strand of research
has been initiated by Bichler (2000), who runs an experiment that
mimics a financial market to assess the performance of multi-attribute
mechanisms against single-attribute auctions. In his experiment, he
finds that the buyer achieves a higher utility in the multi-attribute
mechanisms, although efficiency -measured as the relative frequency
of auctions where the higher value holder is awarded the contract- is
similar. Chen-Ritzo et al. (2005) conduct an experiment that involves a
multi-attribute auction where bidders have to set the price together with
two other no-financial attributes: quality and time lead. They find that
the three-attribute auction is effective in increasing both the buyer’s and
the sellers’ surplus, although differences are less pronounced than pre-
dicted. Along similar lines, Strecker (2010) studies the effect of
revealing information in a multi-attribute reverse English auction with
one buyer and five sellers in a setting where bids comprise one financial
and two non-financial attributes. His-findings suggest that efficiency is
greater when the scoring rule is revealed than when only limited in-
formation is provided to sellers. However, the buyer’s surplus is not
significantly affected by the specific information-revelation policy.
Cason et al. (2011) report a laboratory experiment that investigates the
role of revelation policies in a sequential procurement auction with
private cost information. They compare two different information
revelation policies: one in which all bids are revealed between auctions
and one in which only the winning bid is revealed. Their results show
that complete information revelation affects bidding behavior, reducing
the buyer’s surplus compared with the incomplete information case. On
the agri-environment procurement auctions side, Hailu and Schilizzi
(2004) simulate an agent-based model using repeated payment in
ecosystem service (PES) auctions. PES are standard procurement auc-
tions with a specific (environmental) good. Along their simulations,
Hailu and Schilizzi (2004) results provide insight into long-term per-
formance suggesting that, with repeated auctions, efficiency is lower
than in one-shot auctions. Fooks et al. (2015) run an experiment in
which they allow bidders to enter and submit offers at any time. Inter-
estingly, they show that this dynamic mechanism is more efficient than
the static, single-round, alternative.

In this paper, we present the results of a stylized procurement auc-
tion experiment where a simulated buyer has to select the contractor
from a pool of five potential suppliers by means of a competitive
mechanism. The buyer cares both about financial and non-financial
aspects of the submitted tenders and announces, in advance, the

3 A similar mechanism is the so-called buyer-determined procurement auction,
which can be considered as a multi-dimensional auction in which the scoring
rule is private information. In a buyer-determined procurement auction the
buyer simply sets the reserve price and a list of conditions on the quality of the
good/services. Once sellers have submitted their bid, the buyer is free to assign
the contract at her wish (Santamaria, 2015).

4 This is arguably the most widely used mechanism in the family of scoring
auctions.
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maximum price she is willing to pay. Then, all potential sellers submit
two-dimensional bids. These bids are comprised of a quality-price pair,
in which the quality affects the seller’s cost of production and the price is
expressed as a rebate or discount to the buyer relative to the stated
maximum price. Price and quality dimensions are then mapped into a
unidimensional score and the contract is awarded to the highest-score
bidder.

Despite the practical relevance in real procurement markets, scoring
auctions have only attracted a limited theoretical investigation. Che’s
(1993) seminal paper provides the first comprehensive characterization
of bidders’ equilibrium strategies with endogenous quality choice. In his
model, bidders privately observe their efficiency level (i.e., their quality
production costs) and then, simultaneously, submit a quality-price pair.
Within this framework, he can prove that the price/quality decision
bidders face can be reduced to a single-dimensional problem by estab-
lishing that, as for the quality decision, rational bidders will always
submit the socially efficient quality level, independent of their bidding
behaviour. In this reduced one-dimensional problem, bidders can be
ranked according to their “productive potential” -defined as pseudotype-
that is, the highest level of social welfare they can produce. It also turns
out that if Che’s pseudotypes are monotonic in the efficiency levels then
scoring auctions can be assimilated to first-price auctions and, therefore,
well-known results in price-only auctions can be applied to derive bid-
ders’ equilibrium behavior.®

Unlike Che (1993), in our multi-period experiment quality is exoge-
nously determined, in that each participant, at the beginning of each
period, is endowed with a fixed quality level, an independent uniform
draw (without replacement) from a finite grid. There are several reasons
for designing such an adverse-selection framework. First, there are many
procurement environments where quality choices are made before -or
independent of- the design of the scoring auction. This is usually the case
in the procurement of medical equipment, where firms’ decisions about
the quality characteristics of, say, an ultrasound or magnetic resonance
imagining (MRI) machine are made by considering the impact on global
sales rather than the competitive processes carried out by a single hos-
pital in a specific country. This situation also applies to the procurement
of IT equipment such as photocopiers or laptops. Second, a scoring
auction with fixed quality levels gives rise to a less complex strategic
environment for the participants in the experiment. Given that the
scoring rule is known to participants beforehand, each bidder, endowed
with a certain quality level, becomes immediately aware of his technical
score. Hence his strategic problem boils down to computing the rebate
so as to maximize expected profits, where the event of winning coincides
with the event that the same bidder has the highest score. Last, but not
least, by providing each bidder with a full range of possible qualities
(without replacement) we are able to elicit a full bidding function -the
unit of analysis for our empirical exercises- for each participant.’

The remainder of the paper is arranged as follows. Theory is pre-
sented in Section 2, where we model our competitive mechanism as a
linear scoring auction with exogenous quality levels. Our two treatment
conditions are especially designed so that pseudotypes may or may not
monotonically increase with quality. This depends on the relative
weight of the financial attribute in the scoring rule. In one treatment the
weight of the quality is sufficiently high so that the strategic environ-
ment is compatible with Che’s (1993) modeling assumption and the
distribution of pseudotypes is monotonically increasing in the quality
level. By contrast, in the other treatment, the weight of the rebate is
sufficiently high so that the distribution of pseudotypes becomes reverse
U-shaped, which, in turn, implies that the seller with the highest pseu-
dotype lays in the interior of the support of the possible quality levels.
Thus, when the scoring rule puts a relatively high weight on price, not

5 Asker and Cantillon (2008) further generalize and extend Che’s (1993)
results by allowing for multidimensional type-space.
6 See Grimm et al. (2008, 2009).
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only are bidders provided with an incentive to bid more aggressively,
but also the resulting non-monotonic distribution of pseudotypes
dramatically alters the strategic problem they face. Proposition 1 col-
lects the main characteristics of these two alternative equilibrium con-
figurations, which depend on the relative weight of quality vs. rebate.
Our theoretical analysis calls for an experimental design -described in
detail in Section 3- which is built upon two (between-subject) condi-
tions, depending on the relative weight of quality vs. price. Fixed groups
of five bidders play repeatedly for 11 rounds, where each bidder is
assigned each and every quality level within the grid. Subjects receive
no feed-back about the outcome of the auctions they participate in until
the end of the experiment, where a random draw selects the auction
period relevant for payment. These design features make the auction
environment closer to the -essentially static- features of the theoretical
model upon which our experiment is based.

Section 4 reports our experimental results. In Section 4.1, where we
report summary statistics of subjects’ bidding behavior, we observe that
our two treatment conditions yield a stark difference in behavior: when
the relative weight on the rebate is high subjects bid more aggressively
and closer to equilibrium. This is because the score/rebate elasticity is
higher in the treatment in which the weight of the rebate is high. We also
detect a stark difference in terms of allocative efficiency between the
two treatments. In Table 1, for each treatment, we compute the relative
frequency with which the auction has been awarded to each group
member, ranked according to her relative efficiency, with RANK1
(RANKS, respectively) indicating the bidder with the highest (lowest)
pseudotype within the group.

As Table 1 shows, when quality has a higher weight than price, 95 %
of the auctions are awarded to the most efficient player (RANK1); when
the rebate has a higher weight, this percentage drops to 43 %. In sum,
our descriptive statistics point towards a 51.52 % higher probability of
getting the most efficient outcome when the weight of quality in the
scoring mechanism is high rather than low. And this difference is
observed despite the higher noise detected in treatment which favours
quality over price (see Fig. 4 below).

While this “allocative” efficiency measure captures the relative fre-
quency with which the most efficient pseudotype wins the auction, it
does not show how much relative welfare is gained (or lost), depending
on whether (or not) the winner (compared with the second highest bid,
or even participants with a lower score) is awarded the contract. This is
the reason why in Section 4.2.1 we put forward an alternative proxy,
measured as the relative share of efficiency, i.e., the difference between
the score of the winner and the score of random participant in the
auction relative to the highest possible difference (that is, if the winner
were the highest pseudotype) characterizing any specific play. As Fig. 5
shows, also using this alternative efficiency proxy does not alter our
main finding: The treatment which puts higher weight on quality is far
more efficient at delivering against its own objective function than is the
lower quality weighting against its own objective. Section 4.2.1 also
considers an alternative approach to welfare analysis, tracking the
buyer’s surplus across treatments. Here, we find that despite a lower
efficiency being delivered against its own objective function, the buyer
still enjoys greater efficiency using the lower-weight-on-quality scoring
rule to deliver against a lower-weight on-quality objective function than

Table 1
Distribution of winners by efficiency and treatment.

Auction winner Relative frequencies

High weight on quality High weight on rebate Total
RANK1 94.95 43.43 69.19
RANK2 5.05 42.42 23.74
RANK3 0.00 11.11 5.56
RANK4 0.00 3.03 1.52
RANK 5 0.00 0.00 0.00

Total 100.00 100.00 100.00
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by misreporting their objective function and using the higher-quality
scoring rule. In other words, a truthful representation of preferences
in the scoring rule definitively benefits the buyer.

The striking difference in efficiency is probably due to multiple
factors, which may include -among others- auctions features and the
impact of the latter on bidding behavior, as well as behavioral effects
due to individual-specific characteristics. This suggests a more sophis-
ticated econometric exercise whose aim is to disentangle the “direct”
efficiency effect of a treatment change (i.e., the one which is due to the
difference in the strategic characteristics of the two alternative mecha-
nisms) from the “indirect” effect (i.e., the one that depends upon the
level of the deviations from equilibrium that may be also influenced by
the treatment). The “mediation analysis” (Imai et al., 2011) of Section
4.2.3 is carried out precisely to identify direct from indirect effects in the
determination of efficiency and yields two main conclusions. First, the
direct and indirect effects point in opposite directions, favouring
(hampering, respectively) efficiency in the high (low, respectively)
weight on quality treatment. Second, the direct effect outweighs the
indirect one, which justifies the overall difference in efficiency in favor
of the high-quality treatment.

The analysis of Section 4.2.3 ascribes most of the difference in effi-
ciency between the two treatments to the “direct” effect, without
pointing to any specific behavioral content for such a difference. On the
other hand a standard behavioural approach would point out two “usual
suspects”, often invoked in behavioural auction theory: risk aversion
and “noise”, here defined as perturbation -for whatever reason- from
equilibrium play. This is the reason why, in Section 4.3, we conclude our
empirical analysis by estimating the maximum-likelihood quantal
response equilibrium (QRE, McKelvey & Palfrey, 1995) induced by our
data removing the assumption of risk neutrality we impose -as it is
standard in auction theory- in Section 2. Three alternative models are
estimated: i) one in which risk aversion is allowed to vary across
treatments, ii) one in which we impose the same risk aversion param-
eter, independent of the treatment and iii) one in which we impose risk
neutrality, exactly as in Section 2. The results of our structural estima-
tions confirm that (subjects are risk averse and) noise is higher in the
treatment that primes quality over price and for bidders with a higher
pseudotype, although differences by treatment -exactly like in the
mediation analysis- are not always significant.

Finally, Section 5 concludes, followed by appendices containing the
proof of Proposition 1 (Appendix A), a more detailed account of our
econometric strategy (Appendix B), supplementary statistical evidence
(Appendix C) and the experimental instructions (Appendix D).

2. Theory

We consider a highest-score (procurement) auction whereby a risk-
neutral bidder i submits a quality-rebate pair, (g, r), which is ranked
according to the following linear scoring rule:

Si(gr)= (1-y)g+7r, @

where y €{1/3; 2/3} in our experimental implementation. Normalizing
the reserve price to one, player i gets a payoff of

“'n;ﬂ")) if Si(-) = max; (8;(-)),

0 otherwise,

mi(g,r) = 2

where n* > 1 identifies the number of winners (in case of ties). By
analogy with our experimental conditions, this section parametrizes the
cost function as c(q) =1+ 3¢2.

A strategy for bidder i is a function r : [0,1]—[0,1] that maps each
bidder’s privately observed quality into a rebate. A symmetric Bayes-
Nash equilibrium (BNE) is a vector of identical strategies, (r(q)), such
that each bidder maximizes her expected payoff under the constraint
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that 0 < r(q) <1 -c(q). In other words, by design, bidders can neither
bid above the reserve price nor get negative profit.

In a standard lowest-price auction -where bidders privately receive
iid signals about their production costs and only submit a price for the
procurement contract- a symmetric equilibrium can be characterized by
assuming that the bidding function is strictly increasing in production
costs (that is, in bidders’ types). Consequently, in equilibrium, winning
probabilities coincide with the probability that any bidder has drawn the
lowest cost. This is not the case of our scoring auction where, to derive a
BNE, we mimic the approach pioneered by Che (1993), whereby bidders
are characterized by “pseudotypes”, which allows to rank bidders ac-
cording to their winning probability.

Our definition of pseudotype has, though, to be adapted to the
adverse-selection nature of our problem. Define type-q bidder’s pseu-
dotype or potential score as s,(q) = y(1 — ¢(q))+ (1 — y)g, which cor-
responds to the score obtained by submitting rmax(q) = 1 - c(q), which
yields the bidder zero profit.” The potential score coincides with the one
that type-q bidder would get under perfect and symmetric information.
That is, had the buyer perfect information about bidders’ quality vector
she would be able to make each bidder a financial offer to leave him with
zero profit. The buyer would award the contract to the bidder with the
highest potential score, ensuring the first-best allocation of the contract.
The bidder with the highest potential score will represent our efficiency
benchmark against whom we measure the winner’s “observed” score in
each repetition of the experiment.

In what follows, we will show how to use the potential score to derive
a Bayes-Nash equilibrium (BNE) of the scoring auction. For the time
being, let us assume, by analogy with Che (1993), that the higher the
pseudotype, s,(q), the higher the probability for a player with type g to
win the auction when the financial weight parameter in the scoring rule
isy.

As shown in Fig. 1, depending on the value of y, s,(q) may or may not
be monotonically increasing in gq. More precisely, s,(q) is strictly
increasing in q if and only if y < £, that is, when the weight associated to
the financial score is sufficiently low, which is true in our experiment
only when y = 1. In this case, the weight of quality evaluation in the
scoring function is sufficiently high so as to make the bidder with the
highest g to be the most likely winner. When y > 2, s,(g) has an interior

(

maximum, ¢* = %;7) .In particular, ¢* =1 wheny = Z (our alternative

treatment).
Proposition 1. If r;(q) denotes the symmetric BNE of our scoring
auction with weight equal to vy, then

s(q) °°r

o.ei /

02 . y=1/3

y=2/3

0.0 0.2 0.4 0.6 08 1.0

9

Fig. 1. Potential score function s,(q) in the two treatments.

7 In the remainder of the paper, “pseudotype” and “potential score” will be
used interchangeably.
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r,(q) = max{% {s*y (s,(g)) — (1 —y)q] ,O}if y= 1/3 and 3
P = [ e - (=it r =2 /5, @
sy(q)

where s: (s, (4)) = / Yhe(y)dy, with H,(s) = G3(s), h, = H,(5)

_1

He(s,(q))
&

and G,(s) is the c.d.f. of the random variable s and s, = mingc(o 1)[s,(¢)] is

the lower bound of the potential score distribution.

Proof. See Appendix A.l

While relegating the proof of Proposition 1 to Appendix A, it may be
instructive, at this point, to sketch the intuition behind our result.
Following Che (1993), this is obtained by showing that our scoring
auction is strategically equivalent to a first-price selling auction in which
bidder i observes a signal s (his pseudotype) and submits a score, o, *(s).
At equilibrium, the submitted score o,*(s) < s as rational bidders get
positive profit by reducing the value of the rebate below its maximum
level, that is, r < rmax(q). The bidding functions o,*(s) associated with
our treatments are reported in Fig. 2. Notice that, coherently with the
results in a “standard” first-price auction, the bidding function o¢,*(s)
lays below the 45-degree (dotted) line, as each bidder shades his bid
below his value (that is, his pseudotype).

The explicit forms of either o,*(q) or its strategic equivalent rebate
function, r,*(q), are complex and uninstructive, but we plot them in
Fig. 3 for both values of y (1/3 and 2/3) used in the experiment.

Given that the equilibrium bidding function r,*(q) is derived from
the equilibrium of an “equivalent” first-price auction, ¢,*(s), it is im-
mediate to realize that, in equilibrium, (i) bidders with the same po-
tential score (s) are expected to submit the same score 6,*(s) and (ii) the
winner is the bidder with the highest signal, s,(q).

Consider the graphs depicted in Fig. 3. First, notice that the closer the
equilibrium bids (solid line) to the zero-profit bids (dotted line) the
lower the expected profit in case of winning. Consistently with intuition,
when the weight of the rebate in the scoring rule is high (y = 2/3), the
submitted rebates are higher than in the case of y = 1/3 for almost any q
(precisely, for any g > 0.05). Second, when y = 1/3 the most likely
winner is the type with the highest g, because the scoring rule greatly
rewards quality. It takes quite high a difference between two bidders’
submitted rebates to more than compensate the score gap induced by
different quality levels. Hence, in equilibrium, the types with high
quality can “safely” increase their expected profit (by lowering the
rebate) without considerably reduce their winning chances. In other
words, the gap in the potential score among bidders with different
quality levels makes it harder (relatively to the case of y = 2/3) for less

y=1/3 1=2/3

Fig. 2. Private signals (pseudotypes) s and equilibrium bids ,*(s).
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y=1/3 y=2/8

) e oilg)
e r_max(q)

s

Fig. 3. Equilibrium Analysis. The bidding functions are plotted both in terms of
the submitted rebate r and the obtained score ¢ and compared with the
maximum potential rebate/score (dotted lines).

efficient bidders to overbid more efficient competitors. This also helps us
understand why r1,3*(q) becomes flat above a certain threshold (approx.
0.88 with our parametrization): bidders with sufficiently high quality
anticipate to be awarded a high score for quality and would then submit
a discount below 0 (i.e., a price higher than the reserve price), which is
not allowed by the rules of the game.

The opposite is true when y = 2/3. As shown in Fig. 1, sp,3(q) is not
monotonic, which shortens the length of the support of the random
variable sp/3(q). This makes bidders closer in terms of efficiency, thus
increasing their incentive to compete more aggressively and submit
higher rebates. In fact, the higher weight of the rebate in the scoring rule
allows bidders with lower quality to compensate their gap in quality by
increasing their financial score, which is made possible by lower pro-
duction costs.

3. Experimental design
3.1. Sessions

Four experimental sessions were conducted at the centro di econo-
mia sperimentale a roma est (CESARE), at LUISS Guido Carli Roma. A
total of 90 students were recruited among the undergraduate population
of LUISS Guido Carli using the ORSEE recruiting system (Greiner, 2004),
with no particular bias in favour of students from the Departments of
Economics and Finance or Business Administration and Management.
All sessions were “gender balanced”, with approximately the same
number of male/female subjects.

Experimental sessions were computerized. Instructions were read
aloud, and we let subjects ask about any doubt they may have had.® At
the end of each session, subjects were asked to compile an extensive
debriefing questionnaire (see Section 3.4 below), before receiving —in
cash and privately- their monetary winnings.

3.2. Matching

In each session, subjects are randomly sorted into matching groups
(cohorts) of 5 participants, with subjects from different cohorts never
interacting with each other throughout the experiment.” Matching
groups remain constant throughout the experiment, with no feedback

8 The experiment was programmed and conducted with the software z-Tree
(Fischbacher, 2007). A copy of the experimental instructions can be found in
the Appendix.

9 Due to the absence of some participants, we lost one cohort in session 2 and
3.
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until the very end, where the period relevant for payment is publicly
drawn and monetary payoffs are determined.'’

For each treatment y € {1,2}, subjects play 11 rounds of a procure-
ment auction characterized in which an iid random draw without
replacement determines the value of ¢ € {£},k = 0, 1,..., 10, each
player’s idiosyncratic quality, randomized across periods to make sure
that every bidder faces each and every feasible quality level during the
experiment. This permits to elicit the entire bidding function, r(g), of
each participant.

3.3. Financial rewards

Subjects receive € 10 just to show up. The value of the contract for
the winner has been set at € 10. The experimental design prevents
participants to make losses in the auction: they cannot set a rebate bid
high enough so that their monetary profits, net of the quality cost, are
below zero. While constraining subjects’ bidding space is quite common
in auction experiments, what makes our design peculiar is that players’
action space is endogenous (and varying, across players and rounds) in
that it depends on the random realization of the individual private cost.
While this design choice avoids the influence of classic behavioral biases
(such as, loss aversion) and can be considered as a “minimal rationality
requirement” imposed by the experimenter, it has the drawback to
create a possible confound when it comes to a give a quantitative
assessment of the impact of out-of-equilibrium play (as we do in Sec-
tions 4.2 and 4.3)."!

For payment, we use a random lottery incentive protocol by which
we draw one round at random and add to all participants their monetary
payoffs in that selected round. Average monetary winnings were € 12,
for a 60’ experiment, including debriefing and payment.

3.4. Debriefing

At the end of each session, subjects are asked to answer a detailed
questionnaire from which we elicit proxies of their observable hetero-
geneity. As it turns out, one of the key variables used in Section 4.2.3 for
our regression analysis is derived from the well-known Cognitive
Reflection Test (CRT, Frederick, 2005). The CRT is a simple test of a
quantitative nature especially designed to elicit the “predominant
cognitive system at work” in respondents’ reasoning:

1. A bat and a ball cost 1.10 dollars. The bat costs 1.00 dollars more
than the ball. How much does the ball cost? (Correct answer: 5
cents).

2. If it takes 5 machines 5 min to make 5 widgets, how long would it
take 100 machines to make 100 widgets? (Correct answer: 5 min).

3. In alake, there is a patch of lily pads. Every day, the patch doubles in
size. If it takes 48 days for the patch to cover the entire lake, how long
would it take for the patch to cover half of the lake? (Correct answer:
47 days).

The CRT provides not only a measure of cognitive ability, but also of
impulsiveness and, possibly, other individuals’ unobservable charac-
teristics. In this test, the “impulsive” answer (10, 100 and 24, respec-
tively) is shown to be the modal answer (Frederick, 2005). These
answers, although incorrect, may have been selected by those subjects
who do not think carefully enough. Following Cueva et al. (2016), we
partition individuals into three groups. Impulsive subjects answer the
erroneous intuitive value at least in two questions, reflective ones answer

10 Given this design feature, we shall read the data under the assumption that
the history of each individual subject corresponds to an independent
observation.

11 We thank an anonymous referee to have raised this issue and discuss it more
in detail at the end of Section 4.3.
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correctly at least two questions, and others are the residual group. CRT
group identifiers have been used as instruments in the two-step regres-
sion analysis of Section 4.2.3 (see Appendix B for details).

4. Results
4.1. Bidding behavior

Fig. 4 tracks average and equilibrium bidding functions by treat-
ment, together with the treatment score pseudotypes. As expected, when
the scoring rule puts more weight on quality (that is, when y = 1/3),
players submit, on average, lower rebates. This simple evidence lets us
conclude that submitted bids correctly follow the incentives induced by
the two treatments and, for all quality levels, players bid less aggres-
sively when the scoring rule favours quality with respect to price. We
also notice that the dispersion of bids around the average is higher at low
quality levels since, for higher quality levels, bids are constrained by the
rule that prevents losses.'?

From Fig. 4 where y = 2/3 and y =1/3 are compared, two distinct
empirical evidences result: when y = 2/3, (i) a smaller average differ-
ence between predicted and observed bids; (ii) a smaller dispersion of
the bids. In Sections 4.2 and 4.3 we shall look at both these stylized facts
in more detail, associating deviation from equilibrium to two classic
behavioural phenomena: risk aversion and noise.

4.2. Welfare analysis

The evidence provided in Fig. 4 -that individuals playing auctions
with higher weight on the rebate play closer to equilibrium- could sup-
port the conclusion that auctions with y = 2/3 may be characterized by
higher efficiency. However, we already know that this is not the case:
overall, the descriptive statistics of Table 1 deliver a ballpark estimate of
a 52 % higher allocative efficiency when the weight of quality in the
scoring rule is high (y = 1/3). As discussed in the introduction, the
allocative efficiency measure shown in Table 1 does not consider the
amount of the utility achieved by the buyer and does not compare the
realized welfare with that of second-best (or even less efficient) partic-
ipants. To this purpose, in this section we refine our welfare analysis by
looking at the buyer’s surplus and then argue for an alternative proxy for
efficiency.

y=1/3 v=2/3

— — — BNE Rebate
--------- Average Rebate

Zero-profit rebate (r_max)
Average Rebate +1.96 st. dev.

Fig. 4. Equilibrium and empirical bidding functions by treatment.

12 As a result, when q =1, c(@) =1, i.e., players are forced to bid a rebate
equal to zero.
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4.2.1. Buyer’s surplus

We first consider the loss of surplus accruing to the buyer compared
(a) to the first best (i.e., bidders submitting the highest allowed rebate)
and (b) to the BNE. More precisely, for each auction round, we compute
the difference between the buyer’s utility — that is, the winning bidder’s
score — (a) when the most efficient bidder submits a zero-profit rebate or
(b) when bidders submit BNE bids and the observed score. Fig. 5 shows
the distribution of both our measures of loss of the buyer’s surplus under
both treatments. The first stark, albeit unsurprising, evidence is that
when y = 1/3 in most cases there is no loss for the buyer with respect to
the first best (Fig. 5a), that is, the buyer achieves the highest possible
utility. This merely reflects our previous result on allocative efficiency:
when the weight on quality is high, the highest-type bidders easily win
the auction with no rebate (as previously emphasized, they are con-
strained to make no rebate by their high production cost and cannot bid
a higher price given the ceiling set by the reserve price). Furthermore,
many auction rounds yield the buyer a higher surplus than under the
BNE behaviour (a negative loss is shown in Fig. 5b), which implies that
the winning bidder bids more aggressively than when submitting the
BNE bid.

When y = 2/3, instead, we observe high density of cases where the
buyer’s realized surplus is very close to the equilibrium surplus as well
as many cases of surplus loss (and lower probability of sizeable surplus
gain) with respect to BNE compared to the y = 1/3 case. If we put
together this evidence with Figs. 4 (and 6), we can confirm that, on the
one hand, more bidders underbid in the case y = 2/3; but, on the other
hand, winning bidders seem to underbid to a lesser extent.

Before moving to a more formal analysis of the buyer’s achieved
efficiency under the two different scoring rules, we carry out a further
exercise to better understand how effective the two scoring rules are in
pursuing the buyer’s objective. In our experimental setting, we have
assumed that the buyer sets a scoring rule that “truthfully” reveals her
own utility function. In other words, she sets a value of y that perfectly
represents her relative price/quality preference. Therefore, we abstract
away from the (mechanism design) problem of setting the “optimal”
scoring rule given the buyer’s utility function. In spite of the “naif-
buyer” assumption it is instructive to look at how much utility a buyer
with utility characterized by y = 1/3 (resp. 2/3) would achieve if she
were to set a scoring rule with y = 2/3 (resp. 1/3). In other words, we
compute the buyer’s utility under the assumption of a misrepresentation

Observed vs First Best

Observed vs BNE

20 30 40
L L

Percent

10
L

T T T T T T

-4 -3 -2 -1 0 A

Lanll ol
o6 08

Loss of Surplus
‘_ Low Gamma [ High Gamma |

a) b)

Fig. 5. Distribution of the loss of realized buyer’s surplus with respect to (a) the
first best, i.e. the case where the most efficient bidder of each round bids zero-
profit rebate and (b) the case where all bidders submit BNE rebate. Black (gray)
vertical dashed lines correspond to the average surplus loss for the low (high)
gamma treatment, respectively.
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of her utility function. Fig. 6 shows the result, by providing a boxplot
representation of the distribution of the surplus obtained by two
different buyers (with a different utility function) under two alternative
scoring rules. In other words, for each “alternative” buyer, we compute
the achieved surplus in the auction rounds carried out under both
treatments (i.e., under both scoring rules). More specifically, Fig. 6a
shows that the surplus of a buyer with objective function y = 1/3 is
considerably higher when she adopts a truthful scoring rule (i.e., with y
= 1/3) rather than the “alternative” rule (i.e., with y = 2/3). The same
holds for a buyer with utility function y = 2/3, as shown in Fig. 6b. This
result, albeit unsurprising, is still relevant under two different perspec-
tives. First, it confirms the robustness of our experimental results, in the
sense that it makes it evident that the participants’ behavior under
alternative mechanisms does affect the buyer’s utility sizeably. Second,
it shows how a “incorrect” choice of the scoring rule may hamper the
buyer’s objective. This is relevant for the procurement practice, insofar
as in some legal environments the procurement law or regulation set
constraints to the price/quality weighting that can be used by procuring
entities - let alone that many procurers may find difficult to express their
own preferences with respect to price and quality in terms of relative
weightings in a scoring rule.

Finally, the comparison between the two sides of the figure also
starkly enlightens a relevant implication of our setting: When the buyer
primes quality (y = 1/3 in her utility function), but sets the “wrong”
scoring rule (y = 2/3), she undergoes a huge variability in her achieved
utility. This goes back again to the one of main findings of our experi-
ment, that is, when the scoring rules weights more price bids, more
participants with different types have concrete chance to win, because a
difference in q-types leads to a (relatively) smaller difference in pro-
duction cost. This means that the auction outcome depends more heavily
on bidding behaviour (submitted bids) than on drawn bidders’ types
(quality). Yet, the higher dispersion in the winner’s quality (which
characterizes the y = 2/3 scoring rule) heavily affects the realized sur-
plus of a buyer that primes quality.

4.2.2. Efficiency

The welfare analysis sketched so far is based on the buyer’s surplus
and it focuses on the winning bids only. In order to investigate more in
depth the empirical evidence arising from all participants’ behavior, we
provide an alternative definition of efficiency, which measures the
extent to which the buyer achieves higher efficiency by assigning the

Buyer Obj. Function y=1/3

Buyer's Surplus
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contract to the auction winner, compared with a randomly selected bidder
within the current matching group. Our alternative efficiency measure,
7, is defined as

S(qw.rw) —$5°0,8(4:.7)
§—420,8(gim)

- S(qw.rw) —S(ga,r4)) _
s — S(qAﬂrA))

€ [07 1]7 (5)

where, within each matching group and period,S(gyy,rw) is the observed
score obtained by the auction winner, s is the optimal score, i.e. the score
of the highest pseudotype among bidders and S(g4,r4) is the average
score of that specific matching group and round.

Fig. 7 reports the distribution of 5 by treatment. Again, we detect a
stark contrast between treatments where, when y is low, 7 is about 1 for
more than 40 % of all observations.

Searching for reasons for such a strong treatment welfare effect, in
Fig. 8 we refine the evidence of Fig. 4 by plotting average and equilib-
rium bidding functions by treatment isolating, for each cohort and
period, the auction winners (panel a) from the rest (panel b). Here we
observe a stark difference in behaviour across treatments: while winners
tend to overbid (with the respect to the BNE benchmark) when quality

Percent
20 30 40
1 1 1

10
L

1. dla.

T T T T

2 4 6 8 1
I_ Low Gamma [N High Gamma

Fig. 7. Distributions of 5 by treatment.

Buyer Obj. Function y=2/3

Low Gamma High Gamma

9
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Y

Fig. 6. Distribution of the observed buyer’s surplus when her utility function is characterized by y = 1/3 (panel a) and y = 2/3 (panel b). In both cases, the dis-
tribution is provided considering the outcome of the auction rounds where the scoring rule was characterized by y = 1/3 (left side of each panel) and y = 2/3

(right side).
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Fig. 8. Equilibrium and empirical bidding functions for the most efficient pseudotypes (panel a) compared to the rest (panel b).

weighs more than price, they underbid in the alternative scenario.
Similarly, auction “losers” underbid more heavily in the treatment that
primes quality over rebate.

i dn _ dn _ _7(6=S(gwrw))
Notice that, by (5), drw — E*S(Qﬁ > 0 and s — —m <0.In

other words, an increase in the rebate of the winner (resp., a random
participant), fosters (lowers) efficiency. As Fig. 8 shows, both these ef-
fects favor efficiency in the treatment that primes quality over rebate.

This intriguing evidence suggests further empirical analysis. First of
all, while separating auction winners from the rest makes perfect sense
when measuring the relative efficiency of the auction result (to the
extent that it is the winner that sets the auction’s efficiency, however
measured), it also creates obvious endogeneity problems in that some
bidders win the auction exactly because they behave differently from the
others. On the other hand, it may well be that the fact of being exoge-
nously assigned the most efficient pseudotype (which predicts winning
the auction almost perfectly when y is low, see Table 1) may induce
differences in behavior at the treatment level. In Sections 4.2.3 and 4.3
we follow this conjecture by way of two complementary approaches. In
Section 4.2.3 we perform a “mediation analysis” (Imai et al., 2011) with
the aim of separating the “direct” treatment effect on efficiency due to
the difference in the allocation mechanism, from the “indirect” effect,
due to out-of-equilibrium behavior. Finally, in Section 4.3 we structur-
ally estimate the QRE induced by our data, with the aim of identifying
how the two structural parameters of the model, -p measuring risk
aversion and p measuring behavioural noise- depend on the treatment
and the random allocation of pseudotypes.

4.2.3. Mediation analysis

In what follows, we disentangle the “direct” treatment effect on ef-
ficiency —which is due to the different strategic characteristics of the two
treatments- from the “indirect” one ~which is due to out-of-equilibrium
behavior under the two treatments. To this aim, our estimation strategy
is based on the following claims:

1. for any given deviation from equilibrium, y has a direct effect on g
through the shape of the potential score function (i.e., the strategic
properties of the different treatment conditions);

2. vy also exerts an indirect effect by affecting the magnitude of bidders’
“trembles” around equilibrium, which may also depend on auction
and matching group specific characteristics (such as the 5 bidders’
realized quality and individual heterogeneity).

Fig. 9 illustrates these two effects upon which we design our esti-
mation strategy.

If players were always to play the equilibrium, we would always
observe an efficient allocation. Hence, the question concerning to what
extent y determines -either directly or indirectly- relative efficiency in
the auction outcome -proxied by - makes only sense out of equilibrium.
In this respect, for any given deviation from equilibrium, the direct effect
explains to which extent vy - that is, the characteristics of the underlying

game- affects the actual realization of #7; by contrast, the indirect effect
captures the impact of y on efficiency via the level of noise which can be
ascribed to a change in the treatment conditions.

Identifying the direct from the indirect effect is also relevant for the
auction designer. If, say, the direct effect did outweigh the indirect one,
then the auction designer would be in the position to select which game
is more likely to generate her preferred outcome by simply looking at the
equilibrium properties of alternative game-forms, which is the standard
practice of mechanism design. Conversely, if the indirect effect turned
out to be stronger, the auction designer should also take into account
behavioural and context-specific factors, which may substantially
complicate his task.

With these premises in mind, we adopt a two-stage least-squares
random-effect estimator to quantify the direct and indirect effects of y on
efficiency. Our estimation strategy (see Appendix B for details) relies on
the following 2-step procedure:

e Step 1. We regress the difference between observed and equilibrium
bids of RANK1 and non-RANK]1 players on: i) our treatment variable,
Y, by way of a binary index, positive when y = 2/3; ii) proxies of the
auction-specific randomized quality levels and iii) identifiers of the
CRT partition (see Section 3.4). Step 1 allows us to quantify the value
“A” in Fig. 7 as the marginal impact of y on the observed “trembles"
around equilibrium for two groups: RANK1 and non-RANK1 players.
Step 2. We regress 71 on i) the predicted deviations from equilibrium
of RANK1 and non-RANK1 players estimated in Step 1; ii) our
treatment variable, y, and iii) the same proxies ii) used in Step 1. Step
2 allows us to disentangle the value “C” (as the marginal impact of y
on efficiency) from the value “B" of Fig. 7 (as the marginal impact on
efficiency of the predicted bidders’ trembles around equilibrium).

The value “C” from Step 2 represents the direct effect of our treatment
variable on efficiency, that is, how the potential score function charac-
teristics would affect 5 if players made identical mistakes under both
treatments. The product of values “A" (from Step 1) and “B" (from Step 2)
represents, instead, the indirect effect of y on efficiency. Detailed results
from the estimation strategy are reported in Appendix B. Table 2 reports
only the estimated coefficients of the direct/indirect effects, together
with their sum.

As Table 2 shows, we find an overall negative and significant treat-
ment effect on efficiency, that is the average efficiency measure of
auctions characterized by higher weight on price is significantly lower
than that of auctions characterized by higher weight on quality. This
result is mainly due the estimated “direct” effect, once the effect on
players’ out-of-equilibrium behavior (the “indirect” effect) has been
controlled for. In other words, when y = 1/3, the score component
determined by bidders’ quality endowment plays a more significant role
than bidders’ submitted discount in determining the auction outcome

In particular, the “direct” effect is found to be significantly negative:
when y = 2/3, the shape of the score function does not monotonically
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Shape of the potential score function

y (Direct Effect “C”) Efficiency
)
Bidding behavior
(Indirect Effect)

Fig. 9. Direct and indirect effect of y on efficiency.

Table 2
Estimation of the direct/indirect effects.
Marginal impact p-value
Direct effect —0.289 0.085
Indirect effect +0.150 0.338
Total -0.139 0.022

increase in quality. Hence, even small “trembles” of bids around equi-
librium are potentially more able to reduce the likelihood that RANK1
plyer wins the auction and, in general, the auction’s efficiency,
compared to a y = 1/3 situation. Instead, the “indirect” effect of y = 2/3
on efficiency turns out to be positive. Indeed, the results from step 1
suggest that, when y = 2/3, bids’ deviations from the equilibrium of
RANK1 players are (on average) significantly lower (since the zero-
profit and the BNE rebates are much closer than when y = 2/3). This
negative effect of y = 2/3 on the observed deviations from the equilib-
rium, combined with its negative “direct” effect via the shape of the
potential score function, makes the overall “indirect” effect of y = 2/3
positive, although not significant (p = .338, see Table 2).

4.3. Structural estimation

The aim of this section is to measure the impact on behavior of two
natural ingredients of models of choice under risk and uncertainty. risk
aversion and behavioral noise. Risk aversion is a common finding in
experimental auctions and its presence may yield more overbidding
(compared to the risk-neutral equilibrium prediction) in that risk aver-
sion increases the opportunity cost of not winning the auction (see
Krishna, 2009). Since (as it is standard in applied auction theory) we
neglect to consider risk aversion in theoretical discussion of Section of
Section 2, we are still interested in assessing what we miss using our
first-order approximation. On the other hand, noise is another key
ingredient of behavioral models, and we have already discussed the
identification of a treatment effect in the observed deviation from
equilibrium in Section 4.3. In this respect, compared with risk aversion,
the impact of noise on efficiency is more subtle, in that it clearly depends
on whether noise leads to overbidding rather than underbidding, and
how it is related with the play of auction winners (or, higher pseudo-
types), rather than losers (or, lower pseudotypes).

In our structural estimate we follow closely Goeree et al. (2002) by
estimating the QRE induced by our data under the assumption that

bidders’ utility is a Constant Relative Risk Averse (CRRA) trans-
formation of their monetary payoff, u(y) :% and the probability of
submitting any specific rebate, 7 € {0,75,...,1 — ¢(q)}, is as follows:
. explp u(l —c(q) —7)w(7|
P (lg) = — 0B 1= @) ~Pw(Fi) ©
Do explp u(l —c(g) —r)w(rlg)]

where the error parameter, p>0, determines the sensitivity of choice
probabilities with respect to payoffs: when p— oo, the option with the
highest expected utility is chosen for sure, while in the limiting case of
p—0, behavior becomes essentially random. We identify with

w(F|q) strategy 7’s winning probability, that is, the probability that the
associated score is the highest, given the other group members’ QRE
play.

Table 3 reports the estimates of p and p for three nested models: in
Model i) we condition the estimates of both parameters to depend upon y
and on a binary index, we call it RANK_1, which is positive if the bidder’s
pseudotype is the highest within her matching group. As we discussed
earlier, this index is meant to capture structural changes in behavior due
to the perception of being in an advantageous position in the auction.
While changes in the values of p may well depend on treatment effects
(due, for example, to the fact that, players’ pseudotype is not increasing
in the quality when y is high, this increasing the strategic complexity of
the mechanism) it is less plausible to think of risk aversion -usually
modeled as an intrinsic characteristic of each individual- may depend on
the treatment, or contingencies along the sequence of play. This is why
Model ii) constrains the estimation of p to a single constant, independent
of the treatment and relative ranking within each individual auction.
Finally, Model iii) -by analogy with Section 2, imposes Risk Neutrality (i.
e., p equal to 0) to all subjects.

The structural estimates of Table 3 deliver a qualitative message
which is robust across the various specifications of the model: i) subjects
are risk averse (and risk aversion does not depend on treatment, or the
relative advantage in the auction) and ii) y (but, especially, RANK_1)
reduces (enhances, resp.) noise. In this respect, the qualitative differ-
ences in bidding behavior we observe in Fig. 6 find a quantitative
confirmation in the differences in the estimated noise across treatments
and relative positions.

Fig. 10 tracks average bids conditional on quality comparing actual
vs predicted behavior under model ii) of our QRE estimations by treat-
ment. First, we notice that, when y is low, the QRE prediction is able to
capture the tendency to underbid -in comparison with the BNE predic-
tion- in our data. In this case, this is mainly due to the presence of noise
rather than risk aversion, to the extent to which the latter pushes
behavior in the opposite direction. As for the QRE prediction when vy is
high, this goes again in the direction of underbidding for high level of
quality, although this behavior is only partially supported by the data.

Before we conclude, we acknowledge that the quantitative assess-
ments of noise performed in this paper may be underestimated by the
fact that, as we mentioned earlier, subjects are prevented by design to
push their rebate above the level that, conditional on their individual
cost, would lead to negative payoffs in case they win the auction.
Although such behavior is rarely observed in auction experiments, we
test the robustness of our results by estimating our model (relying on
bootstrapping to make standard errors comparable across estimations)
over reduced datasets: i) one in which we set ¢ = 0 (and bids can vary
over the entire feasible interval and ii) only considering g<.5 (where the
effect of the constrained on rebates is reduced since costs ae compara-
tively low). Results are reported in Table C.3 and confirm our main
finding: noise is higher in the treatment with high weight on quality, but
treatment effects are never significant.
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Table 3
Structural estimation.
i) 3 rho ii) 1 rho iii) RN
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.
p gamma_66 —0.067 (0.351) 0 N/A 0 N/A
RANK_1 —0.071 (0.122) 0 N/A 0 N/A
rho_cons 0.487 (0.333) 0.414%** (0.092) 0 N/A
n gamma_66 13.522 (13.135) 10.902 (11.775) 78.969%** (21.326)
RANK_1 —1.759 (5.617) —5.349** (2.753) —14.862%** (5.637)
mu_cons 10.527 (8.259) 13.927** (6.411) 35.437** (11.014)
Obs. 990 990 990
Log-lik. —1491.4597 —1491.7206 —1507.8205
y=1/3 y=2/3
“). -

r_MAX

—=— QRE Av. rebate

BNE rebate
—=—— Av. rebate

Fig. 10. Average QRE bidding by treatment.

5. Conclusions

Our experiment provides the mechanism designer with two com-
plementary pieces of information -although confined within the very
specific bounds of our parametric settings (a linear scoring rule,
quadratic costs, just two weights, etc....). First, more weight on rebate
reduces noise, as out-of-equilibrium deviations are more costly (in terms
of score) for the bidders. Second, more weight on quality yields higher
efficiency, in spite of the higher level of the associated noise. It should be
noticed, though, that the (quite natural, from a viewpoint of mechanism
design) search for an “optimal y” is well beyond the scope of this paper.
This is because the latter is usually influenced by contextual factors
specific of each tender and by the constrains put in place by the legis-
lators. For instance, in Italy the national Law for Public Contracts used to
make it mandatory to use at least a 70 %-weight on quality when public
buyers wish to carry out a procurement procedure by using a scoring
auction.'® These considerations notwithstanding, our analysis allows us
to conclude that i) the level of deviation from equilibrium (the indirect
effect) varies with the weight associated with each dimension composing
the score, and that ii) in the choice of the optimal weights the designer
should take into account the differences in efficiency due to both —direct
and indirect- effects. Nonetheless, our results suggest that large mis-
representations of the buyer’s objective function in the scoring rule are
unlikely to be optimal.

The most natural extension to this paper would be to look at a pro-
curement environment in which -by analogy with Che (1993)- partici-
pants have to decide both the level of quality and the rebate. This could

'3 This provision was suppressed in the newly adopted Public Procurement
Regulation, which entered into force on the 1% July 2023.
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be implemented by considering bidders with heterogeneous (and pri-
vately observed) productivities who have to determine -simultaneously
and independently- the quality and the price of their tender. Along these
lines, Camboni et al. (2023) study an experiment based on scoring rule
procurement auctions in which subjects simultaneously submit both
quality and price, and a linear scoring rule similar to ours awards the
contract to the highest score bid. They compare five different experi-
mental treatments in which sellers i) bid only on one dimension (price or
quality), ii) bid on both dimensions but the choice of one is constrained
to be binary, or iii) they can bid, unconstrained, on both dimensions. In
this sense, they can naturally rank their treatments in terms of their
relative complexity. They also perform a structural analysis and find
results that are consistent with ours (in particular, risk aversion does not
depend on the treatment). They also find that noise increases with
complexity, although their definition of complexity -upon which their
design is built- is rather different than ours and results cannot be
compared in a straightforward way.

Data availability
Happy to share the data.if the paper is accepted.
Supplementary materials

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.socec.2023.102131.
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