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This dissertation studies the procurement problem with focus on the issue of quality. Most tar-
get items of procurement are not standardized goods, but are some customized goods with quality
measured by non-monetary attributes. Scoring auction is one of the most popular procurement
schemes used in practice. In a scoring auction, each supplying firm chooses its bid as a combi-
nation of price and quality attributes according to a pre-announced scoring rule. The scoring rule
ranks all submitted multi-dimensional bids and award the contract to the firm with highest score.
To implement a scoring auction, quality assessment is necessary, but the buyer usually does not
possess the relevant industrial expertise. So the buyer has to hire an intermediary agent and the
problem of quality manipulation arises when the quality reports of bids are distorted by the agent.
In particular, the agent may exaggerate the corrupted firm’s quality score in exchange for bribe.
Chapter 1 provides an theoretical analysis on the optimal procurement scheme design problem un-
der quality manipulation. Chapter 2 is an empirical study on scoring auctions. Chapter 3 shows

how we can statistically test quality manipulation from scoring auction data.
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Chapter 1

Procurement Auctions under Quality

Manipulation Corruption|

Abstract

In the procurement of a project with differential quality, quality manipulation arises
when the quality-evaluating agent is bribed to exaggerate the quality score of a cor-
rupted firm. We study how the buyer shall adjust the procurement scheme under the
threat of quality manipulation. Besides the classical tradeoff between efficiency and
information rent, deterrence of corruption by the inefficient firm plays a key role in
the optimal mechanism design. We show that, instead of shading as in a second-best
mechanism without corruption, the buyer may overstate her preference on quality.
Moreover, the buyer may be better off because the efficient firm’s rent is eroded by
corruption. In comparison of the two popular procurement schemes, the dominance of
scoring auctions over minimum-quality auctions in the literature does not hold under

quality manipulation.

'This Chapter is a joint work with Jijun Xia from Shanghai University of Finance and Economics.



1.1 Introduction

We study the optimal procurement mechanism design problem under quality manipulation cor-
ruption in this Chapter. [Tadelis and Bajari| (2006) define procurement problem as ‘“‘the procurer
(buyer) hires a contractor who supplies some customized goods according to a set of desired spec-
ifications”. By nature, the target items in most procurements are not standardized goods, but are of
differential quality measured by multiple non-monetary attributes. For example, in procurement of
a construction project, at the moment of transaction, the supplying firm needs to specify the design,
materials, equipments, delivery date, safety, service, and maintenance details. Therefore, if con-
tract is awarded through a competitive tendering auction process, each bid is multi-dimensional
object that consists of a listed price and other non-price quality attributes written as a proposal.
Depending on the rules of the auction, the winning bid either obligates the bidder contractually or
serves as a guideline for writing a detailed contract.

To implement a procurement, quality assessment is necessary in the auction process, but the
complexity and subjectivity of quality evaluation make it particularly susceptible for corruption.
This is primarily because, in a typical procurement, the buyer (she) is not an expert in the industry
and lacks the specific industrial expertise expertise to evaluate quality of bids submitted by sup-
plying firms (they/it). In some cases, at the time of determining the auction winner, the quality is
unobservable to the buyer. In other cases, even after the item or project is delivered, the quality is
very costly to verify and may not reveal immediately. Then the buyer is forced to hire mediators
who have ability to evaluate the quality of offered items. In real practice, these mediators may
include a street-level bureaucrat with industrial experiences, a professional procurement agency
company, an auctioneer, and a committee of industrial experts. In this thesis, we abstract multiple
layers of mediators into one layer, called the agent (he). Corruption would not be an issue if the
buyer could observe quality directly without leaving any discretion to the agent. But because the
agent is given some discretion in evaluating quality, he can exert it to seek bribes from firms. In
particular, the agent may exaggerate the quality assessment of the corrupted firm. Because the

process of quality evaluation is both complex and subjective, to some extent, such manipulation



may not trigger investigation. If this kind of corruption indeed occurs, then the quality evaluation
report is manipulated. Hence, we call this problem quality manipulation.

Quality manipulation is a prominent issue in procurements. [[nternational (2014) reports that
the member states of the European Commission lost around €120 billion in corruption of pro-
curements each year It points out that “The cost of corruption in public contracting is not only
measured by money lost. Corruption distorts competition, can reduce the quality, sustainability
and safety of public projects and purchases, and reduce the likelihood that the goods and services
purchased really meet the public’s needs.”

In this Chapter, we focus on the two most widely used procurement schemes in practice: scor-
ing auctions and price-only auctions with minimum-quality standards In a scoring auction, firms
are asked to submit bids as price-quality combinations. A pre-announced scoring rule ranks these
bids and the contract is awarded to the firm with the highest score. In a price-only auction with
minimum-quality standards (minimum-quality auctions), the buyer publishes a minimum quality
requirement and all bids satisfying the requirement are evaluated on a price basis. According to
Che|(1993)), Asker and Cantillon| (2008)), and |[Nishimura (2015), in a corruption-free environment,
the optimal procurement scheme has two main features. First, the buyer under-reports (shades) the
her true preference on quality because of the tradeoff between efficiency (of quality production)
and extraction of information rent Second, scoring auctions dominate minimum-quality auctions

with respect to the buyer’s payoffEI Intuitively, for any given actual procurement quality from the

Data and facts of corruption can be found from Trace International Compendium, OECD Anti-bribery Convention,
and [Transparency International Corruption Report.

3Lots of procurements are not done in auctions, but the process of searching for goods with the desired price-
quality combination has many aspects similar to auctions. [Bajari et al.| (2009) study the difference between several
procurement schemes: (bilateral) negotiation, invited bidders, prequalified bidders, and open competitive bidding.

4 See Proposition 4 in|Che|(1993) and Proposition 3 in[Burguet and Che|(2004). This result can be considered as a

generalization of the optimal auction in|Myerson| (1981)

3See Theorem 6 in /Asker and Cantillon| (2008). They show that scoring auctions also dominate beauty contests,
and menu auctions. In a beauty contest, or design-build auction, there is no pre-announced scoring rule. Buyers
submit bids as price-quality combination and the winner is determined by the buyer’s preference over submitted bids.
In a menu auction, bidders are allow to submit multiple price-quality combination bids, instead of only one in scoring
auctions. The buyer will then determine the winner and the item on its menu.
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winner, compared to the fixed quality choice in minimum-quality auctions, the opponents’ choice
of quality are more flexible in scoring auctions. Therefore, the winner’s information rent is lower
in scoring auctions and the buyer is better off.

When quality manipulation is introduced to this environment, the auction outcome is critically
determined by the relative magnitudes of the technological renzﬁ of the efficient firm and the cor-
ruption rent of the corrupted firm. The buyer can influence the sizes of these two rents by adjusting
the procurement scheme. She will prefer to deter corruption by the inefficient firm under certain
conditions. The optimal mechanism in this case has some properties of the different from the
prediction of existing literature. These new properties form the three main results of our study:

Result 1: In selecting the scoring rule or minimum-quality requirement, the buyer over-report
her preference on quality in order to deter corruption. According to single-crossing property, the
efficient firm has a stronger technological advantage in producing high quality. If the auction rule
induces firms to produce at a low quality (distorted downward from the first-best quality), the
efficient firm can be defeated by the less-efficient-but-corrupted firm with manipulated quality. To
deter corruption, the buyer must provide incentive to induce a high quality, where the efficient firm
can beat the corrupted firm. In this case, the optimal scoring rule may over-report her preference
on quality and the actual procurement quality may even be above the first-best level.

Result 2: The superiority of scoring auctions over minimum-quality auctions in corruption-
free environment no longer holds when the buyer chooses to deter corruption by over-reporting
quality preference. In this case, minimum-quality auctions result in higher payoff to the buyer
because the actual procurement quality is less distorted than scoring auctions. Our model provides
answer to the paradox that minimum-quality auctions are consider sub-optimal in the literature,
but are widely used in real world practice (see Lundberg et al., 2006). It supports the empirical
findings in Tran| (2011), which shows that buyers benefit from switching from scoring auctions to

minimum-quality auctions.

®Because the buyer don’t know the efficiency (type) of the firm, the most efficient firm receives a rent due to
incomplete information. It is usually called the information rent in the literature. In this thesis, because there is also
incomplete information on corruption, we use technological rent and corruption rent to distinct them.
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Result 3: Compared to the corruption-free environment, the buyer may be better off from
corruption deterrence due to rent saving and efficiency improvement. It happens when the most
efficient firm is unlikely to be corrupted. Intuitively, when some inefficient firm is corrupted, its
corruption rent will erodes the technological rent of the efficient firm. In this case, the buyer only
needs to pay the difference between these two rents. Essentially, the efficient firm is facing stronger
competition than the case without corruption and the buyer reaps the benefit. This is against the

conventional wisdonﬂ that the presence of corruption hurts the buyer.

1.2 Literature Review

When the procurement target items are of differential quality, scoring auctions are commonly
used. The advantage of scoring auction is proven both by theory and its popularity. In practice,
each bidder is asked to submit one bid as a price-quality combination. The contract is awarded to
the bidder that receives the highest score based on a pre-announced scoring rule. By specifying a
transparent scoring rule, firms are able to compute the monetary value of supplying at each quality
level and submit proposals desirable to the buyer. In the seminal paper by Che (1993), he derives
the equilibrium of scoring auctions under quasilinear scoring rules and shows that firm’s quality
and price choice can be separated. He shows that both first-score auctions (FSA) and second-score
auctions (SSA) implement the optimal mechanism and yield the same expected utility to the buyer.

Asker and Cantillon| (2008) introduce multi-dimensionality of private information and qual-
ity attributes to Che’s model. They characterize the equilibrium and expected score equivalence
of FSA and SSA. In addition, they show that a scoring auction with a quasilinear scoring rule
dominates other alternative procurement schemes including price-only auctions with minimum
quality standards, beauty contests, and menu auctionsﬁ David et al.| (2006) and (Chen-Ritzo et al.

(2005) provide experimental evidence indicating that scoring auctions dominate traditional price-

"The buyer (uninformed party) is hurt by corruption in the literature of bidding rings (e.g. |Graham et al.| (1990),
McAfee and McMillan| (1992), and [Hendricks et al.| (2008)), auctioneer-bidder cheatings (e.g. [Compte et al.| (2005)),
Burguet and Perry|(2009), and|Burguet and Perry|(2014))), and quality manipulation (e.g. |Celentani and Ganuza| (2002)
and Burguet and Chel|(2004)).

$In a menu auction, bidders are allow to submit multiple price-quality combination bids, instead of only one in
scoring auctions. The buyer will then determine the winner and the item on its menu.

12



only ones. Wang and Liu (2014), Dastidar (2014), and Hanazono et al.|(2015) extend the model to
non-quasilinear scoring rule environments. Among these papers, [Hanazono et al. (2015) consider
the most general setting that covers price-quality ratio, fixed price best proposal, and convex scor-
ing rules. They characterize the equilibrium of FSA and SSA and show that their expected score
rankings depends on the curvature of the induced utility of firms.

In general, it is difficult to characterize the optimal mechanism and its implementation by a
scoring auction when the environment is complicated. In Branco|(1997), costs of different firms
have a common component and thus are correlated. In this case, an optimal contract cannot be
implemented by first or second-score auctions, but instead requires a two stage mechanism: first
select a firm through an auction, then readjust the level of quality via bilateral bargaining. |David
et al. (2006) characterize an optimal scoring rule within the class of weighted criteria rules with
restriction of additively separability of attributes on both preference and cost. |/Asker and Cantillon
(2010) find the optimal mechanism in a specific environment where firm’s types are two binary
distributed random variables. They show that a scoring auction yields a performance closed to
that optimal mechanism numerically. Nishimural (2015) show that implementation of the optimal
mechanism via a scoring rule requires substantial cost complementarity among quality attributes.
In other words, the widely used linear weighted scoring rule is sub-optimal because it does not
exhibit enough complementarity among attributes to provide the correct incentive.

Concerning quality manipulation, it receives less attention from economists than collusion
problems, such as bidding ringsﬂ Celentani and Ganuza (2002) introduce an endogenous cor-
ruption relation forming process to the scoring auction model of |Che|(1993). Their model focuses
on the formation of the corruption side-contract and allow the corrupted firm to win for sure once
the agent accept a bribe. They show that increasing the competitiveness of the environment (more

firms) may not reduce corruption. Burguet and Che (2004) consider a Bertrand-style environment

Concerning collusion in procurement, there is a large body of literature on bidding rings. In a bidding ring or
a cartel, a group of bidders coordinate their bids to suppress rivalry and capture some of the rents that otherwise
would be transferred to the buyer. In an efficient cartel, the cartel leader is the only serious bidder, while the other
cartel members submit high phony bids. The literature on bidding rings are rich both theoretically (e.g. |Graham
et al.| (1990), McAfee and McMillan| (1992), and Hendricks et al.| (2008))), empirically (e.g. [Porter and Zonal (1993)),
Pesendorter] (2000), Bajari and Ye| (2003), and |Asker| (2010)).
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of two firms with complete information. The corruption relation depends on the outcome of a
bribery competition, where two firms competes on bribing the agent and the winner’s quality score
is exaggerated. Burguet and Che|(2004) show that when the scope of quality manipulation is large,
the existence of both bribery competition and market competition brings in mixed strategy equi-
librium and causes efficiency loss. The efficient firm cannot guarantee to win the contract because

the inefficient firm may spend all its resource on either paying a high bribe or submitting a low bid.
1.3 Model and Equilibrium

1.3.1 Environment

The buyer (she) seeks procurement of a project with differential quality g € R, from firms.
If the project is delivered at quality ¢ and the compensation is p € R, the buyer’s payoff is
U(q,p) = q— p- The buyer may choose from two procurement schemes: scoring auction with
linear scoring rule and minimum quality auction. If the buyer uses a scoring auction, she chooses
a quality weight . The scoring rule S(g,p) = ag — p is a function mapping quality and price
into a score. The firm whose bid receives the highest score wins the contract. If the buyer uses a
minimum-quality auction, she specifies a minimum-quality standard g. The contract is awarded to
the firm who satisfies the requirement and asks for the least compensation.

After the procurement scheme is announced, each firm is asked to submit a sealed-bid as price-
quality combination. Firm i is characterized by the cost function C(g, 6;) with one dimensional
type 6;, which can be considered as an efficiency parameter or marginal cost. Assume that C(g, 6)

satisfies the following assumption:

Assumption CF: (i) C(q, 0) is strictly increasing in ¢, decreasing in 6, and twice continuously
differentiable with respect to both parameters. (ii) C(0,0) =0, C, >0, Cyy >0, Cy9 >0, Cpye > 0,

limy o0 Cy = o, and limy 0 C, = 0. (iii /%] Cypy > —CZ,.

If the firm wins the contract with bid (p, g), its payoffis w(p,q;0) = p—C(q, 0). Firm’s payoff

10This is a sufficient condition for uniqueness of the solution for analytical tractability. It can be relaxed without
affecting qualitative prediction of the model.
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is normalized to zero if it does not win the contract. In the benchmark model, we assume there are
two firms with type 0; and 0, respectively, with 8; < 6,. We refer firm 1 as the efficient firm and
firm 2 as the inefficient firm.

Because the buyer does not possess the expertise to evaluate quality of submitted bids, she hires
an agent (he). Following |Burguet and Che (2004), we assume that the agent can manipulate the
evaluation by raising the corrupted firm’s quality score by a parameter m > 0, which is called the
scope of quality manipulationm If the corrupted firm submits a bid (p, q), its score is exaggerated
from S(p,q) to S(p,q+m). When m = 0, there is no quality manipulation and we say the agent is
honest.

The corruption relation is formed exogenously: the agent is matched with the efficient firm
with probability x and the inefficient firm with probability 1 —x, x € [0, 1]. The buyer knows this
probability x, but does not know which firm is corrupted. Similarly, the buyer knows one firm is
of type 0 and the other 6,, but does not knows which one is efﬁcient In the benchmark model,
we assume complete information among firms on both the cost and the corruption relation. Each
firm knows its type and its opponent’s type. If a firm is corrupted, it knows its opponent is not
corrupted, vice versa.

The procurement auction game follows the timeline:

t = 1, types and the corruption relation realize. Both firms learn these information.

t =2, the buyer chooses and announces a scoring rule S(g, p) (a minimum-quality standard g).

t = 3, two firms submit their sealed bids (p,q) simultaneously.

t =4, the agent evaluates quality score of the corrupted firm. In a scoring auction, the corrupted
firm’s quality score is exaggerated by m. The contract is awarded to the firm with the highest
score according to the scoring rule. In a minimum-quality auction, the corrupted firm’s quality

requirement reduced to g — m. The contract is awarded to the firm bids at lower price.

'n Burguet and Che(2004), this parameter m is called the agent’s manipulation power. They show that if there is
no monitoring or the monitoring intensity is not correlated with m, the agent will always exert his full manipulation
power. We assume that preventing quality manipulation is impossible or too costly because the buyer lacks industrial
expertise.

12In other words, the buyer knows the probability distributions of corruption relation and type, but does not know
their realization.
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We consider a relative simple environment in the benchmark model. In Section 1.5, we pro-
vide extension on having more than two bidders, incomplete information on cost, and incomplete
information on corruption relation. There are three remarks on the model setup:

Remark 1: We consider a one dimensional quality measure and let it enters both the buyer’s
payoff function and scoring rule linearly. It is less restrictive than it appeared to be. First, if the cost
function is convex and the scoring rule is quasilinear, there is no loss of generality to consider a
one dimensional quality measure (Lemma 5). Suppose the cost function is C(q, ) and the scoring
rule is S(q, p) = V(q) — p, where q € R%, then one can consider the firm is producing a quality
score v = V(q) with cost function C(v, 0). Second, as long as the form of cost function is flexible,
one can rescale the quality measure so that it enters the payoff function linearly. The linearity of
scoring rule does impose some restriction on the optimal scoring rule design. We adapt the linearity
setting due to both analytical simplicity and the widely use of weighted linear scoring rule used in
procurement practice.

Remark 2: Concerning the formation of corruption relation, Burguet and Che (2004) consider
it as the result of a bribery competition. So the efficient firm has advantages in both the auction
competition and bribery competition. In our model, the corruption relation is exogenously deter-
minedE-] which allows us to disentangle rents from technological advantage and corruption. It
paves the way to characterize the optimal procurement scheme and makes the model easy to gen-
eralized. It is also a realistic assumption: explicit bribery competition is nearly impossible under
a well-functioned legal system. The bribery competition loser has incentive to report the corrup-
tion activity to the antitrust authority because it hurts its interest directly. Therefore the corruption
relation must be based on trust and repeated interaction, which can be taken as exogenous for a
particular procurement.

Remark 3: We assume that each firm has complete information on all firm’s costs and corrup-
tion relations (the buyer has incomplete information on them). This assumption is widely used in

studies of corruption in auction (e.g. |Bajari and Ye (2003)), Burguet and Perry (2009) and Athey

3Tn the literature of bidding rings, it is common to assume the collusion relation is exogenously given, for example
Porter and Zona (1993), [Porter and Zona (1999), Bajari and Ye (2003), and |Athey et al.|(2011).
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et al.[(2011)). It circumvents the difficulty of having two layers of incomplete information on both
cost and corruption relation. In Section 1.5.3, we analyze a model with incomplete information on
corruption relations, which is another contribution to the literature. In Chapter 3, we use an alter-
native assumption on knowledge of corruption relation: we assume other bidders are completely
unaware of the corruption so they follow the original equilibrium strategy (e.g. [Porter and Zona

(1993), |Aryal and Gabrielli| (2013) and [Tian and Liul (2008)).

1.3.2 Scoring Auctions with Linear Scoring Rule (L)

Suppose the buyer uses a scoring auction with linear scoring rule (L, hereafter): S(q,p) =
ag — p, a > 0, where she selects a quality weight to represents the monetary equivalent for qual-
itym Using one parameter & to characterize the optimal scoring rule allows for best analytical
tractability when quality manipulation is introduced. Once the scoring rule is announced, firms

will select their quality according to the following lemma:

Lemma IH Given S(q, p) = aq — p, for both the honest firm and the corrupted firm, it is a weakly

dominant strategy for firm with type 0 to choose quality

q" =argmaxaqg—C(q,0). (1.1)
q

With convex cost function, the solution ¢* is unique. Given ¢, denote ¢;(¢t) = argmax, 0tq —
C(q,6;) and Ci(ax) =C(qi(), 6;), i = 1,2. They have several properties useful for further analysis.
Lemma 2: For any o > 0, (i) a higher quality weight o induces higher quality, i.e. ¢;(ot) > 0; (ii)
the efficient firm picks higher quality under the same ¢ and is more responsive to change in ¢, i.e.
g1(a) > g2(a) and ¢ (&) > g5 (a); (iil) Ci (o) > Co(@).

After pinning down quality choice, firms choose their prices in the way of Bertrand competition

14The definition can be found in|Dini et al. (2006).
131t is an extension to Lemma 1 in|Che[(1993). The same argument holds for all scoring rule with when price and
quality are additively separable.
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due to complete information. With a honest agent (m = 0), firm 1 always wins by slightly out-
bidding firm 2 in score. It earns a profit as its technological (information) rent, which corresponds

to the outcome of a second-best mechanism.

Proposition 1: When m = 0, the (unique) equilibrium prices are

pi(a) = aqi(a)—ag(a)+Co(a) = Ci(a) +RE,

(o) =G(a),
where R%: = agy (a) — C1 () — gz (@) +Co(@) is the efficient firm’s technological rent under L.
In the equilibrium, for all a > 0, R’f >0, dR%/doc > 0, and dzR%/d()t2 > 0.

Proposition 2: When m = 0, at the equilibrium{q;(a),pi(a),q2(c),p2(@)}, firm 1 wins the

contract and the buyer’s payoff is

Ug(a) = qi(a) —Cy(at) —Rf. (1.2)

There is a unique quality weight 0sp characterizes the optimal linear scoring rule which maximizes

USB(OC) and 0 < ogp < 1.

Figure 1.1: Illustration of Proposition 1

p1(@)

p2(@)
L Ci(a)

Cy(a)

q2 (a) q1 (a) q
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Figure illustrate Proposition 1 and 2. Firms choose quality according to on the slope of
scoring rule and its cost function. The maximum score firm 2 can get is S, = ag:(a) — Ca ().
Competing under complete information, firm 1 matches firm 2’s score and beat firm 2 by score Sj.
Hence, in the equilibrium, firm 1’s payoff is its technological rent R% and buyer’s payoff is U. SLB(O‘)-
In the optimal linear scoring rule, the buyer chooses & by the classical trade-off between efficiency
of quality and extracting firm 1’s rent. As shown in Che| (1993) and Asker and Cantillon (2008),
the buyer under-reports (shades) his preference on quality (osp < 1) in a second-best mechanism.

When there is quality manipulation (m > 0), under linear scoring rule, the corrupted firm re-
ceives a corruption rent Ré = aum because its score is exaggerated by oum. Because technological

rent R% is increasing and convex in o, we have the following lemma,

Lemma 3: For any 0 <m < Supgc(o e RE(a)/a, (i) there exists a unique positive solution & > 0
to equation Gm = R%(d), (i) for oo < &, am > R%(Ot); for o« > &, am < R%(Ot); and (iii) &
increases in m.

Therefore, there exists a cutoff quality weight & of the scoring rule that determines the relative
magnitude of le and Ré. When the efficient firm is corrupted, it wins the contract for sure. When

the inefficient firm is corrupted, the outcome depends on how the buyer chooses ¢. Proposition 3

presents the firms’ equilibrium bidding strategies:

Proposition 3: The equilibrium prices, outcome, and the buyer’s payoffs are listed below.

Corrupted Firm Outcome Price Buyer’s Payoff
with prob Firm Lwing [P0 =CH@)FREERE g, (o) pi (@)
pros- ¥ pa(a) = Cy(ax)

) ~ q1(a) — p1 (@)
Firm 2 aza@RIszé

Firm 1 wins when { p
with prob. 1 —x

(a)
(a)

Firm 2 wins when {pl(ai = @ (o) — pa(a)
(

y L — pL
o< a< Ry <Rg
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Given the firms’ equilibrium, the buyer’s payofﬁ is a function with a discontinuity at .

Uk(a), ifa> @,
UL(a) = e, (1.3)

Uk(a), ifa<a,

where

Ut(a) = x[qi(a)—Ci(at) =Ry —RE¢] +(1—x) [q1(at) —Ci (@) —R; +RE], (1.4

Us(a) = x[qi(a) = Ci(a) =Rf —Re] + (1 =) [q2(a) = Ca(@) +RF —R¢] . (1.5)

The two terms in both U j and U é demonstrate the effect of corruption is opposite depending on
the realized corruption relation. If the efficient firm is corrupted, the buyer is worse-off by losing
both the technological rent and the corruption rent. But if the inefficient firm is corrupted, the
technological rent and the corruption rent will offset each other. Therefore, the buyer need to

consider both possibilities in choosing the optimal quality weight a*.

Theorem 1: The optimal quality weight a* can be characterized by three cases shown in Figure
Define 0ty = argmaxge (o o0 Uk(a), ag = arg max ge(o,eo) Uk(@), and mt as the solution of
& (m) = aa(m). Given that m > m", there exists a unique & € (Qz,0) such that UL(6&) = Uk (o).
Then

G) If m < ml, a* = ay, illustrated in diagram (A).

(i) If m > ml and & < &, o* = @, illustrated in diagram (B).

(iii) If m > m" and & < &, a* = ap, illustrated in diagram (C).
Corollary 1: The buyer may over-report its preference on quality, i.e. a* > 1.

Intuitively, Theorem 1 states how the buyer chooses an optimal quality weight at different

scopes of quality manipulation. When m is relatively small, the buyer still want to procure from

16 When m — 0, the buyer’s choice of « and her payoff converge to those in the case with a honest agent.

20



firm 1. She is worse-off when firm 1 is corrupted by giving out two rents, but better-off when
firm 2 is corrupted as two rents offset each other. When m gets large, a larger quality weight is
needed to keep firm 1 winning and deter corruption of firm 2. Raising quality weight increases
the size of both rents and changes the induced procurement quality. The buyer may choose a large
quality weight to keep procuring from the efficient firm; or she may give up deterring corruption

and choose a small quality weight that grands the contract whichever firm is corrupted.

Figure 1.2: Payoff and Optimal & under L
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1.3.3 Price-only Auction with Minimum-quality Standards (M)

Now suppose the buyer uses a price-only auction with minimum-quality standard (M, here-

after)ﬂ which requires each bid with quality at least g. Because firms have no incentive to pro-

17 The scoring rule of M can be considered as S(g, p) = q—pifq>q;S(q,p) = —oo otherwise.
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duce a quality higher than g, they will set quality g = g. The buyer’s strategy space is choosing min-
imum quality q. Denote C;(gq) = C(q, 6;) and C>(gq) = C(q, 6>). When the agent is honest (m = 0),
because C)(g) < C>2(g), firm 1 wins the contract and the equilibrium prices are p;(q) = C2(g),
p2(q) = Cz(q)ﬁ Firm 1 earns a rent RY = C(q) — Cy(q), which is its technological rent under
M. The buyer’s payoff is U¥ (q¢) = ¢ — C2(g), which has a unique maximum gy

When there is quality manipulation (m > 0), the corrupted firm is allowed to produce at quality
g —m and still meets the minimum-quality requirement. When firm 1 is corrupted, it wins the
contract for sure. When firm 2 is corrupted, it receives a corruption rent R¥ = C;(q) — C2(q —m).
The outcome depends on the relative magnitude of technological rent and corruption rent. Firm
2 wins when RY < R¥, or equivalently, Cy(q) > C2(q —m). The following lemma shows that we

can find a cutoff quality g that determines the relative magnitude of Rly and R]g .

Lemma 4: Define function f mapping cost back to quality, which means that for ¢ = C(q,0),
q= f(c,0). Forany 0 <m <sup.c|y.)[f(c,01) — f(c,02)], () there exists a unique solution § >0
to equation C1(q) = C2(§—m); (ii) for ¢ > G, C1(q) < Ca(q—m); for ¢ < g, C1(q) > Ca(q —m);
and (iii) g increases in m.

The equilibrium of the auction competition is described below:

Proposition 4: When m > 0, the uncorrupted firm chooses quality g and corrupted firm chooses

quality g — m. The equilibrium prices, outcome and buyer’s payoffs are listed below.

18 The proof is trivial by Bertrand competition model.
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Corrupted Firm Outcome Price Buyer’s Payoff

Firm 1 -
: - pi(q) =Ca(q) —m—
with prob. x Firm 1 wins _ g—m—pi(q)
p2(q) = C2(q)
Firm 1 wins when = —
pi(q) = Ca(q—m) —pi(q)
. >4 M > M =P
. Firm 2 q24< Ry 2Re {pz(q):Cz(q—m)
with prob. 1 —x
q—m—pa(q)

Firm 2 wins when p1(q) =Ci(q)
~ M _ pM
I<GRE<RE \plg) =Cig)

Similar to Proposition 3, the buyer’s payoft is a function with a discontinuity at .

UM(q), ifg>ag,
UM(g) = A (9) 924 16

UM(q), ifq<g,

where

Ud(q) = xlg—m—Ca(g)]+(1-x)[qg—Ca(qg—m)], (1.7)

Up'(q) = xlg—m—Ca(q)]+(1—x)[g—m—Ci(q)]. (1.8)

Theorem 2: The optimal minimum-quality g* can be characterized by three cases shown in Figure
Define g4 = argmax e o) UN¥(q), g = arg max e o) UM(q), and m™ as the solution of
G(m) = ga(m). Given that m > fy, there exists a unique § € (qa,oo) such that U¥(§) = UM (gs).
Then

G) If m <M, ¢* = qq, illustrated in diagram (A).

(i) If m > mM and § < §, q* = §, illustrated in diagram (B).

(iii) If m > mM and § > 4, ¢* = qg, illustrated in diagram (C).
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Figure 1.3: Payoff and Optimal ¢ under M
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Corollary 2: The buyer may over-report its preference on quality. Specifically,. q* > qrp,
where qrp is the first-best minimum quality choice when there is complete information and no

corruption. The structure and intuition of Theorem 2 are similar to Theorem 1. If m is relatively

small, the buyer may raise the minimum quality to keep firm 1 winning and deter corruption of
firm 2. However, when m is large, the buyer gives up large rents in order to allow an uncorrupted

firm 1 to win. She may rather pick a low g.

1.4 Buyer’s Payoff

We have characterized the buyer’s optimal scoring rules and buyer’s payoffs under linear scor-

ing auctions and minimum-quality auctions separately. In this section, we compared buyer’s pay-
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offs under L and M given the same set of parameters m and x. Given a set of parameters m and x,
the buyer chooses o* (m, x) and ¢*(m,x) according to Theorem 1 and 2. There are two main results
concerning the buyer’s payoff.

Firstly, we can show that the buyer is better off with positive amount of corruption, provided

that the inefficient firm is more likely to be corrupted

Theorem 3: When x < 0.5, the buyer’s “optimal” scope of quality manipulation is strictly positive,

Lx

both in scoring auction and price-only auction, i.e. m'* = argmax,,>oU(o*(m,x)) > 0 and

mM* = argmax,,,>o UM (¢* (m,x)) > 0.

Figure 1.4: Comparison of UX and UM at x = 0
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Figure [I.4]illustrate the theorem. Intuitively, without corruption, firm 1 can reap all its techno-
logical rent. But with corruption, firm 1’s rent is eroded by firm 2’s corruption rent. Therefore, the

existence of corruption may increase the buyer’s expected payoffs.

19 One can easily show that when x > 1, Uy (a*(m,x)) < Ur(a*(0,x)) and Up(g* (m,x)) < Up(g*(0,x)), illustrated
in Figure [I.5] diagram (B). If the efficient firm is more likely to be corrupted, the buyer is worse-off by giving both
technological rent and corruption rent with a large probability.
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Secondly, given the same environment, the buyer may prefer using M to L. Asker and Cantillon
(2008) show that L dominates M when there is no corruption (m = O) But this dominance

relation does not hold when quality manipulation is present.

Theorem 4: When x < 0.5, there exists a set of m such that UM (q*(m,x)) > UL(a*(m,x)), i.e.

minimum-quality auction is optimal for the buyer.

Since Theorem 4 is about existence, we show the theorem by the following parametric example.
Assume the cost function takes the form C(g,0) = 04, satisfying assumption CF. Set firm 1’s

efficiency parameter as 6; = 1 and firm 2’s efficiency parameter as 6, = 0 > 1, i.e. Ci(q) = ¢°,

C2(q) = 64>

Under L, by Lemma 1, g1 (@) = %, g2 (@) = 5% Equilibrium costs are Cy (&) = “Tz and Gy (@) =
2‘—;. Firm 1’s technological rent is Rk = g (a) — Cy(a) — aq(a) + C(a) = O‘TZ (%51). When
m = 0, the buyer’s payoff is Uj; (&) = ¢1 (&) — C (@) =Ry = § — “Tz (2%1). The optimal quality
weight is oy = 72— < 1 and the maximized payoff is U5 (o) = § (35

When m > 0, the corruption rent is RE = am. By lemma 3, the threshold quality weight & that
determined the relative magnitude of two rents can be found:

L a? (61 40m
chRT@amgj 5 S o> ——=0a(m).

The buyer’s payoff function

Uk(or) = & — % (22-1) 4 (1 —2x)oum . if o> d0m
Ut (a) =

2 _ 2 _ . m
Uk =x[$ =% (%N |+ (1 -0 [ - % (59| —am ., ifa<i

20 The proof is straight-forward. Consider @ = 1, g>(@ = 1) = argmax, g — C2(q) = gsp, then U (0t = 1) = g2 (@ =
1) — Ca(g2(a = 1)) = UM(gsp). By Proposition 2, UL is maximized at asp < 1, therefore UL (agp) > U (o =1) =
U (gs).
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L L _ 0(14+2m—4xm) x0—x—20m+1 ;
The peak of Uy and Uy are reached at oy = ——g——— and 0p = 35739 respectively.

Using M, when m = 0, the buyer’s payoff is U¥ (q) = g — C2(q) = g — 64>. The optimal
minimum-quality is gy = % and the maximum payoff is U¥ (qy) = 4l Compared to L, one can
easily show that UM () < Uk (o) for 6 > 1.

When m > 0, firm 1’s technological rent is RY = C>(q) — C1(q) = 64> —¢* = (6 — 1)¢* and
firm 2’s corruption rent (given it is corrupted) is RY = 64> — 6(q—m)? = 6(2gm—m?). By Lemma
4, the threshold quality g that determined the relative magnitude of two rents can be found:

m(6++/0)

RY<RM < 0Q2qgmn—m*) < (60— 1)¢* =q> —o_1 g(m).

The buyer’s payoff function

UM(q) = q—m—0g%+2(1—x)0mg— (1 —x)0m? | if g > "O0v0)

uM(q) =
Ug'(q) = g —m—x8g— (1 -x)g° if g < MO0,
The peak of UY and UY are reached at g4 = w and gp = (zl(ffi)) respectively.

It is easy to verify that this parametric example provides the three main results of this paper,

illustrated in Figure [I.5]and[I.6] with detail in the appendix.

Discussion of the intuition

To understand the intuition of why L. may not dominate M, we need to consider the actual pro-
curement quality of L. Setting o* induces firm 1 and firm 2 choose ¢ (0¢*) and g»(a*) respectively

under L. Both of them are strictly increasing functions by Lemma 2, therefore we can define

ql_l (q), if firm 1 wins,
alg) = (1.9)
g;'(q), if firm 2 wins.

Figure [1.6] shows the procurement quality of L and M at various scopes of quality manipulation.
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Figure 1.5: Comparison of UX and UM
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qrp and grp are defined as the first-best (the buyer has complete information on costs) and second-
best (the buyer has incomplete information on on costs) quality level when there is no corruption.
In the parametric example, grp = % and gsp = %.

When there is no corruption, the buyer faces the tradeoff of distortion of procurement quality
and the size of technological rent under incomplete information on costs. By introducing corrup-
tion, the buyer needs to consider the relative magnitudes of two rents and whether to deter cor-
ruption or not. Depending on the scope of quality manipulation, the optimal procurement scheme

corresponds to three intervals, as shown in Figure (Theorem 1 and 2).
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In the first interval, when m is small, the buyer can simply use o4 (g4) at the peak of U f{‘ o /14” )s
which is enough to deter corruption of firm 2. In the second interval, as m goes up, using 04
(ga) cannot deter corruption. As deterrence is still desirable to the buyer, she has to use a higher
quality weight & (minimum-quality standard §). In the third interval, m is large, the upward quality
distortion is so huge that deterring corruption is no longer desirable. It is optimal for the buyer to
choose op (gp) that allows the corrupted-and-inefficient firm wins. It induces a low procurement
quality, which reduces the size of both technological rents and corruption rent.

The three main results of this paper are rooted in the corruption deterrence behavior. In the
second interval, corruption deterrence by using a high & (§) may lead to a upward distortion of the
procurement quality above the first-best level Therefore, the quality weight in the scoring rule
(the minimum-quality standard) over-reports the buyer’s preference on quality, as shown in Result
1 (Corollary 1 and 2)[

From the parametric example, we see that the actual procurement quality is higher in L than
M in the second interval. When over-reporting happens, quality may be distorted less in M than
L compared to the first-best level This is why the buyer can be better off by using minimum-
quality auctions, as described in Result 2 (Theorem 4).

When the buyer chooses to deter corruption, the efficient firm will win the contract. If the
efficient firm is corrupted, the buyer is worst off by paying the summation of two rents, compared
to the case without corruption. If the inefficient firm is corrupted, its corruption rent erodes the
efficient firm’s technological rent, so the buyer saves rent. The buyer may be better off when the
latter happens with a higher probability (x < 0.5). Specifically, as m goes up initially in the first
interval, the buyer will benefit from higher rent savingl?] and efficiency improvement because the

procurement quality rises towards the first-best level. In the second interval, efficiency improve-

21In this case, two rents offset each other exactly and the buyer is paying zero rent if the inefficient firm is corrupted,

22The procurement quality in L ¢ (&) = 222 6+f )

m= (9+f
2The procurement quality is g1 (&) = 22 in L and q = m<9+\ﬁ) in M. Provided 6 > 1, 26 > (0 +/0), s
q1(&) > g. Concerning the size of distortion, when m > 3e+f’ |q1( )—qrs| > |G — qrs|.

24The rent paid by the buyer is R% — RE (RY — RM). Because Rk (RY) does not depend on m and RL (RY) is rising
in m, a larger m makes the difference smaller.

t > qrp (0> Orp), when m > & ot Ian—m( > grp When
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ment disappears when the buyer over-reports quality preference. The benefit from rent saving
cannot cover the loss from upward quality distortion when m becomes large. Therefore, the buyer
is better off under corruption with small m and x < 0.5, as shown in Result 3 (Theorem 3).

Figure 1.6: Procurement Quality Comparison
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1.5 Extensions

1.5.1 More Than Two Firms

Suppose there are total n firms in the auction and each firm’s type 0 is drawn independently
from F(6). Label firms’ identities by their the ranking of their types: 6; < 6, < --- < 6,, where a
smaller 0 indicates higher efficiency according to Assumption CF. The probability of firm i being
matched to the agent and forming a corruption relation is denoted as x;. Denote Y = (X1,X2, .y Xp)
and)! | x; = 1.

When firm 1 is corrupted, it wins for sure and the buyer pays the summation of technological
rent and corruption rent. When firm j # 1 is corrupted, the winner depends on the relative size

of corruption rent of firm j and technological rent of firm 1. Therefore, by treating firm j as the
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inefficient firm in the benchmark model, the equilibrium of the benchmark model can be directly
applied. The winner will still be either the most efficient firm or the corrupted firm.

When there are more firms, competition reduces the size of technological rent of firm 1. The
efficient firm’s technological rent decreases in n because the difference of 0; and 6, decreases in
n On the other hand, the magnitude of corruption rent is not sensitive to the change of n
Therefore, it is more difficult to deter corruption by adjusting the procurement scheme when there
are more firms. The buyer is more likely to procure from a corrupted firm and received a project
with manipulated quality. As a result, encouraging competition may not reduce corruption or
increase the buyer’s payoff. The optimal procurement scheme and prediction on the buyer’s payoff
will depends on X and the scope of corruption. In general, the effect of increasing n on the buyer’s
payoff is ambiguous.

There is a body of literature studying the relation between competition and corruption in pro-
curement auction. It is commonly believed that increasing competition is a way to reduce corrup-
tion, for example Rose-Ackerman| (1996), Ades and Tella (1997), and|Ades and D1 Tella (1999)). In
contrast, |Celentani and Ganuza (2002) show the opposite that competition may not reduce corrup-
tion. In the model of Li and Xu|(2016), the agent control the invitation of firms. Depending on the
specific form of bribery, |L1 and Xu| (2016) show that corruption may or may not result in inviting
less firms into the auction. Whether competition reduces corruption is an important policy ques-
tion. In practice, there are lots of regulation aiming for encouraging competition and reducing entry
barrier. For example, it is common to see centralized procurement market, public announcement
of procurements information, requirement of minimum number of firms, compensation for entry,
and so on. However, as shown in this paper, competition reduces the efficient firm’s technological

rent and may allow the corrupted firms win more contracts.

2 The technological rent depends on the difference between the highest order statistic 6(1:n) and the second highest
order statistic 8(,.,), which is decreasing in n.
25The corruption rent is om under L and C(g, 6;) — C(q —m, 6;) under M.
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1.5.2 Incomplete Information on Costs

The benchmark model assumes that firm can observe the opponent’s cost (type 0). If 0 be-
comes private information to each firm, the model turns into a standard auction model. When there
is no corruption, the most efficient firm wins the contract for sure at Bayesian Nash equilibrium
and receives a technological rent. When there is corruption, the auction outcome again depends
on the relative magnitude of the technological rent of the efficient firm and the corruption rent of
the corrupted firm. Therefore, the main intuition of the complete information (among firms) can
be applied to the case with incomplete information. In Chapter 2, we show that the corruption rent
can be reflected by increment of the firm’s pseudotypes (defined in |Asker and Cantillon| (2008)),
which is the total social surplus of the firm at its equilibrium quality. /Asker and Cantillon| (2008])
show that with a quasilinear scoring rule, there is no loss of generality to consider each firm bid-
ding according to its pseudotype and the equilibrium has a closed form. However, expressing the
buyer’s expected payoff and deriving the optimal scoring rule are difficult and beyond the scope of

this paper.

1.5.3 Incomplete Information on the Corruption Relation

Introducing incomplete information on the corruption relation is not trivial because we need to
spell out each agent’s belief on all other agents’ likelihoods of being corrupted. Given the uncer-
tainty about its opponent, the efficient firm may choose to beat its opponent no matter the opponent
is corrupted or not, or it may choose to only beat an uncorrupted opponent. The equilibrium strat-
egy is usually a mixed strategy of these two choices.

To see this, consider the same procurement auction game in Section 1.3. Assume that there
is at most one corrupted firm. The agent and the corrupted firm knows their corruption relation,
but the buyer and the uncorrupted firm do not know the corruption relation for sure. Let (1,0),
(0,1) and (0,0) denote three state in state space of corruption relation, the information structure is

described in the following table
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Probability of being corrupted

state Indicalor . er's belief Firm 1s belief ~Firm 2s belief

Firm 1 is corrupted (1,0) X 1 =
Firm 2 is corrupted (0,1) X2 T 1
No corruption (0,0) l—x1—x = lf;x_lxz 1—1x+x—2x2

The buyer believes that firm 1 and firm 2 are corrupted with probability x; and x, respectively.
When x| +x, = 0 or x; +x, = 1, the model reduced to the one analyzed in Section 1.3. When

x1 +x2 € (0, 1), the buyer believes that there is no corruption with probability 1 —x; — x,. If firm

IX_M Denote the technological rent of firm 1 as RL =

is not corrupted with probability ¢ =
a(q1 —q2) — c1 + ¢z and RY = C (q) — Ca(q). The equilibrium with incomplete information on

corruption relation is described as follows.

Theorem 5: Under linear scoring rule S(q,p) = aq — p, the equilibrium quality follows q; =
argmax, aq —C(q,6;), i = 1,2. The equilibrium outcomes and prices are listed in the following

table:

Parameter Values State Price Outcome
Firm 1 is corrupted  p; (o) = Cy (o )+RL
Firm 1 is not corrupted  p; (@) = Cy (o) + RE + om

< (1—¢)RE . ) i i
am < (1= ¢)Ry Firm 2 is corrupted p2(a) =C(a) Firm I wins
Firm 2 is not corrupted m(a) =C(a)

Firm 1 is corrupted  pi(a) =C)(a) +R%: + am Firm 1 wins
Firm 1 is not corrupted pi(a) ~ fr(p1) Uncertain
_4H\RL
am > (1-¢)Ry Firm 2 is corrupted p2(a) ~ gr(p2) Uncertain
Firm 2 is not corrupted (o) =C(a) Firm 1 wins

fr(p1) is some density function with support [C1 (&) + 9RE, Ci () + RE)] and g1.(p2) is some
density function with support [Co(a) — (1 — ¢)RE: + am, Gy (@) + am].

Theorem 6: Under minimum-quality q, the equilibrium outcomes and prices are listed in the

following table:
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Parameter Values State Price Outcome
Firm 1 is corrupted p1(q) = C(q)
Firm 1 is not corrupted  p;(g
Firm 2 is corrupted  pa(
Firm 2 is not corrupted  p2(gq) = C2(q)
)

Cy(g—m) > Ci(q) + ‘PR]}/[ Firm 1 wins

Firm 1 is corrupted r1(q) =Ca(q) Firm 1 wins
Firm 1 is not corrupted  pi(q) ~ fu(p1) Uncertain
_ M
Calg—m) <Cilq)+ Ry Firm 2 is corrupted p2(q) ~ gm(p2) Uncertain

Firm 2 is not corrupted ~ pa(q) =C2(q)  Firm 1 wins

fu(p1) and gy (p2) are some density functions with property that

o) 1_m’ if (1-9¢)C1(q) +9Ca(q) < p1 <Ca2(q),
M\P1) =

1, if p1 = Ca(q),

- Lth— ot i (1=0)Ci(g) +9Ca(q) < p1 < Cag),
EmM\P2) =

1, if p1 = C(q).
In summary, under some combination of parameter values, the outcome of the procurement become
uncertain. In particular, when a uncorrupted firm 1 and a corrupted firm 2 cannot beat the other
for sure, there exists no pure strategy equilibrium. In |Burguet and Che (2004), a similar mixed
strategy equilibrium is shown when efficient firm cannot beat a corrupted-and-inefficient firm for

sure.

1.6 Chapter Conclusion

In a price-only procurement auction, the efficient firm’s (technological) rent is the gap of be-
tween its cost and the strongest opponent’s cost. In a multi-attribute auction, the model primitive is
no longer a private cost distribution, but a cost function define on the domain of quality. The tech-
nological rent depends on equilibrium quality choice, which in turn depends on the procurement
scheme. Therefore, the buyer can affect the efficient firm’s technological rent by the scoring rule

or the minimum quality requirement. (Che| (1993) show that, under proper design of scoring rules,
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both first-score auctions and second-score auctions implement the optimal mechanism. However,
when the environment gets complicated, in general, the optimal mechanism is hard to characterize
(e.g. |Asker and Cantillon| (2010)). In this paper, we introduce quality manipulation corruption
which grands a corruption rent to the corrupted firm. The adjustment of procurement scheme now
affects both the technological rent and technological rent, so the buyer’s optimal mechanism de-
sign problem reflects consideration on the sizes of two rents and distortion of quality. The optimal
procurement yields three results that are distinct from existing literature. First, the buyer may over-
report her preference on quality. Second, a minimum-quality auction may perform better than a
scoring auction in certain situation. Third, the buyer may be better off under corruption compared
to a corruption-free environment.

According to these findings, there are several policy implications. Firstly, to design a better
procurement scheme under corruption requires research and good record of data. Consider the
case that the buyer needs to select the best quality weight in the scoring rule. In|Lengwiler and
Wolfstetter| (2006), they suggest reducing the weight of quality when the quality evaluation is
subject to corruption. However, using a sub-optimal scoring rule with low quality weight does not
provide proper incentive to firms and causes direct efficiency loss. Moreover, a low quality weight
reduces the technological rent of the efficient firm, which may increase the winning probability of
the inefficient-but-corrupted firms. Therefore, understand the nature of corruption and the scope
of quality manipulation are important in design of procurement scheme. The relevant research
will require data directly related to corruption, such as observation of side payments and identities
of corrupted firms. These data may come from convicted corruption cases. There are significant
works on bidding rings using data from legal records, such as |Porter and Zona (1993), |Porter and
Zona (1993), and |Asker (2010). But studies on agent-bidder corruption with direct corruption
related data are still rare.

Secondly, in almost all countries, public procurements are regulated and selection of procure-

ment schemes is restricted. For example, the Chinese Law of Tende requires that all high-valued

ZTLaw of the People’s Republic of China on Tenders and Bids (click link for full article in English).
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government related projects must go through the open bidding process and evaluated by a three-
factor weighted linear scoring rule. Giving more flexibility to the buyers can be beneficial, for
example allowing for a large quality weight (Result 1) and minimum-quality auctions (Result 2).
The regulation policies shall not take away useful tools from buyers’ hands, especially in com-
plicated environments. Bajari et al.| (2009) and [Tadelis| (2012) show a similar result that suggests
the buyer can be better off by using some seemingly less competitive procurement schemes, like
auctions with pre-qualified bidders and negotiations. By considering ex post renegotiation and
adaption costs, forgoing the advantage of auctions and using bilateral negotiations may be better
for the buyers.

Lastly, in industries with high risk of quality manipulation, eradicating all corruption cases is
costly and may even be impossible. In this case, it is more important to investigate large and ex-
perienced firms than fringe firms. Large firms are typically more efficient and win more contracts.
According to Result 3, allowing some less efficient firm to be corrupted may make it a stronger
competitor and reduce the large firm’s rent. So the antitrust authority shall spend more resource
on large firms and harshly punish them if corruption is found. One practical policy is linking the

amount of punishment to the value of contracts the convicted firm has won historically.
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Chapter 2

An Empirical Study of Scoring Auctions

Abstract

We propose a structural estimation method of scoring auction data, where bids are
multi-dimensional, including a price and several quality attributes. We show that by
imposing reasonable restriction on the scoring rule and cost function, each bidder’s
“pseudotype”, cost, and rent can be nonparametrically identified and estimated. The
method is applied to a data set of server room construction project procurement auc-
tions. The estimation results provide empirical evidence for the three primary impli-
cations of the theoretical scoring auction model: (i) bidder’s quality choice shall not
depends on the number of bidders; (i1) higher quality weight of the scoring rule induces
bids with higher quality; and (iii) most winning bids are high-quality-and-expensive
ones. These results can be used to predict the effect of scoring rule adjustment and

guide the design of optimal procurement scheme.
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2.1 Introduction

This Chapter is an empirical study of scoring auctions. Compared to a standard price-only
auction data set, the key feature of scoring auction data is that each bid consist of multiple elements.
We study a data set from records of server room construction project procurement auctions and
provide key evidences for the theoretical prediction of scoring auctions. We propose a structural
estimation method and show how it may improve the procurement scheme based on historical data.

Our theoretical model is constructed based on [Che| (1993)), |Asker and Cantillon/ (2008)), and
Hanazono et al.[(2015)). The equilibrium presented in Che| (1993) is not directly applicable because
it predicts that the auction winner’s always submits the highest quality. In reality, the winning bid
could be high-quality and expensive, or low-quality and cheap. To accommodate the model pre-
diction and the data, We allow each firm’s type to be multi-dimensional. On the other hand, the
result in Asker and Cantillon (2008)) allows us to transform the problem into bidding according to a
one-dimensional pseudotype, which avoids the complexity of multi-dimensional private informa-
tion. We show that equilibrium cost and total social surplus of each firm can be nonparametrically
identified and structurally estimated. Our identification and estimation do not require a parametric
cost function and hold under environments with multiple quality attributes.

We apply the method to a series of procurement auctions of server room construction projects
in Chinam The data and estimation results provide empirical evidence for these three key impli-
cations of the theoretical model. Firstly, Che| (1993) predicts that each firm choose their quality
maximizing the total social surplus given its cost function and the scoring rule. We show that the
choice of quality is indeed separable from the choice of score because quality choice is uncorre-
lated to the number of bidders. Secondly, firms have incentive to submit bids with higher quality
score if the quality weight (slope) of the scoring rule increases. We show this incentive provision
effect by the data and quantify it. We find that the project procured by a scoring rule with high
quality weight tends to result in higher payoffs for both buyer and firms. Lastly, in scoring auction,

people compete more on offering high quality instead of undercutting others by price. We find that

I'Server room is an indoor place designed to contain machines of data storage, servers, and large computers.
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74.24% of winning bids have the highest quality in that auction, while only 4.01% of winning bids

have the lowest price.

2.2 Related Literature

We have reviewed the theoretical side literature of scoring auctions in Section 1.2. Let us
now turn to the empirical sides. There is a growing literature on the empirical analysis of scoring
auctions and other multi-dimensional auctions. In a scoring auction data set, each bid consists of a
price and a number of quality attributes. It can potentially answer richer questions than price-only
auction data. Lewis and Bajari (2011) explore a highway procurement data set from California
generated from “A+B auctions”, where bids are evaluated on both price and time of delivery.
They show that by introducing time incentive, the overall gain in social welfare is significant.
Bajari et al.| (2014) analyze another highway procurement data set where each bid consists of a
complete list of unit prices. These unit prices are multiplied by quantities estimated by engineers
to determine which bid has the lowest cost. Their analysis focuses on the ex post adjustment of
final payments and how firms strategically reflect potential adaption costs in their bids. [Koning and
Van de Meerendonk| (2014) study data from welfare service provider procurement auctions under
weighted scoring rule. They explore how variation of weights on different components affect bids
and procurement outcomes.

Nakabayashi and Hirose| (2015) study a Japanese scoring auction data set similar to the one
in this paper. They provide identification and structural estimation results based on a parametric
cost function. This cost function is common knowledge to all except for several parameters as
bidder’s private information. The identification is based on invertibility conditions of the system
of equations obtained by best responses in choosing the multi-dimensional bid. In our analysis, we
consider only the class of quasilinear scoring rules, but our cost function is nonparametric.

The study of beauty contests and design-built auctions are also closely related scoring auctions.
Krasnokutskaya et al. (2014) study data from online programming service market. They provide

an identification and estimation strategy for data that features both auction and discrete choice.
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Yoganarasimhan| (2013) and [Yoganarasimhan| (2015) study the online freelancing market where
the contract award rule is not pre-announced. They supplying firms offer their price and proposal,
while the buyer make decision by considering price, quality, and firms’ reputation. She explic-
itly estimate the value of reputation by the review system of the freelancing platform. [Takahashi
(2015) study the evaluation uncertainty problem in design-built auctions. The uncertainty dampen
difference in firms’ chance of winning and he propose a mechanism that asks each bidder to sub-
mit a price per unit of design score. He show the new mechanism improve the auction outcome

substantially based on structural estimation results.

2.3 Model of Scoring Auctions

A buyer (she) seeks procurement of a project that can be delivered at various level of quality
qc REF. The buyer faces a price-quality tradeoff between cheap-low-quality and expensive-high-
quality projects. Setting up a scoring rule S(p,q) : Rﬁ“ — R, reflects the buyer’s willingness-
to-pay for procuring the project at a higher qualityﬂ The scoring rule ranks different price-quality
combinations and provide supplying firms incentives to submit desirable project proposals. |Che
(1993) shows that the buyer will under-report her preference on quality in the optimal scoring
rule, but if she lacks commitment power, the only feasible scoring rule is the one that reflects her
true preference. In this paper, because researchers usually only observe the score but not buyer’s
“payoff” empirically, we put aside the buyer’s optimal scoring rule design problem and simply
treat S(p,q) as her objective function. We focus on the firm’s equilibrium bidding behavior and
implication of quality manipulation with the goal of conducting an empirical study.

After a scoring rule S(p, q) is announced, suppose there are n symmetric risk neutral supplying
firms (they/it) enter the auction exogenously, indexed by i = 1,2,...,n. A generic firm i’s type
(private information) is a vector of efficiency parameter 8 € R, drawn independently from an

identical distribution F. F is absolutely continuous and has density f = F’ with support [6, 0] C

RM . Firm i with type 6; pays a cost C(q, 6;) if it delivers the project with quality q. Provided the

2Dini et al.[(2006) provides a practical survey on selecting scoring rules.
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scoring rule, each firm submits its sealed bid as a price-quality combination. If the firm wins the
contract with bid (p,q), its payoff is @(p,q; 6;) = p — C(q, 6;). Firm’s payoff is normalized to zero
if it does not win the contract. Submitted bids are evaluated according to S(p,q) and the firm with
the highest score wins the contract. We only consider first-score auctions (FSA) and independent
private information framework in this thesis.

When the buyer does not possess the expertise to evaluate quality of submitted bids, she hires
an agent (he) to evaluate them. In Chapter 2, we consider the competitive model as benchmark.
The agent is honest and report the true quality of proposals of submitted bids. Because both the
firms and the agent are experts in the industry, they agree on how to evaluate quality. Therefore,
except for some tiny uncertainty, firms are effectively choosing quality evaluation scores of their
proposals and the agent verifies these quality scores for the buyer.

We restrict our attention to cost functions and scoring rules satisfying the following two as-
sumptions throughout Chapter 2 and 3.

Assumption CF’: For all q € RY, C(q, 0) is continuous, C(q, 8) > 0, %‘;’9) >0, and afﬂgf) is

positive definite.

Assumption QL: The scoring auction uses a quasilinear scoring rule S(p,q) = V(q) — p, where

V(q) is increasing, continuously differentiable, and weakly concaveﬂ
With these two assumption, we have the following lemma:

Lemma 5: Consider a scoring auction with scoring rule S(p,q) = V(q) — p, where q € RL and
L > 1. For a firm with cost function C(q,0), it is equivalent to consider it bids according to
a transformed cost function C(v,0) = ming ¢, v(q=vC(4,0), v € Ry. C(v,0) is single-valued,

continuous, increasing, and strictly convex in v.

Given Lemma 5, there is no loss of generality to reduce the dimensionality of quality attributes

to one. For notational convenience, we will consider the cost function and the scoring rule as

3 Any scoring rule that is additively seprarable in price can be transformed into a quasilinear one without affecting
the equilibrium bidding strategy.

41



C(q,0) and S(p, q) respectively, where ¢ is one-dimensional. The firm’s profit maximization prob-

lem is

max [p —C(q, 0)] Pr (win|S(p.q)). (2.1)

As shown in |Che (1993)), the quality choice can be separated from score or price choice. Each firm

will choose its quality according to

(6) = argmax {V(q) ~C(q.0)} .2

The proof of (2.2 will be show under a more general setting at Theorem 8. Assumption CF and QL
ensure ¢(0) to be a single-valued continuous function by the Maximum Theorem (Berge, 1963).
The firm’s problem (2.1)) is equivalent to a two-step optimization problem where the firm first

chooses its score s, then choose a (p,g) combination to fulfill that score.

& m;ax{ max [p—C(q,G)]Pr(win|s)}

(p:q) S-L. S(p.g)=s
< max {max [V(g)—s—C(q,0)]Pr (win|s)}
s q

& max{[V(¢(6)) ~ C(g(6),0) —s| Pr(winls)}. 2.3)

At the second and third step, we plug in p =V (gq) — S(p, q) and (2.2) respectively. Following Asker

and Cantillon| (2008), we define the pseudotyp«ﬂ of a firm as the value function

K(®) = max{V(q)—C(q,0)} =V(q(0))—C(4(6).0). 2.4)

which is the rotal social surplus of a firm (if S(p,q) represents the true payoff of the buyer). Again
by the Maximum Theorem, K(6) is a single-valued and continuous function. The distribution

of pseudotype K can be obtained from the (joint) distribution of 8 by probability transformation

4t is called effective cost in/[Hanazono et al.|(2015) and productive potential in |(Che|(1993).
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formula:

Fi (k) = Pr(K(8) < k) = Pr(8 € Dyg. (p)<iy) = /9 _ f(@)ap. 2.5)

Denote k = min, c[0.0] K(0) and k = maxg (g g] K(6). We assume k > 0 so that the least efficient
firm participates. The support of pseudotype is [k, k] C R . |Asker and Cantillon| (2008) show that
pseudotypes are sufficient statistics to describe the equilibrium of scoring auctions under quasilin-
ear scoring rules. Therefore, instead of dealing with the multi-dimensional type 6, it is equivalent
to consider that firms draw their one-dimensional pseudotype k from distribution Fx. Problem
can then be further rewritten as if the firm is selecting its score based on its pseudotype:

max (k — s) Pr(winls). (2.6)

N

Directly from |Asker and Cantillon| (2008)), we have the following theorem and two corollaries:

Theorem 7: Every equilibrium in a scoring auction where firms bid on the basis of their types 0, is
type-wise outcome equivalent to an equilibrium in the scoring auction where firms are constrained
to bid only on the basis of their pseudotypes k = K(0). Firm with type 6 and pseudotype k = K(6)

bids its quality according to (2.2)) and score according to

JEFc (@) ar
s(k) =k— —[FK(k)]"_l )

The corresponding price is p(0) =V (q(0)) — s(K(6)).

2.7)

Corollary 7.1: The conditional expectation of the winner’s score equals to the strongest rival’s
pseudotype, i.e., E [s(k(lzn))] =E {k(Z:n)]-
Corollary 7.2: The buyer receives a higher expected utility in a scoring auction than a price-only

auction with minimum quality standards.

Corollary 7.1 is the expected utility equivalence of FSA and SSA, which is similar to the
revenue equivalence principle in Vickrey (1961). Corollary 7.2 is describing the superiority of

scoring auctions. Throughout the paper, X ;.,) denotes the jth highest order statistic from an 1.1.d.

43



sample of size n from distribution Fx. The distribution function of order statistic X;.,) is denoted

as F}gj ") If § is one-dimensional, the equilibrium in Theorem 7 reduced to the one in|Che (1993):

Lemma 6: When 0 is one-dimensional and Co > 0, Cy9 > 0, there is a symmetric Bayesian
Nash equilibrium of a first-score auction where each firm with type 6 submits its bid as q(0) =

argmax, V (q) — C(q, 0) and p(6) = C(q(8),0) + J§ Co(q(t),)[1 = F(1)]"~'de/[1 - F(6)"".

However, using a one dimensional 6 implies the monotonicity property of ¢(0). The existence
of the equilibrium requires the assumption Cyg > 0 and Topkis Theorem (Topkis, [1978) Theorem
immediately implies that ¢’(6) < 0. To see this, because g(0) satisfies first-order condition V,(g) —
C,(g,0) = 0, by implicit function theorem, ¢'(6) = C,9/(V4q — C4q) > 0 under assumption CF’,
QL, and Cy9 > 0. This monotonicity feature implies that the most efficient firm with lowest 6
always wins by submitting the highest quality. It does not fit real world data because some contracts
are awarded to firms offering cheap-low-quality bids. Therefore, we drop the assumption C,g > 0
and assume 0 to be at least two dimensional. In this way, we relaxes the monotonicity property of
quality, which is shown later in the Monte Carlo Example.

In summary, the equilibrium of a competitive scoring auction has three implications that can
be tested empirically. First, in choosing the quality, firm only consider the scoring rule and its
cost function, but not how many rivals are competing with him. So the number of bidders in
the auction shall not affect the choice of quality, but affect the choice of score or price. Second,
according to (2.2), a higher slope of V(-) induces firms to bid higher quality. Lastly, because V(-
is the upper bound of pseudotype (total social surplus), firms endogenously choosing high quality
in general have higher pseudotypes and win the contract with larger probability. Therefore, in a
scoring auction, the competition of firms is mainly reflected on the quality dimension instead of
undercutting each other by price. Although the quality choice is not monotone in pseudotype, we
expect to see a majority of winning bids are of the high quality and relative high price, instead of
cheap-low-quality ones. In the empirical study, we provide evidence for each of these three model

implications.
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Figure 2.1: [llustration of the Equilibrium of Scoring Auction
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2.4 Econometrics of Scoring Auctions

Consider a sample of 7" independent and repeated scoring auctions of the same industry with
the same scoring ruleE] For scoring auction ¢, assume researchers observe the number of firms n,,
some auction-specific covariates z; (with dimension d), bids of each firm {pi, qir1,4ir2, ---, q,-tL}l’.”zl
(with dimension L+ 1) and scores si; = V(qit1,qir2, -+ qis) — Pir- We set aside endogenous entry
and reserve price issues in this paper. By result in Theorem 7, the identification result can be

established by the method in |Guerre et al. (2000).

Theorem 8: Under assumption CF’ and QL, pseudotypes and equilibrium costs of firms are non-

parametrically identified.

Proof: Because the equilibrium bidding strategy in Theorem 7 is monotone, Gg(s) = Pr(S <s) =
Pr(K < k) = Fx(k) and gs(s) = fx(k)/s' (k). By (3.6), pseudotype k is identified from the obser-

vation of scores via

> We will discuss variations of scoring rules later in the empirical application section.
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Fx(k) Gs(s)

k = stk)+sk)——te =5+ —t, (2.8)
OG0 = i Das
The equilibrium cost is then identified by the definition of pseudotype,
Gs(s)
C(g(0),0) = V(q(0))—k=p(0)— (2.9)
(4(0).0) = V(g(0))~k=p(6) ~ {0
Q.E.D.

Given observations of n;, z;, and s;;, the conditional distribution function and density of score

can be estimated by kernel estimators,

A 1 & n—n; 72—z
GS<S|nl7Zl> = T]’l]h Z Z]IS<SIZ KG( h] 9 h2 )7

ntl

N 1 LA L S—Sip n—n Z_Zt)
S\, %) = ————= ), — K ’ ’ '
gS( | t t) Th3h4hg t; n, ; g( h3 hy hs

1

We use Gaussian kernels and select bandwidths Ay, ..., hs by least-square cross validation. Pseudo-

types and equilibrium costs at corresponding quality are estimated by

GS<Siz|nt,Zt)
(”t - 1)gAS<Sil|nt7ZI) ’
e = Vigu)— ki (2.11)

ki = si+ (2.10)

Equation (2.10) shows that the firm chooses a score s as the portion delivered to the buyer from
total social surplus k. The second term is the firm’s rent, reflecting its competitive advantage and
information rent.

Notice that in a price-only auction, quality of the target item is fixed, so the model primitive is
a cost distribution, which can be identified by the method in (Guerre et al.| (2000). But in a scoring

auction, the model primitive is the cost function defined on the domain of quality attributes. Costs
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estimated via are not randomly drawn from a fixed cost distribution, but rather chosen by
firms. Therefore, to fully identified the model, one must make a parametric assumption on cost
function. |Nakabayashi and Hirose| (2015) show the condition for parametric identification. In
our study, testing corruption does not require fully identifying the cost function, so we take the

nonparametric approach.

Monte Carlo Example

Suppose the scoring rule is S(g, p) = 2g — p and cost function is C(q,0) = 0+ ¢>/6;. Each
firm draws its two-dimensional type (6p,0;) = 6 independently from Uniform[0,1] and Uni-
form[1,2], respectively. Assume that 6y and 0; are independent, so their joint density equals to
one on the support [0, 1] x [1,2]. By Theorem 7, the optimal quality choice of a firm with type 0 is
q(0) = 6; and its pseudotype is

oF
K(8)=V(q(0))—C(q(0),6)) =26, — 6 — o 01 — 6p.
The support of k is [0,2]. Because 6y, 6, are jointly uniformly distributed with density equals 1 at

the area [0, 1] x [1,2]., the distribution of pseudotype can be derived by (2.12) . We obtain Figure
by F[((k) = PI‘(K(G(), 61) < k) = Pr(01 — 0 < k) = Pr(91 <k+ 90). When k € [0, 1],

1 Oo+k 1
Fe(k) = /l_k/l 1d91d90:/1_k(90+k—1)d90
1

2

1 1 1 k
= {5902+(k—1)90]1k= §+(k—1)—5(1—k)2—(k—1)(1—k) =

When k € (1,2],

2—k 2 2—k
Fx(k) = 1—/0 /9+k1d61d90:/0 (2— 69— k)d6y
0

z_kzl—(Z—k)2+l(2—k)2: Pl

1
= |(2- — 0?2
{( k) 6o 290}0 > >
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L for k € [0, 1],
FK(k) = Pl‘(@l —6) < k) = (2.12)

11— —5—, forke(1,2].

Figure 2.2: Derivation of Fk(-)
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Notice that, by allowing types to be two-dimensional, firm who submits a high equilibrium
quality does not necessarily has a high pseudotype. For example, when firm 1 is type (0.5,1.5)
and firm 2 is type (0.1, 1.2), firm 1 will produce at ¢ = 1.5 and have pseudotype k = 1; firm 2 will
produce at a lower level g = 1.2 but have a higher pseudotype k = 1.1. The numbers of firms n are
randomly draws from 3 to 20 with equal probability. Using (2.7)), we can generate a simulated data

set and apply our estimator (2.10) and (2.T1)), as illustrated in Figure [2.3] The estimation is based

on 1000 auctions.

In this example, if researchers know the parametric form of the cost function, they can identify
two structural parameters by conditions of optimal quality and score choice: 6; = g and 6y =
qg—s—G(s|n)/[(n—1)g(s|n)]. In general, as long as K(6) is monotone in 6 under the parametric
assumption, O is identified. In application to an actual data set, determining the parametric family

of cost function is usually difficult.
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Figure 2.3: Illustration of Data and Estimation
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2.5 Data and Server Room Construction Industry

Our data set comes from two major procurement platforms: Guangzhou Public Resource Trad-
ing Center and Public Resources Trading Center in Guangdong Provinceﬁ Nearly all procurements
conducted in these two trading centers are sealed-bid scoring auctions due to both legal require-

ments and their economic advantages. The Chinese Law of TendeIE] requires government related

®Website: http://gzggzy.cn/, http://www.bcmegp.com/. Starting November 2009, these two major procurement
platforms publicly announced auction results of all government related projects.
"Law of the People’s Republic of China on Tenders and Bids (click this link for its full article in English).
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projects with values over certain thresholds to go through the open tender process coordinated by
these trading centers. The law also provides guidelines to forming evaluation committees, selecting
industrial experts, designing of scoring rules, and the detailed process of auction. Besides public
sector, private sector buyers also use these two trading centers frequently because trading centers
have connections to a large pool of industrial experts that perform bid evaluations.

The data set covers a series of procurement auctions of server room construction projects.
Server room (or data center) is an indoor place designed for containing machines like data storage,
servers, and large computers. To ensure reliability and safety, the construction of server rooms have
detailed technical requirements on various aspects like temperature, humidity, electricity supply,
fire control, etc.. Evaluating quality of a server room construction proposal needs specific exper-
tise. Each bid contains a full construction proposal and a itemized price list. Firm’s reputation,
experience, certificate, and financial status need to be considered in the bids evaluation. Therefore,
compared to lands or cargo, server room construction procurements are subject to higher risks of
quality manipulation.

During the two year period (01/01/2012 to 12/31/2013) of our data set, there are total 2147
observed auctions. On average, 8.8 bidders enter and submit valid bids for each auction. The
summation of engineer’s estimated costs of all observed projects is over 10 billion CNY (1.6 billion
USD). Hence, the industry is both large and has enough observations for structural estimations.
For each project, our information includes its engineer’s estimated cost, number of bidders, factor
weights, city, the buyer’s name, and the winning firm’s identity. On bid level, we observe factor
scores of each bid. Table [2.1)and Figure [2.4] summarize the data set. All price data are in units of
1,000 CNY. Transformed quality and transformed score are defined later in this section.

Several remarks about the data set:

(1) Our data set contains much less firm-specific covariates than those in Porter and Zona
(1993) and Bajari and Ye (2003). Among the 1046 winning firms, 451 firms win only one contract.

Therefore, tracking firm’s bidding history to construct variables like “backlog”, “capacity”, or
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Table 2.1: Descriptive Statistics of the Data

Variables Obs. Mean SD Min. Max
Project/Auction-specific

Engineer’s estimated cost, pg 2,147 5,049.90 1,478.49 835 13,239
Weight on tech. factor, w), 2,147 0.4958 0.0627 0.4 0.55
Weight on price factor, w, 2,147 04042  0.0627 0.35 0.5
Weight on business factor, w, 2,147 0.1 0 0.1 0.1
Number of firms, n 2,147 8.832 3.857 3 36
Winning score, s 2,147 78.550 6.068 52.49 95.13
Project city 2,147 (21 cities in Guangdong province)
Bid-specific

Price factor score, s, 18,963 69.80 10.43 1.0881 100
Tech. factor score, s, 18,963 60.47 28.55 0 100
Business factor score, s, 18,963 72.30 10.15 29 100
Price, p 18,963 4,162.96 1,843.70 363.3 18,417.38
Savings rate, p = p(l’p—;p 18,963  0.1980 0.1044  -0.4891 0.50
Weighted score, s 18,963  66.50 11.10 26.98 95.1337
Transformed quality, § 18,963 8,260.86 2,915.77 1,140.24 29,135.76
Transformed score, § 18,963 4,097.89 1,481.16 712.09 11,559.27

“utilization rate” is not practicalﬂ In addition, we do not observe the identities of all losing firms,
so we cannot construct explanatory variables like rival firm’s distance or rival capacity.

(2) The market structure of this industry is relative simple. There is a large number of supplying
firms and no buyers or firms dominates the industry. Table[2.3|show that the largest firm only takes
a 1% market share. Also, because server room project design and construction costs are not much
affected by their geographic location, combining data from different cities is reasonable. Moreover,
subcontracting is common in this industry, a firm’s distance to the project is less important when
most components of the project are carried out by subcontractors. These features support the
independent private information setting of our model.

(3) The scoring rule of this data set is relative easy to analyze. The business factor weights
is constant at 0.1 across all projects and (w,,w,) combination takes only five pairs of Valuesﬂ

Hence, the variation of the scoring rule can be controlled by w,. The price factor evaluation rule

8See Porter and Zonal (1993)), Section IV for definitions of backlog, capacity, and utilization rate.
9The law of tender requires all construction projects shall economic factor weight w p > 0.4,
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Table 2.2: Summary of Market Structure

Market Share Number of Projects
Mean  H.H.index Mean SD Min Max
Firms  0.0956% 0.0015 2.0525 1.6044 1 22
Total= 1046
No. of firm wins one project= 451

Buyers 1.1236% 0.0659 24.1236 53.4929 1 292
Total= 89

No. of buyer procures one project= 10

No. of buyer procures less than 10 project= 50

is consistent and not interdependent. In our sample, the engineer’s estimated costs and prices of
the bid are transferred into a 100 point price factor score by formula (2.13) below. We will now
discuss the scoring rule in details.

All projects in our data set use the most popular “comprehensive evaluation method” in China.
It is simply a linear weighted scoring rule consisting of three components: an economic factor, a
technical factor, and a business factor. The economic factor (sp) evaluates the price of the bid@
Denote the engineer’s estimated cost as py, if a company submits price p in his bid, his economic

factor score is computed by

0, p>3p0,
$p=9100(5+p) =100 (1+222), 1po<p<ipo- (2.13)
100, p < 3po.

\

p= % is called the savings rate of that bid. The technical factor (s;) evaluates quality of
the construction proposal including the design, building standard, equipment, server machines,
follow-up service, warranty, delivery date, payment condition, insurance, etc.. The business factor

(s,) evaluates the firm’s reputation, experience, risk of default, risk of bankruptcy etc.. Technical

10As mentioned in Bajari et al.[(2014), in reality price evaluation is not just “the low the better”. A highly unbalanced
bid (extreme itemized price) or a bid lower than cost could be penalized or rejected.
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Table 2.3: Summary of Market Structure

Index No. of Project Market Share Total Value Share of Value

Top five firms:

1 22 0.0102 94,641 0.0087
2 15 0.0070 69,990 0.0065
3 14 0.0065 63,264 0.0058
4 14 0.0065 72,496 0.0067
5 12 0.0056 64,504 0.0059
Top five buyers:

1 292 0.1360 1,463,947 0.1350
2 273 0.1272 1,370,988 0.1264
3 224 0.1043 1,154,855 0.1065
4 220 0.1025 1,110,387 0.1024
5 117 0.05449 579,093 0.05341

Procurement platforms (agents):
1 1,466 0.6828 7,374,657 0.6802
2 681 0.3172 3,467,485 0.3198

and business factors are evaluated by a committee of expertsE-I Each bid receives three 100-scale

scores on three factors, and then a grand score is computed via

S(Sp,Sq,Sr) = WpSp+WgSq+Wrsy, (2.14)

where weights, w,, w,, and w,, add up to one. The firm who receives the highest 100-scale grand
score wins the contract. Because firms are experts of the industry and may have repeated interac-
tions with the agents, they understand the score evaluation process. Therefore, they are effectively
selecting technical factor scores by submitting corresponding construction proposals. Business
factor scores are also endogenously chosen by firms because firms can hire experienced engineers,
acquire relevant certificates, form bidding consortia, and allocate more financial resources to raise
Sr.

The linear weighted scoring rule can be transformed into a quasilinear one that reflects the

"'"The law of tender require the committee shall contains five or more members (odd number). There is one repre-
sentative from the buyer. All the other members are either randomly selected from the pool of experts connected to
the procurement agency company.
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Figure 2.4: Visualization of Some Variables
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same preference of the buyer. Define the transformed score, § = #(iv,, (S(sp,Sq,5r) —50w,) and

the transformed quality, § = 101())—%,, (IOOWP +wgsq + w,s,) , then (2.14) can be transformed into

S(g,p) =4 p. (2.15)

Because the transformation is monotone, firm’s winning probability and bidding strategy are not
affected. We assume the cost of supplying the transformed quality g satisfies assumption CF. Then
the environment satisfies the condition of Lemma 5, which allows us to use the single dimensional

quality index g for structural estimation.
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Both the original scoring rule and the transformed one reflect the buyer’s willingness-
to-pay for a higher quality. The scoring rule determines the monetary equivalent for quality If
the firm raises the price by 1 CNY, then the 100-scale grand score will reduce by 100%. To re-
main at the same payoff, the buyer needs to be compensated by a higher quality, which requires
WeAs, +wrAs, = 100%. We add a boundary condition that the buyer receives zero payoff from
a contract with s, = 0, s, = 0, and p = po. Therefore, both scoring rules @]} and (@ have
are the same monetary equivalent for quality and the same boundary condition. Given (2.15)), §
represents the benefit of the buyer from a project delivered at (s4,s,) , and § as the buyer’s payoff
after compensating the winning firm p. Because the transformed quality and score are anchored

on price that has real monetary interpretation, they can be compared across auctions.

2.6 Reduced-form Estimation

We have three main findings in the following reduced-form empirical study:

(1) We test two implications of the theoretical model. First, a higher quality weight (lower
price weight) shall induce firms to submit bids with higher quality and higher grand score. Second,
firm’s choice of quality and price are separated under additively separable scoring rule. By using
the original strategy space (s),s, s,) as the dependent variable, we do not find robust evidence. But
we find the evidence supporting both model implications by using the transformed strategy space
(4,5), which in turn justifies our use of the transformed strategy space for structural estimations and
corruption detection tests.

(2) We tests for unobserved heterogeneity of projects with respect to fringe/non-fringe firms,
fringe/non-fringe buyers, and two agents. We do not find strong evidence of unobserved hetero-
geneity among these projects.

(3) Based on the transformed strategy space, we find that projects with high engineer’s esti-
mated costs end up with winning contracts of both high quality scores and high prices. Projects

with low engineer’s estimated costs induce more competition on price and end up with higher

12The definition of monetary equivalent for quality reflected by a scoring rule can be found in Dini et al|(2006).
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savings rates (lower markups).

Consider the reduced-form regression model:

Y, = 0o+ aipo; + 0on + 03we, + QuDfringe firm,; + % Dfringe buyer, T Pagent2, T &

where Y; stands for the dependent variable. The main independent project-specific covariates
are engineer’s estimated cost and the number of bidders. On bids level, we only observed three
factor scores that are endogenously chosen by firms. Price, grand score, transformed quality, and
transformed score are all functionally correlated with factor scores. The data also lacks the losing
firm’s identities, so there is no explanatory variable on bid level. Therefore, we estimate reduced-
form models on project level with only winning bids. Because there are lots of firms or buyers that
only appear in one project, we do not include firm or project fixed effects in the model. Instead, we

add two indicators for fringe firms and fringe buyers: = 1 if the winning firm is fringe

D fringe.firm
(wins only one project) and Dfringe.buyer = 1 if buyer is fringe (procures less than 10 projects).

D is the indicator for if the project is process by agent 2.

agency?2

Figure (2.5) and Table [2.4] summarize the estimation results. Based on the coefficients of tech-
nical factor weight, a higher w, results in a higher technical score, a higher price, and a lower
savings rate. Therefore, if a buyer wants to procure the project at a higher quality, the cost will
also increase significantly. In other word, firms ask for higher markups in high technical weight
procurements. More entry of the procurement auction increases competition and results in posi-
tive effects on all five dependent variables. In addition, diagram (A), (B) and regression (I), (II)
show that variations of engineer’s estimated costs does have significant effects on technical scores
and business scores of the winning bids. None of these regressions shows significant differences
between the large and fringe firms (buyers). The two agents also appear to be similar.

These regressions with the dependent variable within the observed strategy space have one

major drawback: scores on the 100-scale are intangible concepts and hard to compare across auc-
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tions. Receiving the same 100 point technical scores may mean completely different things for two
projects. We also find that increasing w, does not significantly increase grand scores in regression
(IV), which is not consistent with theoretical model prediction. In addition, the goodness-of-fit,

measured by R?, are relatively low except for regression (III).

Figure 2.5: Illustration of Winning Bids in Observed Strategy Space
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Nevertheless, we can consider the transformed strategy space with § and §. These two variables
are directly related to price and thus can be compared across auctions. Table[2.5displays estimation
results using ¢ and § as dependent variables. For all six regressions, their R?s improve and show
significantly positive coefficient estimates of w,. We can interpret that by increasing the technical
factor weight for 5%, it induces the project to be delivered at a higher quality and higher score
to the buyer. The estimated average buyer’s payoff increment ranges from 800,858 to 1,044,340
CNY (129,171 to 168,442 USD).

Concerning the coefficient estimates of regressor n, increasing the number of bidders has no
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significant effect on g, but has significant positive effects on §. It provides the evidence support-
ing one important theoretical model implication: firms choose their quality level based on their
own social surplus maximization problem (equation (2.2)) or (3.1))), hence n does not affect their
choice of §. Because this property of independent quality choices relies on fairly weak assumption,
confirming it in empirical study also supports the validity of our strategy space transformation.

In addition, we also observe some meaningful patterns across the winning bids. In Figure [2.6]
diagram (A) and (B), we plot the density of savings rate and transformed quality respectively. The
black curve represents the density of all observed bids while the red dashed curve represent the
density of only winning bids. These two density diagrams show that winning bids have consistent
pattern of higher quality and higher price, compared to other bids. Table [2.6] shows that 74.24%
of winning bids have the highest transformed quality in that auction. On the other hand, only
4.01% of winning bids have the highest savings rate in that auction. On average, winning bids ask
for higher prices (a lower savings rate) than losing bids. Among the 2147 auction we observed,
145 projects ended up with negative savings rates, meaning that the winning contracts have prices
higher than the engineer’s estimated costs. All these 145 negative savings rates occur at projects
with engineer’s estimated costs higher than 5,565 thousand CNY. Hence, a high pg project is more
likely to be awarded to a high quality and high price bidder, illustrated in Figure So we see
high quality and high price contracts concentrating at high pg projects, where there are more room
for quality manipulation. These susceptible signs of corruption motivate the corruption detection

tests in Chapter 3.
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Table 2.4: Reduced-form Regressions in Observed Strategy Space

€y (ID (I11) (Iv) V)
Dep.Var. Sq Sy p s P
Po 0.0000 0.0000 1.288%%*
(0.0001) (0.0001)  (0.0050)
n 0.7447** (0.1236* 4.341%* 0.3809**  0.0013*
(0.048) (0.057) (1.99) (0.034) (0.0006)
Wy 11.17%* -4.95 3294.64%** 1.53 -0.5758%*%*
(2.92) (3.51) (122.03) (2.09) (0.0377)
Dfringe.ﬁrm 0.1008 -0.5357 -28.67 -0.5463 -0.0093
(0.4378) (0.5265) (18.30) (0.3127)  (0.0056)
Dfringe.buyer 1.0405 -0.5909 -4.416 0.7195 0.0064
(0.5998) (0.7212) (25.07) (0.4285)  (0.0077)
Dagent2 -0.0694 0.3887 -30.78 -0.1587 -0.0034
(0.3826) (0.4601) (16.0) (0.2734)  (0.0049)
Constant 81.83**  76.48*%* -3511.04** 74.66*%*  (0.3927**
(1.50) (1.81) (62.87) (0.98) (0.0176)
R? 0.1050 0.0050 0.9687 0.0595 0.1123
Obs 2147 2147 2147 2147 2147
Note: Significance levels are denoted by asterisks (* p < 0.05, ** p < 0.01).
Table 2.5: Regression in Transformed Strategy Space
D (1) (I1I) (Iv) V) (VD
Dep. Var. Transformed Quality g Transformed Score §
Data All po <5,565  po>5,565 All po <5,565  pg>5,565
n 3.05 -0.85 47.56 20.15%* 16.38%:* 39.08**
(16.90) (11.44) (25.71) (6.38) (5.71) (7.01)
Wy 19,007.23**  16,876.99*%* 26,367.82** 16,017.17** 14,326.23** 20,886.79%**
(1,038.50) (690.20) (1,652.03) (391.94) (344.24) (450.61)
Dfringe.ﬁrm 200.15 186.62 -69.02 69.71 80.97 -41.14
(155.65) (103.21) (248.59) (58.75) (51.48) (67.81)
Dfringe.buyer -158.57 -80.29 -560.93 -24.58 -21.19 -131.02
(213.30) (141.10) (342.64) (80.50) (70.37) (93.46)
Dagentz 121.59 124.31 -242.29 70.75 61.07 -28.83
(136.08) (89.99) (218.49) (51.36) (44.88) (59.60)
Constant 2,021.96%*  1,552.37**%  2431.78*%*  -1,234.99**  987.43** -2 (68.26%**
(485.21) (325.33) (756.52) (183.13) (162.26) (206.35)
R? 0.1421 0.2943 0.3066 0.4446 0.5378 0.7863
Obs 2147 1551 596 2147 1551 596

Note: Significance levels are denoted by asterisks (* p < 0.05, ** p < 0.01).
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Table 2.6: Pattern of Winning Bids

Mean of Mean of Highest in the Auction Lowest in the Auction
All Bids Winning Bids Number Percentage Number Percentage
sq 6048 93.05 1582 73.68% 4 0.19%
sr 72.30 75.32 455 21.19% 193 8.99%
p 0.1980 0.1691 86 4.01% 530 24.69%
g 8260.86 9796.17 1594 74.24% 3 0.14%

Figure 2.6: Illustration of Winning Bids in Transformed Strategy Space
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Figure 2.7: Illustration of Winning Bids in Transformed Strategy Space (Continue)
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2.7 Structural Estimation

Lacking bid-specific covariates, project level regressions put aside information in all losing
bids because they are endogenous, but structural estimation can draw information from all bids.
Varying the scoring rule affects the distribution of pseudotype, therefore we consider sub-samples
according to technical weights and agents. For each sub-sample, we apply formula (2.10)) to struc-
turally estimate pseudotypes. The estimation results are reported in Table[2.7)and Figure[2.§]

Recall that & represents the total social surplus of each firm producing at its efficient level, and
§ represents how much of the social surplus is retained by the buyer. The difference, k— 3, is the
estimated rent of the firm. Table [2.8|compares performance of two agents. The projects processed
by two agents are similar in their observed characteristics, but we find that in general, firms bid in
agent 1 gets higher rent than agent 2. Specifically, overall, firms at agent 1 ask for 63,030 CNY
(10,166 USD) more rent compared to agent 2. But if we consider only winning bids, at each
sub-sample, winning firms at agent 1 do not earns significantly more rent than those at agent 2.

Consider comparative statics on technical factor (quality) weights: a higher w, in general leads

to both higher transformed scores and higher rents, benefiting both parties. Quality weights re-
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flect the buyers’ willingness-to-pay for high quality projects, while the supplying firms only care
monetary compensations. Serving buyers with higher willingness-to-pay naturally lead to higher
payoffs for both sides. The theoretical model (Corollary 7.2), reduced-form, and structural estima-
tion results are consistent in this prediction.

At the end, we want to point out that our nonparametric approach is based on pseudotypes and
the distribution of pseudotype changes as scoring rule varies. A fully nonparametric method is
may not be applicable when there is a great deal of variation in scoring rules across auctions and
the sample size is relatively small. In this case, a parametric or semi-parametric approach shall
be adopted. Once a parametric cost function is specified, the optimal quality and scores can be
expressed as a system of equation of parameters. Nakabayashi and Hirose (2015) show the exact

conditions that ensure the data on quality and score can reverse-engineer the parameters.

Table 2.7: Structural Estimation Results

Sub-sample  No. of No. of

w, Agent Projects Bids Mean SD Min Max

0.3 1 223 2384 k: 3,35897 1,292.52 1,156.09 27,485.10
§: 3,126.94 79731 1,135.51 5,747.27
0.3 2 87 913 k: 3,389.06 1,088.43 1,308.24 10,132.73
§: 3,173.24  811.30 1,264.24 5,407.96
0.35 1 244 2266 k: 391330 1,750.54 89122  35,700.95
§: 3,546.35 1,032.03 821.27  6,945.76
0.35 2 134 1228 k: 3,942.98 1,473.08 1,540.13 19,494.30
§:3,617.00 1,014.27 1,494.09 6,303.84
0.4 1 384 3437 k: 445163 2,250.47 1,253.65 56,690.62
§: 3,980.14 1,242.36 1,175.52 7,971.81
0.4 2 195 1687 k: 444867 1,805.02 1,052.06 22,355.00
§: 4,053.84 1,227.13 1,015.22 7,568.83
0.45 1 407 3335 k: 534217 3,181.92 77396 68,737.29
§: 4,691.41 1,515.09 712.09 9,711.02
0.45 2 176 1510 k: 5,131.95 2,360.78 1,603.51 28,208.93
§: 458534 1,505.13 1,431.86 9,324.88
0.5 1 208 1567 k: 6,054.45 3,463.00 1,724.88 58419.10
§:5,224.02 1,870.11 1,620.04 11,559.27
0.5 2 &9 636 k: 6,474.78 3,054.39 1,699.51 28,500.12
§: 5,667.42 1,894.45 1,539.81 10,811.87
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Table 2.8: Comparison of Two Agents

Agent 1 Agent 2 t-test of Equal Mean
Mean SD Mean SD Statistic ~ p-value
n 8.860 3.937 8.772 3.681 0.5029 0.6151
Po 5030.46 1515.45 5091.75 1395.77 -0.9212  0.3571
§ 5435.89 1489.60 5484.52 1470.62 -0.7101  0.4778

Estimated Rent (k — §) of All Bids
w,=03 23203 74933 21582 38090 08162 0.4144
wy =035 36695 1,01452 32598  664.14  1.4365  0.1509
wy =04 47149 139639 394.82  873.68 2.4007  0.0164
wy, =045 65076  2,261.30 546.60 1,191.91 2.0940  0.0363
w,=0.5 83042 2,089.09 807.36 1,551.44 0.2846  0.7760
Overall 498.63 1,634.84 43560  985.48  3.2844  0.0010

Estimated Rent (k — §) of Winning Bids
wy=0.3 816.54 2,212.67 646.67  821.04  0.9857 0.3251
we=0.35 1,239.56 2,667.93 967.06 1,640.22 1.2279 0.2203
wg =04 1,534.06 3,529.86 1,208.71 2,164.06 1.3692 0.1715
wy =045 2,006.02 5,095.38 1,632.98 2774371 1.1428 0.2536
w,=0.5 2,228.15 4,393.84 2,183.71 3,214.99 0.0972 0.9226
Overall 1,605.41 3,914.21 1,326.43 2,330.57 2.0551 0.0400

Note: Bold numbers indicate rejection of the null at 0.05 significance level.

2.8 Chapter Conclusion

In this Chapter, we develop a structural estimation method and three corruption detection tests
of scoring auctions. They are built upon fairly standard data of procurement auctions and can be
applied to data from a wide range of industry with enough observations. The estimation method
complements the theoretical study of the optimal scoring rule problem. By using historical data,
they provide quantitative prediction of the effect of varying the scoring rule. These predictions are
particularly useful for designing desirable procurement schemes.

We applied the method to a data set of server room construction project procurement auctions.
The data patterns and estimation results provide key evidence for the theoretical scoring auction
model. First, under additively separable scoring rules, the choice of quality can be separated from

the choice of price and score. The reduced-form estimation shows that transformed quality scores
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are not affected by the number of competing bidders, but scores are. Second, with competition
on both price and quality, firms mainly compete on offering high quality and expensive contracts.
In the data set, over 70% of winning bids have the highest quality, but only about 4% of winning
bids have the lowest price. Therefore, a reliable quality evaluation procedure is very important in
keeping the auction efficient.

We also explore the effect of varying quality weight. The theoretical model predicts that a
higher weight on quality induces firms to submit bids at higher quality and score, which is con-
firmed by estimation results in the transformed strategy space. The structural estimation results
show that projects procured with higher quality weights result in both higher payoffs for the buy-
ers and the winning firms. However, the buyer is restricted in picking the quality weight because
the scoring rule must reflect her willingness-to-pay of higher quality. The theoretical model of
scoring auctions shows that the buyer will not over-state its preferences on qualityE-I instead, the
optimal scoring rule “shade” buyer’s preference on quality to avoid giving up too much rent to the

efficient firm.

3However, in Chapter 1, we show that the buyer may over-state it when there is quality manipulation corruption.
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Chapter 3

Detecting Quality Manipulation Corruption

in Scoring Auctions

Abstract

Scoring auctions are particularly susceptible for corruption because the quality assess-
ment usually requires special expertise that the buyer does not possess, which neces-
sitates the participation of a skilled intermediary agent to evaluate quality. Corruption
via quality manipulation causes a systematic distortion of bids and such distortion is
testable. Based on the structural estimation method of scoring auction data, I con-
struct three tests for detecting quality manipulation. These tests are based on standard
auction record data and can be used to reduce anti-trust investigation cost. Applying
these tests on the data set studied in Chapter 2, I find some signs of corruption in sub-
samples with high quality weight scoring rules and large engineer’s estimated costs.
Therefore, in designing the scoring rule, the buyers need to balance the efficiency gain

from incentive provision and the risk of quality manipulation.
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3.1 Introduction

Aforementioned, to implement a scoring auction, quality assessment is necessary in the auction
process, but having an agent to do evaluation brings in the problem of corruption. Corruption
is a prominent issue in procurement both in the public sector and private sectors, especially in
developing countries. According to |(OECD|(2013), money drained through corruption amounts to
between 20% and 25% of the procurement budget, that is around US$2 trillion annually. Existing
studies of corruption in auctions focus on either bidding rings among bidders, or bid revision
cheatings between the auctioneer and a bidder (defined later in Section 3.2). Bidding rings and bid
revision cheatings suppress competition and causes monetary loss for the buyers, but they ignore
another perceivable consequence of corruption: inferiority of quality.

Take the bridge construction industry as example. J1 and Fu (2010) found that there were a total
of 85 major bridge collapse accidents in China between 2000 and 2009. Forty cases among them
were later convicted to be caused by corruption during the procurements. In a 2012 media report
titled “Chinese-style of bridge collapse” government officials and industry experts concluded
three main frauds causing bridge collapse accidents: (i) the construction design proposal failed to
meet industrial regulation, (ii) the construction was carried out at low quality, and (ii1) the finished
bridge lacks necessary maintenance. No buyer will purchase a bridge if she knows it will collapse
in the near future. Quality manipulation results in the discrepancy between the quality written on
the winning bid and the quality actually delivered, which may lead to deadly tragedies.

Current solutions for detecting corruption in auctions focus on auctions where price is the
only corruptible outcome variable, and these tests are not applicable to auction settings where
quality evaluation is involved in the auction process and can be manipulated. We will continue
with the scoring auction model we built up in earlier chapter based on |Che| (1993), |Asker and
Cantillon| (2008)), and |[Hanazono et al.| (2015). We introduce quality manipulation into the scoring
auction model and characterize the systematic distortion of corrupted firm’s bidding behaviors.

The corruption model implication and structural estimation method are put together to construct

Uhttp://club.kdnet.net/dispbbs.asp?page=1&boardid=89&id=8581905
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three tests of detecting corruption via quality manipulation. A corrupted firm with exaggerated
quality will bid more aggressively compared to a competitive counterpart. Based on one auction
outcome, one cannot tell whether the aggressive bidding is due to corruption or the efficiency of
the firm. But with a large sample of auctions, the abnormally aggressive bidﬂ by corrupted firms
will reject the competitive bidding model null hypotheses of our tests. The novel feature of these
tests is that they are based on data of standard scoring auction records. Performing them require
neither prior knowledge of identities of the corrupted firms, nor repeated observation of bids from
the same set of firms, nor rich firm-specific covariates.

Third, we apply the structural estimation method and corruption detection tests to a series of
procurement auctions of server room construction projects in China The data and estimation
results provide empirical evidence for the three key implications of the theoretical model. (Che
(1993) predicts that each firm choose their quality maximizing the total social surplus given its
cost function and the scoring rule. We show that the choice of quality is indeed separable from
the choice of score because quality choice is uncorrelated to the number of bidders. We find that
the project procured by a scoring rule with high quality weight tends to result in higher payoffs for
both buyer and firms, but it is also subject to a higher risk of corruption. Corruption is also more

likely to happen at projects with high engineer’s estimated costs.

3.2 Literature Review of Detecting Corruption in Auction

In the Handbook of Procurement (edited by Dimitr1 et al.|[2006), Lengwiler and Wolfstetter
(2006) point out procurement auction participants may suppress competition by four major forms
of collusion or corruption. In the literature, collusion usually refers to a bidding ring or a cartel,

where a group of bidders coordinate their bids to suppress rivalry and capture some of the rents

2Qur tests on abnormally aggressive bidding behavior are closely related to the literature of abnormally low ten-
ders/bids. Putting aside the issue of quality, our tests can also be applied to detecting abnormally low bids. According
to|Dini et al.| (2006)) and [Eun|(2016), the problem of abnormally low bids in procurement can be of particular concerns
for two main reasons. Firstly, firms are protected by limited liability and tend to bid aggressively. Once contract is
awarded, replacing the incumbent firm is very costly and the selected firm is usually compensated with all cost overrun.
Secondly, awarding contracts to “too-good-to-be-true" bids typically lead to reduction of quality or defaults.

3Server room is an indoor place designed to contain machines of data storage, servers, and large computers.
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that otherwise would be transferred to the buyer. In an efficient cartel, the cartel leader (the
one with the lowest cost or the winner of an internal pre-auction knockout) is the only serious
bidder, while the other cartel members submit high phony bids. There is a body of literature on
bidding rings both theoretically (e.g. |Graham et al. (1990), McAfee and McMillan| (1992), and
Hendricks et al.|(2008)) and empirically (e.g. |Pesendorfer (2000), Bajari and Ye (2003), and Asker
(2010)). Corruption usually refers to the auctioneer (who runs the auction) twisting the auction
rule in exchange for bribes. It can take three major forms: (i) bid revision (bid rigging or “magic
number” cheating), meaning that the auctioneer allows a favored bidder to adjust his bid after
receiving information about rival bids (e.g. (Compte et al. (2005) and |Burguet and Perry| (2009)).
(i1) Bid orchestration, meaning that the auctioneer serves as the ring manager of a collusive cartel
and coordinates their bidsEI (ii1) Quality manipulation (or distortion of quality ranking), meaning
that the agent of bid evaluation is bribed to submit biased quality scores (e.g. Celentani and Ganuza
(2002) and Burguet and Che (2004)).

In this section, we briefly review existing empirical works on corruption in auctions and its
detection. We focus on a relative small number of papers and only sketch their key insights. For
a more comprehensive reviews including the theoretical side literature, readers can consult other
surveys like Hendricks and Porter (2007), Harrington (2008), and John Asker’s note.

Porter and Zona| (1993) is one of the earliest works on collusion detection. They study bidding
rings in procurement auctions of Long Island highway construction contracts. Because some bid-
ders are of relative large size and interact with each other in a sequence of auctions, they are able to
coordinate as a cartel. They estimate parameters of a linear bid function and a logistic bid ranking
model. Because the model can be estimated from using either the whole sample or only winning
bids, two sets of parameter estimate shall be equal in a competitive environment. But when there
is a bidding ring, the ranking of bids will not fully reflect the economic factors of bidders, leading
to different estimates.

Colluding bidders’ behaviors can be studied and tested by reduced-form models when detailed

4Just how rotten? (http://www.economist.com/node/3308447), The Economists, October 21, 2004
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data of cartel members identities and characteristics are available from records of antitrust investi-
gation. |Porter and Zona/ (1999) analyze data from school milk contract auctions in Ohio, where a
group of firms in Cincinnati were convicted for colluding. The bidding behavior of cartel members
is compared to a controlled group. They show that collusion raised market prices by 6.5% on aver-
age. |Pesendorfer (2000) also analyzes data from school milk contract auctions, where some firms
in Florida and Texas were found colluding. He considers the effect of both bid rigging and market
splitting. He estimates the coefficients of reduced-form bid function regressions using three sub-
samples: low cartel bids plus all non-cartel bids, low cartel bids, and all non-cartel bids. A Chow
test for equality of coefficients shows that the cartel firms bid less aggressively than non-cartel
firms. [Feinstein et al.| (1985) point out that a cartel may seek not only a higher winning bid, but
also collectively use bids to pass false information to the buyer to avoid a “ratchet effect” (Freixas
et al.|[1985). It happens when the buyer uses past information to form expectations of future auc-
tions. [Feinstein et al.| (1985) found empirical evidence from data of convicted collusion cases in
North Carolina highways procurements.

However, if the data does not provide exact identities of the cartel and non-cartel bidders, the
methods above cannot be implemented (unless one runs regression on all possible partitions of
the cartel and non-cartel bidders). In addition, the data may not be rich in bidder’s characteris-
tics. |[Harrington| (2008) points out that an abnormally high profit margin is not the evidence of
collusion, but the evidence of market power. According to Baldwin et al. (1997), there are three
(non-mutually exclusive) ways to explain a high profit margin: collusion, demand side factors, and
supply side factors. The supply side can be captured by auction-specific covariates describing the
object. To identify collusion, researchers need to control demand side factors by enough bidder-
specific covariates. To encounter these data limitations, researchers start using structural model to
detect collusion.

Bajar1 and Ye (2003) construct their test based on two distinct model implications of the com-
petition and the collusion model: the competitive bids data shall satisfy conditional independence

and exchangeability features. If bidders are competitive, bids must be independent controlling for
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all publicly observable information on costs under IPV framework. But if there is a cartel, their
bids may be correlated and such correlation can be detected. Moreover, a competitive bidder’s bid
shall not depend on other bidder’s identities, so exchanging other bidders’ characteristics shall not
change the distribution of competitive bidder’s bid. In a regression specification, if one regresses
bidder i’s bid on the covariates of bidder j and k (with other controls), then these two coefficients
should be equal. An F-test can be used to check this exchangeability restriction. Identities of
potential cartel members can be found by testing each pair of bidders. In addition, Bayesian esti-
mation of the structural model provides the likelihood of the data coming from the collusion model.
Aryal and Gabrielli (2013) take a full structural approach to test collusion based on the estimation
method of auction data in |Guerre et al.| (2000). For the same set of bids data, two sets of costs
are structurally estimated by assuming the competitive model and the collusion model, denoted as
{éA} and {éB } respectively. Because collusion lowers competition, for the same bid b, it implies
&4 (b) > ¢éB(b). Detecting collusion boils down to testing for first-order stochastic dominance of
two cost distributions recovered from two models.

Besides bidding rings, (Ingraham/ (2005) studies the corruption between the auctioneer and a
bidder. His model is based on the bid revision model in Compte et al.| (2005). The auctioneer
let the corrupted firm observe others’ bids before submitted its. When the corrupted firm’s cost is
lower than the lowest bid of other firms, it will submit a bid that barely wins the contract. As a
result, the difference between the lowest and second lowest bid is smaller than a usual competitive
sample. This is a testable model implication.

All works mentioned above are based on first-price sealed-bid auction. Collusion can be a
more prominent problem in open auctions where tacit collusion is easier. Athey et al. (2011)
study a timber auction data set with two auction formats (sealed-bid and open) and two sets of
bidders (mills and loggers). They assume mills are potential cartel and use the sealed-bid auction
as benchmark to evaluate whether bids in open auctions satisfy the competitive hypothesis. Bajari
and Yeo (2009) studies collusion in FCC spectrum auction and Klemperer (2002) in telecoms

license auction. Some other empirical works are based on the unique features of their data set.
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Asker and Cantillon| (2010) study internal knockout auction from side-transfer data of a stamp
dealers cartel. They test the theory of internal organization of bidding rings and measure ring
members’ benefit from colluding. [Tran/(2011) uses internal bribery data of a company to compare
corruption under two different auction formats. Kawai and Nakabayashi (2014) study an auction
data set from Japanese government procurements. Because the reserve price is secret, observation
of bids may consist of multiple rounds and the ranking of bidders across rounds can be used to
detect collusion. Kaplan et al.| (2016) propose a method to identify and test collusion in English
auctions.

In summary, to detect collusion, researchers need to derive some key model implications dis-
tinguishing the competition model and the collusion model, and then test which model the data
support. Hence, all these collusion detection methods suffer from some common problems: (1)
When the null hypothesis of the competitive model is rejected, it is hard to tell whether the rea-
son is collusion or model mis-specification (See Figure [3.4). For example, Hendricks and Porter
(2007) point out that bid rotatiorE] and incumbency patterrﬁ are sometimes observational equiva-
lent to collusion. (ii) If corrupted bidders coordinate their bids in a sophisticated way, the recorded
bids can pass nearly all these tests. It is called “beating a test of collusion” , discussed in Harring-
ton| (2008). (ii1) Nearly all these tests rely on repeated observations of bids from the same set of
potential corrupted bidders. Dynamic interaction between bidders are very informative of whether
they are competing or colluding. But one implicit assumption made here is that the identities of
cartel and non-cartel members do not change across auctions.

Our tests are subject to problem (i) as others, but suffer less from problem (ii) and (iii). The
quality manipulation problem usually only happens to one bidder. If the agent and corrupted firm
wants to avoid being detected, they must reduce the manipulation power. Therefore, beating our
tests will directly restrict corruption. Besides that, our tests are also useful for antitrust authorities
because they requires only standard auction data. In particular, we do not need a prespecified set of

suspicious corrupted bidders, identities of bidders, or repeated bidding behaviors of bidders across

SFirms with idle capacity are more likely to win the contract because they are less constraint in their capacity.
Firms who have won a lot in the past may have a unobserved cost advantage.
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auctions. Our tests can be perform with very little or even no bidder-specific covariates.

3.3 Model of Quality Manipulation

Assume that the agent randomly matches with one firm and forms a corruption relation. This
relation can be the result of a bribery side-contract, a long term relationship, favoritism, or other
reasons. According to Lengwiler and Wolfstetter (2006), by approaching only one bidder, the
auctioneer minimize the number of side-contracts and thus the risk of detection. Large coalitions
are of course possible, but the detection risk obviously increases with the number of people who
know about the corruption. For simplicity, we assume that the agent matches with each firm with
equal probabilitym

Following Burguet and Che| (2004), we assume that the agent can manipulate the evaluation
of quality by raising the corrupted firm’s quality score by m > 0. It means that if the corrupted
firm submits a bid (p, q), the score is exaggerated from S(p, q) to S(p,q+m). This parameter m is
called the agent’s manipulation power. The interpretation of m can be (i) the quality score of the
corrupted firm is exaggerated; (i1) the actual delivered quality is lower than the one written on the
proposal; or (iii) the evaluation method is twisted to give an advantage to the corrupted firm. The
magnitude of manipulation power is determined by the discretion given to the agent and the nature
of the industry. It is restricted by the extent of not being suspicious and not triggering investigation.
For example, in the procurement of a bridge, the agent may claim that the corrupted firm’s bridge
can serve 30 years while the actual building code is designed for only 25 years. However, he
will not say the bridge will last 100 years because it would be very suspicious. The manipulation
power is assumed to be an constant number known by the agent and the corrupted firm, but not
others. Empirically, researchers don’t observe how much quality is manipulated and the magnitude
of manipulation can vary across auctions.

The timeline of the auction with corruption is as follows. The buyer announces a scoring

"In Huang and Xia| (2016), the probability of each firm being corrupted is explicitly modeled. We can relax this
equal probability assumption. However, if inefficient firms are being corrupted with significant probabilities and thus
the winning bids are mostly not corrupted, then power of our tests will be very weak.
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rule and hires the agent. A number of firms enter the auction exogenously and draw their private
information 6 from F. The agent then randomly matches with one firm and offers him a side
contract that exaggerates the firm’s quality score by m in exchange for a bribe. The firm decides
whether to accept this side contract or not. Then every firm submits a sealed-bid simultaneously
as a price-quality combination. If the matched firm accepts the side contract, his quality will be
exaggerated by m. The auction outcome is then revealed and the firm with highest score wins the
contract.

We skip a detailed model of the endogenous formation process of the corruption relation. We
assume the agent is an expert in this industry and is able to design a bribery side contract that the
matched firm will accept. For example, if the agent learns 6 of the matched firm, he can make a
take-it-or-leave-it offer, asking for a bribe slightly less than the difference between the expected
payoff of being corrupted and being honest. Our simple model is enough from an empirical point
of view, because variables directly related to corruption are usually unobservable (e.g. side pay-
ments, identities of corrupted firms, amounts of quality distortion). Writing a complicated model
of quality manipulation usually ends up with the same qualitative prediction. We further impose

an assumption on other firms’ knowledge about the existence of the corruption relation.

Assumption UA: The buyer and other uncorrupted firms are unaware of the existence of the cor-

ruption relation.

This assumption is different from the complete information assumption we used in Chapter 1.
There are both realistic and technical reasons for this assumption. In reality, if either the buyer
or some other firms notice the existence of corruption, they will report it to the antitrust authority
because corruption directly hurts their interests. The agent and the corrupted firm will control the
scope of quality manipulation so that it does not trigger investigation. Moreover, for technical
reason, with incomplete information on costs, adding another layer of incomplete information
brings in mixed strategies and the equilibrium becomes both complicated and uninformative as

shown in Theorem 5 and 6.
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Given assumption UA, all uncorrupted firms follow the same strategy as in Theorem 7. The

corrupted firm, once matched with the agent, solves a modified problem:

max [p—Clq—m, 0)|Pr (win[S(g. p)).

The equilibrium bidding strategy is summarized as the following theorem.

Theorem 9: Under assumption CF, QL, and UA, the corrupted firm bids

qM(e) = argmgle(q)—C(q—m,O), (31)

pm(0) = V(gm(0))—s(Knu(0)), (3.2)
k= f [ Fr ()] e

) = T T

where ky, = K, (0) = max, {V(q) —C(q—m,0)} is the corrupted firm’s pseudotype. Compared to
an uncorrupted firm with the same type, the corrupted firm has a higher pseudotype, bids a higher

quality, and reaches a higher score. All three effects magnify as m increases.

Therefore, the corrupted firm will bid more aggressively compared to a competitive firm of the
same type. Because the corrupted firm has a large winning probability, it causes a systematic distri-
butional shift of the winning bid. It is the key factor that allows us to construct corruption detection
tests. Note that the “more aggressive” prediction is different from the implication of bidding ring
models. When an auction involves a bidding ring, both the ring leader and other members bid less
aggressively to suppress competition. But with quality manipulation, the corrupted firm pays a
lower cost with help from the agent. As a result, the corrupted firm will bid more aggressively to

increase its chance of winning the contract.
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Figure 3.1: Illustration of the Equilibrium with Corruption
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3.4 Detecting Quality Manipulation

The key of detecting quality manipulation corruption lies in checking abnormally aggressive
bidding behaviors of corrupted firms. It is impossible to distinguish normally competitive bidding
behavior and abnormally predatory bidding behavior by a single observation because the manip-
ulation power (m) in unknown. But when the sample size gets large, the consistent pattern of
aggressive winning bids can be captured by statistical tests. In this section, we propose three tests
and show them in a Monte Carlo example.

The basic intuition of our corruption detection tests is capturing the persistent abnormally ag-
gressive bidding behaviors associated with the winning bids. Corruption distorts only the corrupted
firm’s bid and all other bids remain competitive. The distorted bid is the winning bid with a large
probability. Hence, even we don’t observe the identity of the corrupted bidder, we can test for the
existence of systematic deviations from competitive bidding behaviors by comparing the winning
bids and other bids. For all these tests, the null hypothesis is that the data are generated from the
competitive model, i.e. Hp: m = 0. It is tested against the alternative hypothesis that the data
are generated from the corruption model, i.e. H;: m > 0. Test I and II can be performed on one

sample of auctions processed by the same agent. Test III can only be performed on two or more
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sub-samples that are different in their agents or other aspects. These tests are illustrated in a Monte
Carlo example and later applied to a real procurement data set. We denote the observed highest
score or pseudotype of each auction by subscript “win”. The observed second highest and third

highest ones are denoted by subscript “rival” and “third”, respectively.

Test 1

Under the competitive model, the observed scores are associated with underlying order statis-
tics of pseudotypes. In a scoring auction with » firms, the winner and the strongest rival are of pseu-
dotypes k(1.,) and k(3.,,). By Corollary 7.1, the competitive model implies E [syin] = E [S(k(l:n)>] =
E [k(a.n)] = E [kyiva]. By Theorem 9, for any m > 0, E [syin] > E [s(k(1.))] and E [s(k(.))] >
E [syiva1])- Hence, the corruption model implies E [s,y] > E [s(k(lzn))} =FE [k(z;n)} > E [kyiyar]- The

corruption detection problem becomes testing
Hy: E [Swin] =E [krival] vs. Hy:E [Swin] >FE [krival] .

We use the Welch'’s ¢-test with test statistic

— T — T 17
o T ! thl Swin,t — T : 21:1 krival,t
\/T_lvar(swin,t) + T_lvar(krival,t)

F! , (3.3)

where IAcn-val,t are estimated from 1D Lucking-Reiley| (1999) also uses t-test for revenue equiv-
alence but their samples are generated from different auction formats. For our application, we
are studying one sample of the same auction format, therefore we use a bootstrap critical value to

account for the correlation between scores and estimated pseudotypes.

Test 11

For auctions with symmetric independent private value bidders, /Athey and Haile| (2002) show
that the underlying value distribution is nonparametrically identified even when only one bid of

each auction (an order statistic) is observed. When there is no corruption, the estimates of pseudo-
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type distribution from all bids and from only the winning bids should be the same except for some
statistical errors. When there is corruption, the winning bids are distorted and the two methods
will result in statistically different estimates.

Practically, we construct the test by comparing two empirical CDFs of pseudotypes of winners
from two estimation methods. By using all bids, pseudotypes of all firms, {lAqt, e ,IAcn,,}, can be
estimated via . Denote the pseudotype corresponding to the winning bid as lAcwin’, and its em-
pirical CDF F,gvi"(k) = %Zthl I (l%win,t < k). By using only winning bids, these winning scores
have distribution function Gy (syin|n) = Gélzn) (Swin) = [Gs(swin|n)]" and density gw (swin|n) =
n [Gs(swin|7’l)]n71 gs(Swin|n). By replacing relevant terms in , the winners’ pseudotypes are
identified by kyin = Swin + nGw (Swin|n)/(n — 1)gw (Swin|n). The underlying pseudotype of each
winning bid can then be estimated, denoted as lvcwin. The empirical CDF of lvcwin is Ij}?m(k) =

%ZITZI I (lvcw,-m, < k). The corruption detection problem becomes testing
Hy : Vk € [k, k|, Y™ (k) = F¥™(k), vs. Hy: 3k [kk], FF"(k) < FY™ (k).

The natural option is Kolmogorov—Smirnov (KS) test. The test is one-sided because the ag-

gressive scores in the corruption model results in higher estimate of k. The KS test statistic is

T = sup |Eg™(k)— Fg™ (k)|
ke [k.k]
1 & . 1 &
= Sl.li TZH(kwinJSk)_fzﬂ(kwin,tgk) .
kelk k]| © 1=1 =1

Similar to test I, there is dependence between the two sets of estimated pseudotypes of the winners,

so we use bootstrap critical values. Test II is illustrated in Figure[3.2]

Test I11

Inspired by Ingraham| (2005), test III is based on the following Markovian property of the

conditional distribution of order statistics (see the proof in|/Arnold et al. (1992)):
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Figure 3.2: Illustration of Test 11
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Lemma 7: Denote the first spacing of the highest two order statistics as Xi2 = X(1.,) — X(2:n). The

conditional distribution of X1, only depends on the third order statistic, that is

S (012|X 300 = X3) = fxp (0121X(300) = X3, X(4m) = X457+, X(en) = Xn)-

Test III is easy to implement but needs at least two sub-samples. Suppose the observed auctions

can be divided into two (or several) sub-samples that are different in their procurement agencies or
other aspects. Let D; be the dummy variable indicating the observation is from sub-sample 7. We

can set up the regression

A

(kwint — krivars) = Bo+ Bikuniras + B2Dr s + Bsze + &,

where z; controls for other auction-specific covariates. In a competitive auction, léwm, l%riml, and
kepira coincide with K(1:n): k(2:n), and k(3.,). According to Lemma 7, the conditional distribution
of the first spacing of pseudotypes, k12 = k(1.,) — k(2.), 18 the same across auctions if we control
the third highest pseudotype k(3.,). Therefore the conditional means of two sub-samples are equal
if m =0. We can apply a standard #-test for Hy : B, = 0 versus H; : B, # 0 with test statistic

1 — B, /SE(f,). We can also skip the first stage estimation of pseudotypes and directly use
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score data to perform the test by the regression

(Swin,t - SrivalJ) - ﬁO + ﬁlsthira’,t + ﬁ2DT,t + B3Zt + ﬁ4nt + &,

If [3’2 is significantly greater than 0, the gap between the winner and the strongest rival is larger in

the sub-sample with , which implies a higher likelihood of corruption.

Monte Carlo Example (Continue)

The identification result in Theorem 9 is established in a competitive bidding environment. If
there is corruption, the manipulation power is unobservable and may vary across auctions. From
a single observation, a researcher cannot conclude whether a high pseudotype is due to a real
competitive advantage or a manipulated quality. In the example, for some m > 0,

2
gm(0) = argmax {Zq — 6y — la=m)°
q 91
Kn(0) = 2(61+m)—60p—6,=06,—6y+2m=K(6)+2m. 3.5

} =0,+m=q(6)+m, (3.4)

Therefore one cannot separately identify k£ and m. Although it is not an identified model, the
systematic distortion of submitted bids can be captured with a large sample.

We continue with the previous example to illustrate the corruption detection tests. To find the
distribution of test statistics under the null, m can be an unknown positive number. But to study
the powers of these tests, we let m to be a known fixed number across observations. We generate
B = 199 samples under the null hypothesis (m = 0) and compute test statistics for each sample,
{ﬂbj 5:1 , j =1 and I1]°| Setting the significance level at 5%, the relevant bootstrap critical value of
the test, CV (.7/), is the 190th highest among these test statistics (since (B+1) x (1—0.05) = 190).
In both diagrams of Figure [3.3] the blue line and the black dashed line denote the test statistic

and the bootstrap critical value respectively, while the black curve represents the density of 199

8To check the validity of bootstrap, we use the data generating process to repeatedly generate data sets and construct
the compare the distribution of test statistic. It is use to compare with the bootstrap distribution of the test statistics.
They are similar.
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bootstrap test statistics.
We explore the powers of these tests under three alternative hypotheses by taking m equals 0.2,
1, and 2, shown in Table[3.1] A randomly selected corrupted firm will choose a higher quality and
have a higher pseudotype according to (3.4} and respectively. The bootstrap power of the test
is defined and computed by
1 B

power = 1 —Pr(accept Hy|H) istrue) =1— B I (%j < CV(fj)) :
b=1

The Monte Carlo results show that as the manipulation power m and the sample size T increase,
the powers of all three tests improve. The power of test I is relatively weak compared to test I and

III, especially in the case of small mﬂ

Figure 3.3: Distribution of Test Statistics Under the Null and Bootstrap Critical Values
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9 Additional Monte Carlo study on the sizes and powers can be found as a supplemental material on the author’s

website: https://sites.google.com/site/sunnyelan/.
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Table 3.1: Power of the Tests

Sample Size
Manipulation Power Test 200 500 1000
I 0.2462 0.2362 0.2613
m=0.2 II 09246 0.9347 0.9497
I 0.8241 0.7889 0.8291
The corrupted firm wins with probability 0.2348.

I 0.3869 0.4925 0.5528
m=1 II 09749 0.9648 0.9849
oI 0.9246 0.9397 0.9598
The corrupted firm wins with probability 0.4596.

I 09347 0.9648 0.9749
m=72 II  0.9899 0.9950 0.9950
or 0.9950 0.9950 1.0000
The corrupted firm wins with probability 0.9618.
Note: For test III, one half of the sample is generated

under the null, the other half under the alternative.

Discussion

Compared to most existing collusion detection tests, our tests require less data, so it can be
performed on a lot of procurement auction data sets. Existing tests generally require identities
of bidders, (rich) bidder-specific covariates, repeated observation from the same set of bidders in
several auctions. Some of these tests requires exact identities of (suspected) colluding bidders, for
example [Porter and Zonal (1993)), Pesendorfer (2000), and Athey et al.| (2011). Some tests, like
Bajar1 and Ye (2003), can be conducted without identities of the corrupted firms, but need to be
run on each combination of bidder pairs. Some tests are constructed upon repeated observations
from the same set of bidders, which reveal the systematic difference between colluding bidders and
competing bidders. Our tests do not require any of these data and hence can be performed before
the case-by-case antitrust investigation.

Moreover, with different sub-samples, our tests do not need to specify a prior on which sub-
sample is more likely to be corrupted. (For example, Athey et al.|(2011]) assumes that the sample

from open auctions are collusive and sealed-bid auctions are competitive.) Test I and II can be
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performed on each of the sub-sample and compare their likelihoods of corruption by p-values. Test
IIT estimates a “fixed effect” for each sub-sample by regression and can rank their likelihoods of
being corrupted. However, because these tests are constructed on fairly limited sample information,
there are several shortcomings:

(1) Our test statistics involve two-step estimation based on pseudotypes. Because estimated
pseudotypes are correlated, asymptotic distribution under the null is hard to derive analytically.
We therefore use bootstrap critical values to make rejection decisions. The analytical study of the
asymptotic property may be derived based on the recent findings inMa et al.| (2016)). We will leave
it for future research. Also, researchers start developing inference methods and tests based on
one-step estimation of auction data. For example, Liu and Luo|(2014) propose a test of exogenous
entry based on empirical quantile of bids, which circumvents the correlation issue of estimated
pseudo-values. However, because bids depend on the number of bidders (1), one cannot pool data
from auctions with different n together, but needs to conduct the test separately on sub-samples
according to n. In our application, there is a great deal of variation of n (see Figure [2.4)), so we
choose to take the two-step approach.

(2) The powers of our tests are also very difficult to be studied analytically. First, they depend
on the manipulation power m, which is unobservable and may vary across auctions. Second, m
cannot be estimated even if we assume it follows a parametric distribution. The model is not
identified under the alternative hypothesis because the corrupted firm is not always the winner. So
the manipulation power cannot be recovered without knowing the exact identities of the corrupted
firms. In other words, the corrupted firm’s bid and other bids are not generated from the same
data generation process, and we don’t know which bid comes from the corrupted firm. These
complications restrict us from studying the powers of the tests rigorously. A desirable data set to
study corruption should include some ex post information of convicted corruption records. With
identities of corrupted firms, then it is possible to identify the entire corruption model. Researchers
can then study the powers and “in-sample” prediction correctness of these tests. We don’t have

such a data set for now and the main contribution of these tests are their ex ante applicable feature
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in corruption detection.

(3) Figure [3.4] illustrates a common problem of our tests and most collusion detection tests
in the literature. When the data does not reject the null, it supports that the data rationalizes the
competitive model. But when the data rejects the competitive model, it cannot distinguish whether
the reason is corruption or model mis-specification. For example, rejecting test I can be due to any
reason related to failures of expected score equivalence, like bidder’s risk aversion. The one-sided
tests in test I and test II alleviate this problem: if we find that the winning bid is not aggressive but
conservative, we do not reject the null.

Figure 3.4: Interpretation of Test Results

Reject Not Reject
Type I error
Corruption "
Model
Competitive
Model
Other
Model
Type II error

3.5 Empirical Application

The pattern of winning bids and losing bids together reveal whether the bidding behaviors are
competitive. Continue using the data set of Chapter 2, the tests proposed above can be directly run
based on the structural estimation results in Chapter 2. Table [3.2]and Figure [3.5|show results of test
I and II. For test I, there are a total five sub-samples rejecting the competitive model. In general,
they happen at auctions with high w,. For test II, none of sub-samples rejects the competitive
model. For test III, we consider six regression models shown in Table [3.3| and find only one
coefficient of Dagency2 being significant. Regression (VI) is run on the sub-sample with high

engineer’s estimated costs. It implies the first spacing of transformed scores is larger at agent 2,
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which is the sign of aggressive bidding behavior. Since we also find that rent at agent 2 is generally
lower, the reality could be that firms are earning their rent under the table by delivering low quality
projects.

In summary, a majority of the data set passes our corruption detection tests. Recall Figure |3.4
these failures of rejection support the theoretical prediction of the competitive model, which makes
the structural estimation trustworthy for this data set. For some sub-samples of the data set, we find
signs of quality manipulation. The data patterns shown in Figure and results of corruption de-
tection tests suggest that antitrust authorities should spend more investigation resources on projects
with high technical weights and high engineer’s estimated costs, especially on those processed by
agent 2.

It is worth mentioning that high technical weight and estimated cost are proxy for complex-
ity of the project. Bajar1 and Tadelis| (2001)) and [Tadelis| (2012) compare auction and negotiation
at different levels of project complexity. Complexity may potentially jeopardize the advantage
of competitive tendering because the uncertainty in project design stage may lead to costly rene-
gotiation of ex post adjustment. The buyer may choose a bilateral negotiation with a reputable
supplier, because in the negotiation, the reputable firm can help design the complex project and
save the ex post adaption cost. In a scoring auction, quality and design of the project are chosen
by firms, so it reaps benefit from both price-only auctions and negotiation. However, all these
cross-procurement-scheme comparisons are not robust if quality is not perfectly observable and/or
verifiable at the moment of transaction. The corruption problem analyzed in this paper not only

affects the optimal scoring rule and auction format, but also optimal procurement scheme.
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Table 3.2: Results of Test I and 11

Sub-sample Test I Test II
w, Agent TestStat. BTcv. BTp.v Test Stat. BT c.v. BTp.v
0.3 1 -6.7284  -4.0347 0.5400 0.2422  0.2870 0.6600
’ 2 -3.3526  -5.0863 0.0000 0.2644  0.3563 0.8350
035 1 -6.2109 -4.9973 0.2800 0.2131  0.2623 0.7000
2 -5.0055 -4.6895 0.1050 0.2836  0.3209 0.3800
0.4 1 -7.3851 -5.8942 0.2600 0.2396  0.2656 0.4750
' 2 -4.7708  -5.6530 0.0000 0.2513  0.2923 0.5850
0.45 1 -5.3859 -5.8718 0.0000 0.2260  0.2604 0.6500
2 -5.5837 -5.8815 0.0150 0.2330 0.2784 0.6700
0.5 1 -5.3204 -5.2688 0.0700 0.2067  0.2500 0.5900
' 2 -4.4933 48648 0.0100 0.2584  0.3258 0.5300

Note: BT c.v. and BT p.v stand for “bootstrap critical value ” at 0.05 significance level and

“bootstrap p-value” respectively. They are computed based on 199 bootstrap samples at
project level. Bold numbers indicate rejection of the null.

Figure 3.5: Result of Test I and Test 11
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Table 3.3: Results of Test II1

@ ey (1 av) V) (VD)
Dep.Var First Spacing of k First Spacing of §
Data All po <5565  po > 5565 All po <5565  po > 5565
Dagency2 -39.78 3.372 -245.88 20.45 4.750 103.25%
(110.36) (29.02) (591.77) (16.84) (18.05) (46.37)
3rd order 0.3082%*  -0.0863** 0.0568 -0.0506**  -0.0922**  -0.2180**
statistic (0.0296)  (0.0129) (0.1194) (0.0072) (0.0098) (0.0246)
Wy -1,120.81 3,472.47**  5,910.49 1,813.97** 2,208.35%* 4,947 .44**
(929.72)  (268.23)  (5274.83) (160.63) (180.07) (578.31)
n -24.62%* -17.96%** -9.485
(2.199) (2.432) (6.388)
Constant -236.29  -547.17%* 187.46 64.50 -56.40 -207.70
(337.84) (88.85) (1857.27) (60.86) (66.11) (175.94)
R? 0.0556 0.0986 0.0089 0.1588 0.1875 0.2875
Obs 2147 1551 596 2147 1551 596

Note: Significance levels are denoted by asterisks (* p < 0.05, ** p < 0.01).

3.6 Chapter Conclusion

We propose three corruption detection tests of scoring auctions based on the structural esti-
mation method in Chapter 2. These tests are based on standard record of auctions and are easy
to implement. They quantify the risk of quality manipulation of sub-samples and guide the an-
titrust authority to suspicious cases for further investigation. This saves antitrust cost, deter large
scale quality manipulation, and may potentially improve performance of procurements that involve
quality.

Our corruption detection tests are ex ante in the sense that they can label identities of corrupted
firms, projects, and agents without specifying a prior of suspects. For future research, one impor-
tant complement is an ex post study of corruption behaviors by data from convicted corruption
cases, for example, from investigation reports of collapsed bridges. Then researchers can study
the “in-sample” property of these corruption detection tests (e.g. Bajart and Ye (2003)) and even
the internal organization of corrupted agents (e.g. |Asker (2010)). In this way, historical auction

data, antitrust records, and economic analysis can together construct stronger tools for antitrust
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purposes.

Last but not the least, in selecting the scoring rule, besides the shading for optimal screening,
a higher quality weight gives more room for quality manipulation. As|Lengwiler and Wolfstetter
(2006) suggested, when quality scores are problematic due to the possibility of corruption, the
quality weight shall be reduced. We run the three corruption detection tests proposed in this paper
and find that, in general, the data set passes our tests. But there are some signs of corruption
in sub-samples with higher quality weights and higher engineer’s estimated costs. Therefore, in
designing the scoring rule, the buyers need to balance the efficiency gain from incentive provision

and the risk of quality manipulation.
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Appendix

Proof of Lemma 1: Consider a firm with quality manipulation m > 0. Suppose it submits some
(g, p) such that g # ¢*, then there always exist another bid (¢*, p) such that the score is the same
but the payoff upon winning is strictly higher. Specifically, by taking p’ = a(¢* — q) + p, then
a(g +m)—p' = alg+m)—p,S(g",p') = S(q,p). Because g ¢ argmax, ag—C(q,0), (¢",p')

yields a higher payoff,

n(q*,p')—n(q,p) = p'—C(¢",0)—p+C(q,0)
= oq" —ag+p—C(q*,0)—p+C(q,0)

= oaq" —C(q",0) —[ag—C(q,0)] > 0.

The honest firm will also choose g*. Q.E.D.

Proof of Lemma 2: (i) g;(c) satisfies first order condition of (1.1): a —C,(g, 6;) = 0. Because

Caq > 0. 4}(0) = 5oy > 0.

(ii) Because C,9 > 0, % = —E—Z < 0. Because 01 < 62, q1(a) > q2().

1 1
Because Cyg9 > 0 and Cyy(q,01) < Cyq(q, 62).q) () — gh(a) = Cla®) ~ Cola®) 0.

(iii) For any cost level ¢, suppose firm 1 and 2 can produce quality ¢%, 4%, C(¢%,0:) =C(¢3,6,) =
y pp p q 1492 1 2

®. Because Cp > 0 and 6, > 6y, C,(q3,6,) > C,(¢",61) (at the same level of cost c, the cost
function of firm 1 is steeper). When ¢! = g;() is the solution to FOC C,(q,6) = «, then
o < C,(q), 6>). Firm 2’s equilibrium quality g2 (o) must satisfy a = C,(g, 6>) and because C,, > 0,

hence qz(OC) < q(z), Cz(OC) = C(qz((X), 92) < C(qg, 92) = C(q(l), 91) = C((]l ((X), 91) = Cl(OC).Q.E.D.
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Figure 3.6: Illustration of Lemma 2
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Proof of Proposition 1: Let € be some small positive number. Under Bertrand competition, firm 2
chooses price at its cost py = ¢2(@) in equilibrium. Firm 1 chooses p; (&) = ag; (o) — aga (o) +

C> (o) — € to match firm 2’s score and slightly over-bids it

S1 = aqi(o)—pi(e)
= agqi(a)—[aqi(a) —ag(a) +C(a) —&]
= ap(a)+C(a)+e

= aqp(a)+p(o)+e>S

Given pi(a) = agq () — oga(a) + Co () — €, firm 2 cannot decrease its price below its marginal
cost and don’t have incentive to increase its price. Ignoring € for conciseness, pa(a) = C>(¢) and
pi(a) =oaqg(a)— ag(a)+ Cy(a) are equilibrium prices.

Because in the equilibrium, firm 1 earns a positive rent, Rk = pi(a) —Cj(a) > 0. We can

show that R% is increasing and convex in o:
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RE () = qi(a)+aq(a) —Cylg, 81)q) () — g2() — augh(a) +Cylq, 62)gh ()

= qi(0) —qa(a) +q) (@) [ —Cy(gq,61)] —gh () [ —Cy(g,62)]
=0 =0

= qi(a) —gqa(a) > 0.

These signs are obtained by results in Lemma 2. Q.E.D.

Proof of Proposition 2: o satisfies the following first-order condition:

Uff (@) = (1-a)q (o) — q1(0) + () + q2(@) — Cy (g, 62)g5(e0)

= (1—-0)qi(a) —qi(a) +q2(a) +g5(ax) [0 — Cy(gq,62)]
~0
= (1—a)qj(a)—qi(c) +g2(a) =0,

Assumption CF (iii) is a sufficient condition for the second-order condition holds

UK (@) = (1-a)q{(a)—d)(a)—d;(a) - d(a)

< (I—a)qi(o) — ¢ ()

C 1
= —(l—0)Z - — <0
aq  Caq
2
q9q

Therefore, a sufficient condition for the second-order condition to hold on & € [0, 1] is Cygq > —ng.

91



By Lemma 2 and C,, > 0,

UE(1)=0-q1(1)+42(1) <0.

UL is continuous in «, therefore, there exists at lease one ay € (0, 1) satisfies U g(a) = 0. So the
solution to U (et) = 0 lies within (0, 1). Q.E.D.

Rf ()
o

Proof of Lemma 3: (i) Define k() = . This function is increasing because

¥(a) = [ak¥ (@)~ Rb(a)] = - [Cy (o)~ Ca(a)] > 0.

If m < Sup e 00) k(0), by continuity of k(e), there exists a unique & > 0 such thatm = k(&) <
am = RL(&).

If m > supge(g oo k(ca), the scope of quality manipulation is so large that the corruption rent
always dominates. In this case, all the following result holds by treating & = oo.

Note, a = 0 always makes am = R%(a), but the buyer does not want to induce zero quality.

(ii) Following monotonicity of k(a), obviously, for o < &, k(a) < m < am > R%(a); for
a>a, k(o) >me am<RE:(a).

(i) By identity k(&) = m, &'(m) = ﬁ > 0. Q.E.D.

Proof of Proposition 3: The proof is straightforward by similar argument of Bertrand competition
model. If firm 1 is corrupted, under Bertrand competition, firm 2 bidding above its cost cannot be
an equilibrium. To see this, consider some p, > C>(a), firm 1 can choose a price p; € (C2(@), p2),
but then firm 2 can still undercut, so p, > C>() is not an equilibrium. Therefore, in equilibrium,
firm 2 chooses price equals its cost p = C>(@) in equilibrium. Firm 1 chooses p;(a) = C (&) +

REL +R15 — € (€ is some small positive number) to match firm 2’s score and slightly over-bids it:
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S1 = oagi(o)+om—pi(o)
= aq(a)+am—[Ci(a)+RE +RE)
= aqi(a)+am—|ag(a)—ag (o) +Car(ct) + om — €]
= ap(a)+C(a)+e¢

= aq(a)+p(o)+e>S,.

The buyer’s payoff in this case is i (&) — p1 (&) = g1 (&) — C1 (&) — RE: — RE.

If firm 2 is corrupted, consider two sub-cases: & > & and o < .

When o > &, technological rent dominates corruption rent. Firm 2 chooses p» = C>(a) and
received exaggerated score S, = aqx(@) — pa(a) + am. Firm 1 chooses pj(a) = Ci(a) + Rk —

Ré — € to match firm 2’s score and slightly over-bids it:

S1—=8 = oaqi(a)—-pi(a)—[ag(a) - p2(a)+ am]
= agi(a) = Ci(a) =R} + am+ & — aga(a) +Co(@) — am
= agi(a) - Ci(a) — agr(a) + Co(@) — Ry + €

= £>0.
The buyer’s payoff is g1 (a) — p1(a) = q1 () — C1 () — R + RE.

When o < &, corruption rent dominates technological rent and firm 2 wins at the equilibrium.

Firm 1 chooses p; = Cj(a) and received score S; = aq;(a) —Ci(a). Firm 2 chooses py (o) =
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Cy(a) — R% + RE — € to match firm 1°s score and slightly over-bids it:

S—81 = agq(a)—p2a)+om—[ag (o) —Ci(a)]
= agq(a) —Ca(a) + R — am+e+am—agqi(a) +Ci(a)
= ag(a)—oag(a)+Ci(a)—Ca)+R; +&

= €>0

The buyer’s payoff is g2 (@) — pa(@) = g2 (@) — Co (@) + RS — RE. Q.E.D.

Proof of Theorem 1: Because both the shape of payoff function and its jump point both depend
on the parameter m, it is not trivial to fully express a* as function of parameter x and m. But we
can characterize it by the following analysis:

(1) We first discuss some properties of U /f and U BL. Recall

Ur(a) = x[qi(a) —Ci(a) =R} — RG] + (1 —x) [q1 (@) — Ci (&) — RF +RE]
= ql((X)—Cl((X)—lew—F(l—zx)Ré

= Uk(a)+ (1 —2x)RE.

It has first and second order derivative UX (&) = UL (o) — (2x — 1)m and UL (@) = UL (t) < 0
(Proposition 2). Therefore, UL has a unique maximum at oy (m) = arg maxge(o,e) U, L(o) because
it 1s strictly concave. Because oy is determined by FOC Ug(a) = 0 and o4 1s determined by
U,ﬁ/((x) — (2x—1)m = 0, we know that for x > %, oy < oy and o decreases in m; for x < %,
o4 > oy and increases in m.

Ulé is not generally concave. But Ué is bounded above, continuous, and limg_e. Uéﬁ(a) = —o0
Therefore, Uk reaches its maximum (may not be unique) at a finite @, we define the smallest

among these maximum points as Og = argmaxgeo,c0] U é(a).
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(2)Va € [0,a], Uk(a) > Uk (a).

Ux () — Ug(ax)

= (1-x)[q1(a) = Ci(a) — R +RE — qo() — Co () — R%: +RE]

]+2 (RE—RY) ¢ > 0.

- (.

= (I-x)q q1(a) = Ci() — [q2() — Co (@)

>0 >0 for a<a

(3) When the scope of quality manipulation is relatively small.

Define /! as the solution of & (m) = o (m), then if m <k, & < au; and if m > ml, & > ayu.
Because UL is defined on [, ), when m < /L, the maximum of UX(a) can be achieved, a* = oty.

As an extreme case, if m — 0, & — 0, iy — oy, Uj(aA) — UPLI(OCH), which is the payoff with
honest agent.

(4) When the scope of quality manipulation gets large.

If m > mk, & > o, the maximum of UL cannot be achieved. By property shown in (1) and (2),
Uk(op) < Uk(ap) < UL(as) and UL is decreasing on [0, o), there exists a unique & > o4 such
that UL (&) = Uk (o).

The optimal a* now depends on the relative magnitude of & and &.

If & < &, UX(&) > UL(&) = UL(ap), then o* = &. This o* is now greater than a4, which
means that the buyer still induce the efficient firm to win the contract but need to use a larger
quality weight.

If & > @&, Va € [@,), Uk(a) < Uk(&) < Uk(&) = U (), the optimal solution is a* = ag.

It means that the buyer allows whichever the firm be corrupted to win the contract. Q.E.D.

Proof of Corollary 1: The parametric example in Section 3, illustrated in Figure[I.2] is an example.

Proof of Proposition 4: The proof is straight forward. When firm 1 is corrupted, firm 2 bid at its
cost C2(g), firm 1 can match and slightly over-bid it by p; = C>(q) — €. The buyer thus receives a

distorted quality compare to no corruption case: ¢ —m— pa(q) = qg—m—C(q).

95



When firm 2 is corrupted, the outcome is determined by relative magnitude of C;(¢) and C> (g —
m). When C;(q) < C>(q —m), technological rent still dominates, firm 1 wins by slightly over-
bidding firm 2 at its cost C>(q — m) — €. The buyer receives the non-distorted quality g produced
by firm 1 at a lower cost, ¢ — C»(q —m). On the other hand, when C|(q) > C»(q —m), corruption
rent now dominates technological rent, firm 2 wins for sure by slightly over-bidding firm 2 at its
cost C1(g) — €. The buyer receives the project from firm 2 with distorted quality. The payoff is

then ¢ — m —Ci(q). Q.E.D.

Proof of Lemma 4: (1) We first show that as the cost increases, the difference of corresponding

qualities also increases. To see this, by assumption C,g > 0, then

5 9’c
0% f _i(i) _ 9996 __ G0 _
- ac | aCy2 aC ’
dcdf IO % (a_q)z (8_q)2
Because 6, > 0y, forany ¢/ > ¢ > 0, % < 0 implies
d[f(c,0,)— f(c,0
HEBLZTEO oo 1(e,00) — fle.09) < 10— fie,0),

:>f(C,91)—f(C,92) <f(C,,91)—f<C/,92) =41 —q2 <q/1 _q/Z'

Therefore, quality difference f(-,0;) — f(+, 62) is increasing. Suppose firm 1 is producing at quality
0 < g < sup.cfo.) [f(c; 01) — f(c,602)], then there exists a unique quality difference t such that
Ci(q) = C2(q —t). Define this quality difference ¢ as a function g, it follows aacz—afe < 0 that #(-)
increases in ¢. By continuity of #(-), for 0 < m < sup,cjo.)?(q), there exists a unique § > 0 such
that 1(7) = m, then C1(§) = C2(§—1(7)) = C2(G— m).

(ii) Because ¢ is increasing in g, for ¢ > G, t(q) > t(§) = m, Co(q —m) = C2(q —t(g4)) >
C2(q—1(q)) = Ci(q); for g < G, 1(q) <1(q), Ca(g —m) = C2(q —1(7)) < Ca(q—1(q)) = C1(q).

(iii) Straightforward by monotonicity of 7(-). Q.E.D.

Proof of Theorem 2: We characterize g* by the following steps:
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Figure 3.7: Illustration of Lemma 4
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(1) Payoff functions U AVI and Ullg” are strictly concave.

UM (q) = 1-xCh(q)—(1—x)Ch(g—m)

UM (q) = —xCY(g)—(1—x)Cy(g—m) <O0.
>0 >0

UM(q) = 1-xCh(q)—(1-x)Ci(q)

Ui (9) = —xCY(q)—(1-x)C](q) <O0.
>0 >0

Therefore, we can define g4 = argmax ¢(g e U¥(q) and gp = arg MaX (0,00 UM (q).

(2) For any g € [0,3], UY (q) > U (q).
Ux (q)—Ug' (q)
= (1-x)[C(q) —Ca(g—m)] —xm—(1—x)[C2(q) —Ci(q)] +m

= (I-x) \Cl(‘])—Cz(q—m)J—i—m >0

>0 for q<g

(3) When the scope of quality manipulation is relatively small.

Define mM as the solution of g(m) = qa(m), then if m < M, G < ga; and if m > mM, G > qq.
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When m < i, the maximum U} (g4) can be achieved and by (2) U¥ (ga) > UM (qa), therefore
q" = qa.

(4) When the scope of quality manipulation gets large.

If m >mM, G > ga, the maximum of U f“’l cannot be achieved. By property shown in (1) and
(2), UM (gp) < U¥(qp) < UM(ga) and UY is decreasing on [0, ), there exists a unique § > g4
such that U (§) = U¥ (gp).

The optimal ¢* now depends on the relative magnitude of § and §.

If § < g, UM (§) > Uy (§) = Uy (gB). then ¢* = §.

If G>§,Vq € [§,), U¥ (o) <UY (&) < UM (&) = UY (ap), then ¢* = gp. Q.E.D.

Proof of Corollary 2: The parametric example in Section 3, illustrated in Figure is sufficient

to guarantee the Corollary holds.

Proof of Theorem 3: Recall payoff functions (I.3)) and (I.6). Both of them are continuous func-
tions of m. We prove the Theorem by showing that U’/ am\m:() > 0and UM/ 8m‘m:0 > 0 for

any x < % When m is small, optimal scoring rule induce outcome A under both L and M.

QUL (a* (x,m)) QUL (a* (x,m))
am om

= % {Uf(o*)+ (1 —2x)o*m}

avk oa* . da*
I Im +(1=2x)a" + (1 —2x)m 3

As m — 0, because dU%5 /da — 0,1 —2x > 0, and dac* /dm > 0, we have 8UL/8m‘m:0 > 0.

QUM (em) UM (xym)
om om

= %{X[q*—m—cz(q*)]ﬂl—X)[q*—Cz(q*—m)]}

= (1-x0)G(q" —m)—x
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Let m — 0, then g*(x,m) — gu, which is determined by first-order condition Uy, (¢) = 0, so
C(qu) = 1. Hence, we have UM (g*(x,m))/dm| _, = (1 —x)C5(qu) —x=1—x—x>0, for

any x < 3. Q.E.D.

Verification of Three Results of the Parametric Example: For clarity of expression, we show

the analytical result when x = Om The optimal quality weigh@

_ 6(1+42m)
0y = g1, for0<m< gy,
a*:<&:%, for gg— <m <
\OCB— 153%’”, for m~ <m < Le
The buyer’s payoff of L
4
L _6(142m)?
UA(aA)—m, f0r0<m< (\F-ﬁ-l)’
2.2
U/f(ét) = 29(9_])1"_249 = for =L <m <
1-26m)? A
Ué(aB) = —(49(2_";)) , for ml <m < %,
0 for m > %.

\

19Consider again the extreme case that the inefficient firm is always corrupted, i.e. x = 0. From the buyer’s point
of view, it is the most desirable situation because the efficient firm’s technological rent is being eroded to the largest
extent.

1 The second cutoff value /i can be found by solving U} (o) = Uk(é). Here il = %7272274“, where a =

126% —240% — 462, b = —86* +280° — 2402 +46,c = —(6 — 1)°.

L
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The optimal minimum—qualityiT_Z]

1426
qa = St for0 <m < ( f)
* = ~_ m(6+V0) 01
1 9= 6—-1 > for 9+\/’ <m S 7
a8 =73, for M < m < 1.
\
)
M =L 0-1
Uy (QA)—49+m7 for0 <m < 26 1VE)’
- _ (6+V6)m  6(V6+1) 01 M
U%(Q)—(GZI o1z > for <m<nmM,
* B - 2(0+/6 =
UM(q*(m,0)) = (6-1) (6+v0)
Ug'(gB) = 3 —m, for M <m < 1,
0 form>%.

Figure [1.4]illustrate these two payoff functions. When m € (m, ), UL (" (m,0)) < UM (g* (m,0)).
. 0-1)(6—V/0) — _p_/p2_

Specifically, m = W m = =ty e where g = —462 [(\/§+ 1)2(2—6)+(6—1)2

b= [46(0+/8)(0—1)(2—0)+46(6 —1)°], and c = (0 - 1). Figuredepict the payoffs

under L and M when x and 6 various values, which shows that the interval of m that makes M

dominating L is larger for smaller x and greater 6.

Proof of Theorem S: Given Lemma 1, firm’s choice of its quality can be separated from its price.
Therefore we can consider best responses and equilibrium pricing strategies as functions of other
firm’s prices along.

Denote firm i’s choice of quality as ¢; = argmax ag — C(g, 6;) and its equilibrium costs as
ci =C(qi, 6;). We use subscripts i = 1,2 indicate firms; subscript O or m indicates firm i is corrupted
or not corrupted. Score of firm i is a function of its price. If firm i is not corrupted, s;o(pio) =
oq; — pio; if firm i is corrupted, Sip(pim) = Q(q; +m) — pim. The equilibrium prices contain each

firm’s pricing strategy when it is corrupted or not under two sets of parameter values.

12 The second cutoff value 7™ can be found by solving U¥ (ap) = UM (&). Here i = 7177272274“, where
_ (/o1 20 f Lo 1
a=— 017 b= + ,C=—7.
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(1) Uncorrupted firm 2

It has no opportunity to win. At the equilibrium, po(p10, p1m) = ¢2 by regular Bertrand equi-
librium derivation.

(2) Corrupted firm 2

It has the opportunity to win a uncorrupted firm 1 with positive profit when pjo > ¢, + a(gq; —

q>) — am. Therefore the corrupted firm 2’s best response is

e, if pro < c2+a(q1 —q2) —om
pam(p1o) =

pio—¢€, ifpio>cr+algi—q)—am

(3) Corrupted firm 1
A corrupted firm 1 has both technological and corruption rent and therefore will surely wins

the contract. Its best response is

c1, if poo <1 —a(q1 —q2) —am
pam(p20) =

po—¢, if pro>ci—a(gr—q2)—am

(4) Uncorrupted firm 1

This case is not trivial. With probability ¢, its opponent is not corrupted. Then firm 1 can
surely win by its technological rent. With probability 1 — ¢, his opponent is corrupted, winning or
not depends on value of parameters. Therefore firm 1’s payoff consists of three cases depending

on relative magnitude of its score and firm 2’s score

p
0, ifslo < 820,

Em0(P105 P20, Pam) = o (pro—-ci), if s70 < s10 < S2m1,

| Pro—c1, if 510 > s2m,
where ¢ = 1—1x+x—]xz denotes firm 1’s belief of the probability that firm 2 is not corrupted.
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The basic choice of firm 1 is whether it choose a conservative pricing strategy that only beats
uncorrupted firm 2, or an aggressive pricing strategy that beats both a corrupted firm 2 or a un-
corrupted firm 2. When s,,, > atp; — c1, firm 1 cannot beat a corrupted firm 2, therefore picks the
highest price beating a uncorrupted firm 2. When s,,, < atp; — ¢y, firm 1 has the opportunity to beat
a corrupted firm 2. Whether using conservative or aggressive strategy depends on the profit upon
winning. Only when py,, is high enough, firm 1 will choose aggressive price, The threshold con-

dition is given by pa,, — ¢ p2o > (1 — @) [c1 — (g1 — g2)] + am. The best response of uncorrupted

firm 1 is
.
p20+a(q —q2) — €, if pom <1 —alq1 —q2) +am,
P20+ 0(q1 —q2) — €, if pom > 1 — (g1 —q2) + oum,
P10(P20; P2m) = and pom — @p20 < (1—9) [c1 — (g1 — q2)] + am

Poam+a(qgi—qa)—am—g,  if py, >c; —o(q1 —q2) + om,

and pay — @p20 > (1 —9)[c1 — (g1 — q2)] +am

(5) Given parameter m and «, the equilibrium is determined by the solution of the system
of four best responses. We can show that when corruption rent is small (om < (1 — ([))R%), there
exists a pure strategy Bayesian Nash equilibrium, where p1g = ¢ —|—le —am, p1, =Cq —|—R% (+am,
P20 = €2, and poy, = 3.

When corruption rent is large (am > (1 — q))R%), there is no pure strategy Bayesian Nash
equilibrium. We can show that py,, = ¢ —i—R% + am and pyo = cp, while pyg and py,, are given
by some distribution function defined on the continuous strategy spaces, shown in the Theorem.
Q.E.D.

We skip the proof of Theorem 6 because it is quite similar to the proof of Theorem 6.

Proof of Lemma 5: For the minimization problem mingC(q,0) such that V(q) = v, the La-

grangian expression is
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£ =C(q,0) - A(V(q) —v).

The first-order condition yields a system of these L+ 1 equations of A and

aa—qc(% 0)— Aaa—qV(Q) =071,

2
By assumption CF, C(-, 0) is strictly convex in q, matrix J aflng) is positive definite. By assump-

2
tion QL, V(q) is weakly concave, %J(g‘}]) is negative semi-definite, there is a unique solution to this

system equations, denoted as q(v|0) and A(v|@). The value function of the minimization prob-
lem is C(v,0) = C(q(v|0),0). By the Maximum Theorem (Berge, |1963), it is single-valued and
continuous in v.

By envelop theorem, the value function satisfies C, = A. Plug q(v|@) into the constraint
V (q(v|0)) = v. Differentiate with respect to v implies aiq,V (q(v|0)) q, = 1. Therefore, aiqC(q(v\G), 0)—
A(v|6) 55V (a(v]6)) = 0 implies A(v]0) = £.C(q(v[6),0) /52V(a(v]0)) = £C(a(v]6),0)q, =
C, > 0.

To show C,, > 0 is equivalent to show A, (v|0) > 0. Differentiate the first-order condition above

with respect to v:
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Premultiply by q7,

8 32 2
T —al o
q, —aqV(q)MWIﬂ) q, bq,aqc(q,ﬂ) laq,aqV(q)} qQ,

2 2 2 . .. .
because %V(q)qv =1 and % = a(f,—an(q, 0)— AﬁV(q) is positive definite (PD), we have

92 92
— ol S
1010) =l [ 555000 - 250 via)a, >0
7
Therefore, C, = A(v|6) > 0 and C,, = 4,(v|0) > 0. Q.E.D.

Proof of Theorem 7: holds as as a special case by taking m = 0 in the proof below.
Problem is a standard first-price auction problem in IPV environment. The existence and
uniqueness of a symmetric monotone Bayesian Nash equilibrium s(-) is established in the lit-
erature (see Maskin and Riley| (1985)). When all other firms is following s(-), a generic firm
solves max(k — s) Pr(win|s) = (k —s)[Fx(s~!(s))]"~!. The first-order condition yields (k —s)(n —
D[Fx (s~ )] 2 fx(s71(s)) ds;l—:(“v) —[Fr(s71(s5))]" ! = 0. At the symmetric equilibrium, we have

differential equation

S(6) = D2 06) +3 (R = k- DI k). G0
s n—1
o LI 1y mcor-2peti0

Integrate on both side with boundary condition s(k) = 0,

JEt(n—1)[Fi(6)]" "2 f (1) dt SEFcoy"de
[Fi (k)] [Fx (k)] 1

s(k) =

The last equality is obtained via integration by parts. The equilibrium price can be computed by
p(0) =V(q(0)) —s(K(0)). Q.E.D.

Note that when 0 is one-dimensional and Cg < 0, it reduces to (??) in|Che| (1993). By envelop
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theorem, from the value function K(6) = maxV(gq) — C(q,0), we have K'(0) = Cq(4q(6),6) < 0.
The lowest type K(8) =minK (6) =k. [1—-F(6)]" ! =[Pr(® > )" ! = [Pr(K(®) < K(8))]" ! =
[Fg (k)] ' Letk = K(0), dk = K'(6)d6 = Cq(q(0),0)d0,

K(6) o
s(K(9)) = K(e)_fk [Fx (1)) dt

(AR

JeN —F (o) K (v)dt
= KO- R
B JE —F(2)]"'Cy(g(x), 7)dT
KR ()

Hence, p(6) = V(¢(0)) —s(K(8)) = C(g(8),0) + [ Co(q(z), t) L a1 — F(0))".

Proof of Corollary 7.1: k(;.,_ has distribution function F,El""*l)(t) = [Fx(t)]"!, and density

flgl:n_l) (t) = (n—1)[Fg(¢)]" 2 fx(t). If the winner has pseudotype k, the conditional expectation

of the highest rival’s pseudotype is
= D) [Fr(0)]" 2 fr ()t

E[k(l:n—l)’k(lzn—l) < k] - [FK(k)]nfl = S(k)7

which is equal to the score the winner will bid. At the equilibrium, the winner has pseudotype

being the highest order statistic k(;.,,), while the second highest bidder has pseudotype k(,.,.), hence

E [S(k(ln))} =F [k(Zn)} . QED

Proof of Corollary 7.2: |Asker and Cantillon (2008) shows a straightforward proof. Suppose the
minimum quality standard is set at ¢ and the scoring rule represents the buyer’s true preference.

By Corollary 7.1, Expected utility of price-only auction is

V(Q) —E [C<Q79(n71:n))} = E [(V(Q) _C(%O))(Z:n)]

< E mle(V(@—C(q?G))(Z:n) :E[k(zm)}’
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which is the expected utility in scoring auction. Q.E.D.

Proof of Theorem 9: (1) Quality

Suppose the corrupted firm with type 6 bids (p,q’) at some ¢’ # g,,, we can show that by
choosing ¢g,,, the corrupted firm can always find a price p,, that yields a higher payoff upon
winning. Let p,, = V(gm) —V(¢') + P/, then (p',4’) and (pm,qm) have the same score because
S(q,p")=V(q)—p' =V(gm) — pm = S(gm,pm) = s. These two bids has the same expected pay-

off Pr(win|s). Their expected payoffs satisfies

(pm,qm) —7(p'.qd) = [pm—C(qm—m,O)—p’+C(q’—m,9)]Pr(win|s)
= [Vign) —V(d)+p' —Clgn—m,0) —p' +C(¢ —m,8)] Pr(winls)

= [V(gm) +C(gm—m,8) — (V(¢') —C(¢g' —m,0))] Pr(win|s) > 0,

because g, is chosen by (3.I). The scoring rule being quasilinearity (additively separable) is
essential for this result to hold.

(2) Score and price

Under assumption UA, all other firms pick their score according to (2.7)), so the corrupted firm’s

pick its core according to

n—1

max (ki — sp) Pr(winls) = (kin ) [Fic(s™" (sm))]

Following the same step in getting (2.7)), the corrupted firm choose its score according to s(k,,) =

ki — kk’" [Fi (1))~ 'dt/[Fx(ky)]"~". The corresponding price is p,,(6) = V(gm(0)) — s(Kn(8))
(0 e .
Clqn(8) —m,0) -+ [ [Fic (1)} de / [Fic (K (0))]" .
(3) For any m > 0, at the equilibrium, ¢,,(6) > ¢(0), K,,(0) > K(0), and 5(K;,(0)) > s(K(8)).
The unique solution of quality choice of (2.2)) and (3.1)) are both determined by their first-

order conditions. Suppose g solves V,(q) = C,(¢q,0). Because Cy; > 0, the cost function has
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increasing slope, V,(§) = C,4(G,0) > C,(§ —m,0). By assumption QL, V,, < 0, the solution to
V,(q) = C4(g —m, 0) must be strictly larger than g, therefore ¢,,(0) > ¢(6).

The other two are straight-forward. Because C, > 0, C(¢ —m,0) < C(q,0) for all g and 0,
Kn(0) = max,V(q) —C(qg—m,0) >max,V(q) —C(q,0) = K(0). The equilibrium score bidding
function s(+) is increasing, hence s(K,,(0)) > s(K(0)). It is obvious that all three effects magnify

as m increases. O.E.D.
A sample bid"|

This is a bid of a server room construction project. The buyer is Bank of Dongguan, a regional
bank centered at Dongguan, Guangdong province, China. The firm is IBM Engineering Technol-
ogy (Shanghai) Co., Ltd.. The bid consists of a construction proposal and a detail list of items and
their costs. The construction proposal is a 19-page document including standard of construction,
condition of delivery, delivery date, equipment purchase plan, payment plan etc. Some selected
pages are shown in Figure The itemized price list is a 11-page spreadsheet. Table shows

its major categories, categorical prices, and total price (3,630,000 CNY).

13The author receives authorization to disclose the document for non-profit academic research purpose. The original
document is in Chinese. All technical details are remain confidential and the relevant copyrights are owned by Bank
of Dongguan and IBM Engineering Technology (Shanghai) Co., Ltd. The author declares that he has no relevant or
material financial interests that relate to the research described in this paper.
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Table 3.4: Summary of the Itemized Price List

Category Price (CNY) No. of Items
Data center room renovation 924,295 17
Main power distribution system 108,185 11
Auxiliary power distribution system 176,830 14
Uninterrupted power supply (UPS) system 913,680 13
Generators and environmental engineering 413,050 14
Air conditioning 99,170 11
Precision air conditioning 528,570 2
Cabinets and cabling system 242,230 9
Lightning protection 23,820 3
Room monitoring 185,120 43
Room bridging 15,050 4
Total 3,630,000 141

Figure 3.8: Selected Pages of the Construction Proposal
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