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This web supplement is organized as follows. Section A discusses the existence of pure-
strategy Bayesian Nash Equilibrium (BNE) in the model. Section B presents the proofs for the
identification results in Krasnokutskaya, Song, and Tang (2017) (henceforth KST2017). These
include the proofs of Propositions 1, 2 and 3 in KST2017 as well as results for the identification
of sellers’ costs for entry and service. The section also discusses the support conditions used in
identification. Section C provides details about how we implement the nonparametric classifi-
cation procedure, and reports its finite sample performance through Monte Carlo simulations.
Section D provides estimation details including how the moment conditions are constructed for
estimation in KST2017. This section also presents a generalized version of the expression for the
conditional quality distribution for transitory sellers (equation (7) in Section 5 of KST2017) used
in estimation. Section E summarizes the numerical algorithm used to solve for sellers’ bidding
and participation strategies in a type-specific equilibrium. Section F contains additional empir-
ical results not reported in KST2017. In particular, at the end of the section, we investigate the
social costs associated with restrictions on the international trade while emphasizing adjustment

in the sellers’ participation choices.

A. Existence of a Pure Strategy BNE

Throughout this section, we condition on the composition of potential sellers I, and suppress it

in the notation of oy and 7y (type-symmetric entry and bidding strategies defined in KST2017)
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for simplicity. Let N/’ (and N}) denote the set of permanent (and transitory) sellers in N;. We
use upper case letters (e.g., E;j,€;;) for random variables, and lower-case letters (e.g., €;;,€:;)
for their realized values.

Also we suppress auction subscripts [ to simplify notation, and write (C;,E; ,€,1, Uoy, au,
Bi, Ni, N, A, Aiy) as (Cy, By e, Uy, a, B, N, NP, A, A;), which are considered independent draws
across auctions reported in the data. In comparison, sellers’ characteristics x;, ¢; are fixed for
each permanent seller throughout all the auctions in the data and therefore do not need any
auction subscript.

Let © denote the type space for seller types 0 = (p;, 2, ¢;). Recall that p; € {p,t} depending
on whether seller 7 is a permanent type (“p”) or a transitory type (“t”). Let ¢ = (¢;)ien = (¢i, ;)

and b = (b;)ieny = (b;, b_;). For any type-symmetric entry strategy 7 = (75 : 0 € O), define

mi(b, ci; 7) = (bi — ci)pi(b; 7)
where p;(b; 7) is the probability that an auction participant (active bidder) ¢ wins the auction
conditional on his bids b; and that the other potential bidders follow entry strategies in 7 and
bid b_; if participating in the second stage. That is,

]EAi(’T)

pz(b,’i') = Pr{max{l(o, max CYQJ‘ +I'jﬁ+ €; — b]} < aq; +.’L’Zﬁ+61 - bl}(

where A;(7) = {j € N\{i} : 7;(E;) = 1}, and the probability is with respect to the joint dis-
tribution of (a, 8, Uy, e) and E_;. Let P;(b;;7,0) denote the probability that bidder i wins the

auction by bidding b; when all others follow the strategies prescribed in (7, 0). By construction,

Pi(bi;7,0-;) = /(Pz‘(bz» o_i(c_i); 7)dG(c—;)

where G(c_;) denotes the distribution of C"_; (which does not depend on ¢; because of the assumed
independence).

Recall that both p; and P; are conditional on the composition of potential sellers Iy, which is
suppressed in the notation. It is important to note that conditioning on Iy means conditioning
on (z;)ien, (¢)iene and the number of the transitory sellers associated with each possible value
of observed characteristics.

Given a profile of type-symmetric entry strategies 7, an active bidder ¢’s expected payoft

conditional on its own action and construction cost is:

(b, ci;0_4,7) = (b — ¢;)Pi(bis 1, 0-)
= (bi-c) /<pz-<bz-, o_i(e_i): TG e)

/(m(bl-, o (e ), e )G ey, (1)



The first-step in our proof of existence is to draw on results from Athey (2001) and establish the

following proposition.

Proposition Al.  Suppose that Assumption 1 in KST2017 holds. Then for any profile of
type-symmetric pure entry strategies T, there exists a type-symmetric profile of non-decreasing
pure strategies o(7) = (O'(T))Z'GN such that for any bidder i with type 6 € ©, azm s given by aéT),

A
where

o5 (¢c;) = arg H_lgé((bi — ¢))Py(bs; 7, 07)) Ve,

(R

We prove Proposition Al by showing that the conditions in Corollary 2.1 in Athey (2001) are
satisfied.

Lemma A1l (Continuity of Ex Post Payoff) Suppose that Assumption 1 in KST2017 holds.

For any profile of type-symmetric entry strategies T, m;(b, ¢;;T) is continuous in b for any c;.

Proof of Lemma A1l. Fix a profile of type-symmetric entry strategies 7. We need to show

that p;(b; T) is continuous in b. Let
ALQ(T) = {j c N\{Z} : 6]- =0 and Tj(Gj) = 1}

denote the random set of entrants with type 6 = (p, z,q). For each i € N let a; denote a realized
set of entrants competing with ¢ should ¢ enter. Let a; be partitioned into subsets {a;o : 0 € ©}
such that 0; = 0 for all j € a;9. Then

pi(b;7) = Z iPr{Ai =a; T} X pi(b,a;;T) (2)

where p;(b, a;; 7) denotes the probability that an active bidder ¢ wins the auction conditional
on the set of the other entrants being a;, the vector of bids b and construction costs ¢; and the
summation ) [ is over all the possible sets of entrants from N\{i}.

For exampié, if a; is such that x; are identical for all j € a; and if ¢ has the lowest quality

index ¢,

([ alg—q)+ (@ —z)B+a—e<b—bVist q#aq

pi(b,ai;7) = Pr (xj—xi)B+e —€ <bj—bVist. ¢=aq Ai(r) =a
Uo—aq —xif — e < =b;

(@—q)+ (@ —2)B+ea—e<b—b Vst q#q,

= Prq (zj—xi)B+e —€ <bj—bVjst. ¢g=aq (3)

Up—aq —xif — 6 < —b;

\

where the second equality is due to the independence of entry costs from («, 5, Uy, €) and C. The
probability is with respect to the joint distribution of («a, 8, Uy, €). This implies that conditioning

on a realized set of the other entrants a;, the conditional probability p; does not depend on T,



and only depends on a subvector of b_; = (b; : j € a;). A similar expression for p;(b, a;; ) can
be derived for seller ¢ with other types via a symmetric argument.
Let |a;p| denote the cardinality of a;p for # € ©, which partition a; based on seller types.

For any realized a; = Upecoa;p and a profile of type-symmetric entry strategies T,
Pr{A;(7) = a;} = [Tl Mo (7)1 %01 [1 — Ng(7)]m0|ei]

where \g(7) = P{my(E;) = 1}. Note the equality holds because entry costs are independent of
(cr, B,Up, €) and C, and are independent across the bidders. We have also used that Pr{r;(E;) =
1} = Xg(7) for any seller ¢ with type € in a type-symmetric equilibrium. Hence {4;4(7) : 6 € O}
are independent from C. Under Assumption 1, the right-hand side of (3) must be continuous in

b for any a;. It then follows from (2) that p;(b; 7) is continuous in b. [

Lemma A2 (Single-Crossing Property of Interim Payoff) Suppose Assumption 1 in
KST2017 holds and potential sellers follow a profile of type-symmetric entry strategies 7. For
each i, 11;(b;, c;; 7,0) satisfies the (Milgrom-Shannon) single-crossing property of incremental

returns in (b;, ¢;) whenever o consists of non-decreasing pure strategies.

Proof of Lemma A2. Note that under independence between C' and («, 3, Uy, €), pi(b, a;; T)
in (3) does not depend on ¢, which in turn implies p;(b;7) also does not depend on ¢ under

Assumption 1. Thus

Pbir.0) = / pi(biy 0 _i(e1); T)dG (c_y)
- / Z(Pr{Am — 0} oi(es), a) G (c—)
= pr {Ai(1) = a;} Pi(by, a;) (4)

where

Pi(b,a;) = /(ﬁi(bz‘,U—z(C—i)7az‘)dG(C—z’)
_ Py oi(Cj) —alg; — ¢) — (xj —xi)B+ e —€; 2 b; Vj € a;
and ag; + ;8 + ¢ — Uy > b;

with the probability being with respect to the distribution of («, 8, Uy, €) and C_;. (Recall that

¢i’s are constant parameters anchored to the identity of potential bidders). Under Assumption

1 in KST2017, C; is independent from C'_; and («, 3, Uy, €), and ]5,-(61-, a;) does not depend on ¢;.
Substitute (4) into (1) to get

L (bi, cis05,7) = (bi — ;) ZfPr{Ai(T) = ai}pi(bi, a;).



Thus we can write

82 8E(bl,az)
mﬂl(bl, Ci; U,i,’i') = — Z{Pr{Al(T) = al}a—bl

Under Assumption 1, 8E(bi, a;)/0b; < 0. This proves the lemma. O

Proposition Al then follows from Lemmas Al and A2 by applying Corollary 2.1 in Athey
(2001). It then remains to show that a type-symmetric monotone p.s.BNE (pure strategy
Bayesian Nash equilibrium) exists in the overall game where entry decisions are endogenous.
First, notice that under our independence assumptions in Assumption 1, a profile of type-
symmetric monotone pure entry strategy is characterized by a profile of type-specific cutoffs
t = (tp : 0 € O) such that for all ¢ with type 6 the entry strategy is 7p(e;) = 1{e; < tp}.

In what follows, we replace IL;(.,.;7,0) with II;(., .;¢,0) in notation as entry strategies are
fully characterized by t; and we replace then notation (™ by ¢® in Proposition A1l to highlight
the fact that in equilibrium bidding strategies must be related to cutoffs ¢ in the entry stage.

Next, we show that under additional conditions there exists ¢ such that

t=E [Hi ((gﬂ(@), Ciio, t)} 6 Wy(t) (5)

for all ¢ with type 6.

Condition A1l. (i) The joint density of («, 5, Uy, €) is bounded above. (ii) For all seller type 0
and n > 0 and type-symmetric cutoffs t there exists some 6y > 0 (which may depend on n and t
such that \Jés)(ci) - a(gt)(ci)\ < n for all ¢; and all s with ||s — t|| < do.

Part (ii) of the assumption is a high-level condition on the profile of strategies o® that is
BNE in the bidding stage for a given profile of entry strategy 7. The condition states that if we
consider o) (¢;) as a class of functions in ¢ that are indexed by ¢; then this class of functions is
equicontinuous. This condition requires that the changes in seller strategies in the bidding stage
move continuously with entry thresholds at all possible levels of project costs. We expect this
condition to hold under mild primitive conditions such as positive low bounds on the density of
(e, B, Uy, ), C and E.

In order to illustrate why this condition is most likely to hold in our context, consider a related
model where the procurement auction in the bidding stage is standard first-price (lowest-price).
With a smooth distribution of entry costs, the changes in the entry thresholds have continuous
effects on the distribution of the set of entrants, which is integrated out as the bidders maximize
their ex ante payoffs. Thus the equilibrium strategies can be shown to vary continuously in entry
threshold by typical arguments based on the Theorem of Maximum. In our case the presence
of buyers’ random tastes in (a, 3, €, Up) introduces an additional smoothing effect as the sellers
calculate their ex ante payoffs. As a result we expect Condition Al to hold under mild, standard

regularity conditions.



Lemma A3. Under Assumption 1 in KST2017 and Condition A1 above, Wy(t) is continuous
it for all 0 € ©.

Proof of Lemma A3. By construction

Uy(t) = / [(g%) ~a] |2 f@i(ai,t)f’i (o). ai) | (Fg(ci)

where Fj is the cost distribution for a type-6 seller; and Q;(as, t) is short-hand for Pr{4;(t) = a;}
when a profile of type-symmetric monotone pure entry strategies 7 are characterized by t. It
then follows from Condition A1 that for all n > 0 and type-symmetric ¢, there exists dp > 0 such
that ||s — ¢]| < dp implies the difference between the integrand evaluated at (¢;, s) and at (c¢;, t)

has an absolute value smaller than n for all ¢;. [

With the support of E; being closed intervals, the support of the cutoffs ¢ is convex and
compact. Hence the existence of the type-symmetric monotone pure-strategy BNE in the overall

game follows from Brower’s Fixed-Point Theorem.

B. Identification Proofs in KST2017

Throughout the proof, we suppress the auction subscripts [ to simplify notation, and write
(Ci,la Ei,la €i,l, Bi,la UO,Z; ag, Bla Nl7 Ala Ai7l7 [Nla IA[) as (Cza Eiv €i5 Bi7 U07 «, 67 Na A7 Aiv INv IA)a which
are considered i.i.d. draws across auctions in the data. Note that sellers’ characteristics x;, ¢; are

fixed for each seller throughout all auctions in the data and do not need any auction subscript.

B1. Proof of Proposition 1

In what follows, we suppress the dependence of sellers’ strategies and winning probabilities on
the set of potential bidders N and its composition [y. Partition the set of entrants A according
to whether a seller is weakly preferred to the outside option or not. That is A = AW U A,
where

AV ={k e A: U, > Uy} and A® = A\ AW,

In general, both AM and A© contain permanent and transitory sellers with various levels of
quality and observed characteristics.

For any pair of permanent potential sellers 4, j, let A; ; denote the support of (A A©)
after excluding i and j. That is, A;; = {(a,d’) : a,a’ € N\{i,j} with aNa’ = @}. For any
(a,a’) € A;;, define

€A jEAB —bijeN
Pij(b;a,a’) = Pr< i wins te ’7 ¢ A, .Z jE
A\ {3} = q, AO\ {3} = o/



for any b € B;.

Lemma B1 Suppose Assumptions 1 and 2 in KST2017 hold. Fiz a pair of permanent bidders
(i,7) with z; = x;.
(a) For any (a,d’) € A;j and b e B; N B;,

>
g4 [= ; = Pij(ba,d)
<

(b) For some (a,a’) € A, j, the two weak inequalities implied in (6) hold strictly with positive
probability for all b in a subset of B; N B; that has positive Lebesgue measure.

Proof of Lemma B1l. Part (a). Recall in our model each seller i € N draws a private
entry cost F; independently from Fg,, , and makes an entry decision based on £; and the
composition of N. As a result, sellers’ entry decisions are independent. Besides, Assumption 1
in KST2017 implies that in equilibrium sellers’ bidding strategies are functions of their private
costs for the project and do not depend on the buyer’s preference taste (a, 3, €,Uy). Given any
(a,a’) € A;j, let E(a,a’) be a shorthand for the event “Us > Uy Vs € a and Uy < Uy Vs’ € a'”.
Let Ae;; =€, — €, Az, s =2, — x5 and Ag; s = ¢; — ¢5- Then

—€ < T i —b— d
Pulbiad) = [prg ([ o=mitan =0 . B0, E(a. ) b (7
Aes; — Bs < Az f+alg s —bVsea

XdF (v, B,ug|E(a,a)) .

The independence between sellers’ private entry costs, project costs and the buyer’s tastes «, 8
and outside option Uy implies that the event that “o € A, 7 ¢ A, B; = b” can be excluded from
the events conditioned on in the conditional distribution of («, 8, Uy) on the right-hand side of
(7). Furthermore, that the entry decisions are independent from («, ,Up), € and C, that the
project costs are independent across the sellers, and that these project costs are independent from
(o, B, Up) and € imply the event that “i € A, j ¢ A, B; = b” can be excluded from the conditioning
set in the integrand once we condition on «, 8, ug and £(a, a’). By similar arguments, P;;(b; a, a’)
takes a form that is identical to P; ; in (7), only with i replaced by j.

By Assumption 1, the joint distribution of €; and (e, Bs)seq 1s identical to that of €; and
(€5, Bs)sea once conditioned on «, 3, ug and E(a,a’). Besides, the conditional distribution
F (o, B,up|€(a,a’)) does not depend on the identity of sellers 7 and j. It then follows that

the claim in part (a) of the lemma holds for all pairs of permanent sellers i, j with z; = x;.

Part (b). Consider a simple case where a = {s},a’ = {t} where ¢; = ¢; and =, = z; but ¢,
is unrestricted. This case happens with positive probability under our maintained assumptions

about the entry stage. Let U;, Us, U; denote the payoff for the buyer from sellers i, s, t respectively.



By definition,

PI"{UZ‘>U5,USZU0>U,5|Bi:b,i€A,j¢A,i,jEN}

ii(bsa,a’) = '
Py j(b;a,d’) Pr{Us>Uy>U, | Bi=bic A,j €A i,j €N} ¥

Under Assumptions 1, the denominator on the right-hand side of (8) does not depend on events
in the

conditioning set, and the denominator is Pr{Us; > Uy > U;} and does not depend on the
identities ¢ or j.

On the other hand, the numerator, by the law of total probability and the maintained inde-

pendence assumptions, is
/Pr{Ui > Us,Ug > Uy > Uy | o, B, u9, Bi = b} dF(«, 5, up)

Bs_sg s s 7B_ > -
- /Pr oS witad e, Bimasmbtan =t gy biE (a,6,0)
6i+Bs_€s>(xs_xi>ﬁ+a(QS_Qi)+b

P Bs_Esgxsﬁ_‘_OCQS_uO; «

T

= / s+€i_€s>(xs_xi)5+a(qs_%)+b F(Oé,ﬂ,lbo) (9)
Pr{B; — € > 8 + aq: — up}

where the second equality follows from the independence between C| e and (v, 3, Up). A similar
expression holds for P;;, only with the subscripts ¢ in (9) replaced by j.

Without loss of generality, suppose ¢; > ¢;. This implies ¢, —¢; = 0 < g5 —¢; (because ¢; = ¢
by our supposition). Also, by construction z; —z; = z; — x5, = 0. Under Assumption 1, the joint
distribution of (¢;, Bs — €,) is identical to that of (¢, B; — €;). Furthermore, By is independent
from B; and (e, €5, 0, 3, Up); and both (¢; — €5) and (e; — €5) are continuously distributed with
positive density over a connected support.

It then follows from Assumption 2 in KST2017 that there exists a subset of B; N B; with
positive Lebesgue measure so that for all b in this subset, there is positive probability that (Bs;—b)
is close enough to 0. Also recall the distribution of « is independent from the sellers’ bids. Hence
there is positive probability that o is sufficiently small so that for all b in this afore-mentioned
subset of B; N B;, we have P; ;(b;a,a’) > (<) P;i(b;a,a’) whenever ¢; > (<) ¢;. O

Proof of Proposition 1. By definition and the law of total probability, we can write r; ;() as:

Z Pr{i wins | AV\{i} = a, AO\{i} =a/,B; =b,i € A,j € A,i,j € N} x
(Pr{A“N{z‘} =a, AO\{i} =d'|Bi=bic A j¢AjijeN} |

(a,a”)

Under Assumption 1, the first conditional probability in the summand above is P; ;(b;a,a’).

Besides, the second conditional probability in the summand does not depend on the event “B; =



b;” and

Pr{AM\{i} = a, A\{i} = d'|i € A,j & A,i,j € N}
=  Pr{AN{j} =a, AN{j} =d|j € Aig Ai,j € N}

under the same assumptions. The proposition then follows from Lemma B1.

B2. Proofs of Propositions 2 and 3

Proof of Proposition 2. Consider a pair of permanent sellers 4, j with (x;,¢;) = (z;,¢;) and
a composition of other entrants I, with a C N\{i, j} which satisfy Assumption 3 for some price
vector b,. Let b = (b;,b;,b,). Let ¢, j(a, b, 1,) denote the probability that ¢ wins conditional on
“{i,j} € A, B; = b;, B; = b; and the composition of the other entrants in A is I, and quotes

b,”. Under Assumptions 1,
@ij(a,b, 1) =Pr{e; — e < bj —b;,Yi(ba, In) — € < —bi|1,}.

Note the event conditional on the right-hand side is not “{i,j} € A, B, = b;, B; = b; and the
composition of the other entrants in A is I, and quotes b,” any more. Instead, the right-hand
side is only conditioning on the composition of the other entrants than 4,j. This is because
sellers’ private entry and project costs and the quality of transitory sellers are independent
from (Up, @, B,€). In fact ¢;; is a function of b and I, only. Also, under these maintained
assumptions, €;, €; and Y;(b,, [,) are mutually independent once conditional on b, and I,. With
B; and B; being independent from (Uy, a, 3, €), evaluating ; j(a, b, I,) at different quoted prices
b;,b; amounts to evaluating a fixed joint distribution of €; — ¢; and Y;(b,, I,) — €; conditional on
I, and b, at different points on the support. By Assumption 3, the joint distribution of (¢; — €;,
Yi(ba, 1,) —€;) conditional on I, and b, is identified from ¢; ; over its full support. By the mutual
independence between ¢;, ¢; and Y;(b,, I,) given I, and b, and the non-vanishing characteristic
functions of €;’s, the proposition follows from the Kotlarski’s Theorem (or Theorem 2.1.1 in Rao
(1992)).

Next, without loss of generality, consider a pair of permanent sellers ¢, j such that z; = x;
and ¢; > ¢;. Fix another composition I, for other entrants a C N\{i,j} and a bid vector b,
that satisfy Assumption 3 for such a pair of permanent sellers i, 7. By the same argument as
that used above, the joint distribution of (a«Ag;; + A€;;, Yi(ba, I) — €;) conditional on I, and
b, is fully identified over its support for the fixed (b,, I,) under Assumption 3. Because the
marginal distribution of match components is identified as above, so is the distribution of the
difference Ae¢;;. With aAg;,; independent from Ae;;, the distribution of aAg;; is identified
from the marginal distribution of aAg;; + Ae;; (which does not depend on I, or b, under

independence conditions in Assumption 1), using the non-vanishingness of the characteristic
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functions of €; — ¢;. It then follows that the constant parameter Ag;; (recall i, j are permanent

sellers) and the distribution of « are jointly identified up to a scale normalization. H

Proposition 2 shows the quality difference between all pairs of permanent sellers sharing the
same observed characteristics is identified. Under the condition that the lowest quality level
for a permanent seller is the same across groups with different observed characteristics x;, we
can recover the level of quality for sellers with various observed characteristics up to a location
normalization that sets the (constant) lowest quality to zero.

Next, we introduce the additional rank condition to be used in Proposition 3. Suppose
Assumption 3 holds for a pair of permanent sellers {i, j} with ¢; # ¢; and z; = z;, and let 1,0,
denote a composition for a set of other entrants than i, j and a bid vector associated with this
set, which satisfy Assumption 3 for such ¢, j. Let N? (and N*) denote the set of permanent (and
transitory) potential bidders in an auction. Partition a set @ C N\{4, j} into a set that consists
of transitory sellers only a' = aN N* and one that consists of permanent sellers only a? = aN N?.
Let I+ denote the composition of a, and let Q. = (Qs : s € a'). Let by = (b : s € a') denote
the vector of bids submitted by entrants who are transitory sellers; and likewise define b,». By

construction, b, = (bar, byt) and

Vi(y, a,ba, La) = Pr{Yi(bs, lo) + aq <yl a, 1}
= Pr{lUy <yla}) , Mdats bats Lat)Ai(Y, Gas v, b, 1) (10)

where A(qqt; bat, Lot) = Pr{Qa, = qat|a, byt, I+ } (which does not depend on o under independence

conditions in Assumption 1) and

— _ < p
Ai<y,qa;a,ba,fa)zPr{ (@ —@)f+ag, —b+e, syvVsca a,la}< (11)

(:L‘S/ — :L‘l)/B 4+ agqy — by + ey <y Vs € at

and the summation » . is over all possible quality profile for transitory sellers in a'l

In what follows, we fix I, and b,» and suppress them in the notation for ¢;, A and A;. Likewise,
we can construct a similar equation for the same y, a with Pr{U, < y | a} > 0 but different
vector bt # bee such that (bgs,bet) also satisfy Assumption 3. Taking the ratio of these two

equations associated with b,, and Bat, and re-arranging terms, we get

¢l(y7 «, Z;at) Zq t )\(qat; bat)Ai(yv Gat; &, bat) = ¢Z(y7 «, bat) Z{t )\(Q(ﬁ; Bat)Ai(ya Gat; O, Bat)7 (12)

IThe last equality in (10) follows from the law of total probability, the independence between («, Up) and e,
and the fact that for all s’ € a’, Q4 is an independent draw from a distribution conditional on x . That the
distribution of Uy given « is independent from I, is due to the independence between sellers’ entry costs and
(Up, @); and that A(gqt;bat, I4t) is not a function of « is because the price quoted are functions of project costs
and privately observed quality q,:, which independent from « once I,: is controlled for.
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which is an equations in 2K* unknown weights, or probability masses,

{)\(bat>, )\(bat)} = {/\(Qat; bat), /\<qat; Eat)}qa“

with K™ being the cardinality of the support of ), given x,:. In addition each group of the K*

weights need to sum to one:

day

Z )‘(Qat; bat) = Z{t A(Qat; Eat) =1 (13)

We need the follow condition on the support of (U, ).

Assumption 4.  There exists a set U = {(y™,a™) :r =1,2,..., R} from the joint support of
(U, ) with R > 2(K* — 1) such that the matriz of coefficients in the linear system of (R + 2)
equations in {)\(bat>,)\<l;at)}, which is constructed by stacking (13) with R equations of (12)

evaluated at the pairs in U, has full rank.

With (Up, o) continuously distributed, this full rank condition can be expected to hold for a
set U with positive measure, provided there is sufficient variation in ;, A; over the support of

(Uo, ). We also need an extended version of the support condition in Assumption 3 in KST2017.

Assumption 5. There exists a composition I of permanent sellers such that for some com-
position of the other sellers I' and a vector of their bids V', the support of the random vector
(0AGsi + Axy ;8 + Aesi)sen\(iy, Yi(V, 1') —€) conditional on (b, 1) is a subset of the support of
(B; — B;,—B;) for an i € n whenever n is a set of permanent sellers that has composition I with
In] > dim(B) + 1 and (xs — x;)sen\(sy having full rank. The distribution of the random vector

conditional on (', I') has a non-vanishing characteristic function.

Assumption 5 requires that there exists a composition I for a set of permanent sellers such
that for some composition of the other sellers I’ and a vector of their bids ¢’, the support condition
similar to part (i) in Assumption 3 holds for some i € a whenever the set of permanent sellers a

has composition I, with |a| > dim(8) + 1 and (s — #;)scq\(i} being non-singular.

Proof of Proposition 3. Without loss of generality, consider a composition I for some perma-
nent sellers {4, 7} and a composition I, for other entrants @ C N\{i,j} and an associated bid
vector b, that satisfy Assumption 5. Then by the same argument in Proposition 2, the distri-
bution of (aAg;; + €; — €, Yi(ba, [o) — €;) for the given I,,b, is identified over the full support
from the impact of independent variation in B; and B; on the probability that ¢ wins when
A=aU{i,j}, B, =0b;, B; =b; and the other entrants quote b,.

Next, recover the distribution of (aAg;;,Y;(ba, 1)) given I,,b, using the distribution of
(aAq;; + € — €,Yi(ba, 1) — €) given I,, b, and the distribution of (¢; — €;,¢;), with the lat-

ter joint distribution identified due to Proposition 2. To see how, note (¢; —¢;, ¢;) is independent
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from (aAg;;, Yi(ba, 1)) for any fixed I, and b, due to Assumption 1 and the characteristic func-
tion of (¢;, €;) is non-vanishing. With the quality levels ¢; and ¢; identified following Proposition
2, we recover the distribution of Y;(b,, I,) 4+ aq; conditional on «, I,,, b, using the joint distribution
of (aAg;;,Yi(ba, 1)) given I,,b,. This means ¢;(y, a, b, I,) is identified for all y.

Evaluate the linear system mentioned in Assumption 4 at the set of other entrants a with
xs = x; for all s € a. Again, fix I,, b and a? (and therefore the quality and characteristics of
sellers in a?), and suppress them in the notation for ¢;, A\ and A;. Then the right-hand side of
(11) is simplified to

Pr{e; <y+bs—ags Vs € ala} (14)

which is identified because the distribution of match components is already recovered as above.
Thus, by evaluating (12) at the same (I, bat, bet) but different values of («,y) with Pr{l, <
y | a} > 0 provides us with the linear system of R + 2 equations in 2K* unknown weights
{\(bat), Mbgat)}. Under the full rank condition in Assumption 4, {\(bat), A(bget)} is identified. Fi-
nally, with the 2K* probability masses {\(bat), A(bat)} recovered, we can identify the conditional
distribution Fy,|, using the equality in (10).

Next, without loss of generality, suppose Assumption 5 holds for i € n (where n is a set of
permanet sellers with the composition I) and a set of transitory sellers a with the composition
I’ = I, and associated bid vectors b’ = b,. Let b,, denote the vector of bids from n. Under our

assumptions,

Pr{i wins| A =nUa, b,}

_ py Aes; + algs; + Axg ;5 < by — b; Vs € n\{i}
B Y;(ba;]a) — € S _bz

where as before Y;(b,, I,) denotes the maximum of Uy — aq; — ;6 and Az ;0 +a(Qr —q;) —br.+ex,
for kK € a € N;. The support condition of the proposition implies the marginal distribution of
(Aes; + aAqs; + Ay iB)sen\ (i} 1s identified. With the distribution of €, v and the quality differ-
ences already identified, it follows from the independence between 5 and («, Up) that the joint
distribution of (Az;[)sen\ (i} is identified over its full support. With (2, — 2;)sen\ (i} having full-
rank, the distribution of /3 is identified from that of (A, ;3)sen\ (i} using Jacobian transformation
(by multiplying the joint density of (A, ;3)sen\ (i} With the absolute value of the determinant of
(s — Ti)senrpiy). W

If the distribution of (5 is degenerate at a constant vector, the model is identified under weaker
restrictions. To see this, recall that the first step in the proof of the second claim in Proposition
3 is to identify the joint distribution of (Aey; + aAgs; + Axyif)sen iy With € independent
from (o, 8) and with the distribution of (A€ ;)sen\ iy identified, this implies means the joint
distribution of (aAgs; + Az ;[)sen\ iy is identified. If 5 is a constant vector, then there are only

dim(/3) + |n| — 1 parameters to recover from the continuous distribution of such a (|n|—1)-vector
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(aAqs; + AxgiB)sen\iy- Recall that {x; : i € n} is a constant vector of observed characteristics
that do not vary throughout the data, and that the distribution of « is identified in Proposition
2. Hence we can use the second moments of (@Aqs; + Az ;0)sen\ iy to identify (Agsi)sen\ (i
which in turn can be used to recover § under the rank condition maintained in the proposition.
Note that this implies that, in order to recover the quality index of each permanent seller when
[ is constant, we may only need to normalize the location of the lowest quality level for sellers

in any one (as opposed to all) of the groups defined by observed characteristics.

B3. Identification of Entry and Project Costs

The identification of the project cost distribution follows from an argument similar to that in
Guerre, Perrigne and Vuong (2000). Let G(b) = Pr(j wins |j € A;, Bj; = b), when the type of

seller j is summarized by 6 = (p, x, q).

Proposition 4. Suppose that the conditions of Proposition 3 hold, and that Gy is differentiable
with non-zero derwatives over its domain for each . Then the distribution of C; conditional on
the seller type 0 is identified.

Proof of Proposition 4. For a given seller i with type 0 = (p, z, ¢), define
Go(b) = Pr{i wins |i € A, B; = b} = Pr{w,; < —b}

where @; denotes the maximum of max;eca\ iy [ (Q; — @) + A5+ Ae;; — B;] and Uy — ag; —
x;8—¢;. Note the randomness in w; comes from «, 3, Uy, € and A as well as the bids B;, j € A\{i}.
(Note the definition of w; differs from that of Y;(b,, I,) because the former does not conditional on
any vector of bids b, or the composition of competing entrants I,.) Provided sellers’ equilibrium
bidding strategies are differentiable, the smoothness conditions maintained in Assumptions 1
imply that Gy is differentiable almost everywhere. Hence the first-order condition for bidder ¢

choosing price b; in equilibrium is:

Note that the conditional winning probability as a function of b;, Gy(b;) is identified. Hence so
is its derivative Gj(b;). This then implies that the inverse bidding strategy (and consequently
the distribution of private project cost C; which depends on x;, ¢; but not p; under Assumption
1 is identified for sellers with type 6 = (p, z, q) as long as Gp(b;) # 0. B

If the sellers’ equilibrium bidding strategies are invertible and differentiable in their costs,
Assumption 1 implies that the distribution of equilibrium bids is differentiable almost every-
where. Using a change-of-variable argument in Guerre, Perrigne and Vuong (2000), we identify

the sellers’ inverse bidding strategies and the distribution of project costs.
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For identification of the entry cost distribution, we use exogenous variation in an observed
variable, say, Z;, which does not affect the entry cost distribution but in general enters the seller’s
ex ante payoff prior to entry decisions. For example, Z; could be the number of sellers in NN,
which affects sellers’ ex ante payoff due to the competition effect. Alternatively, Z; could be the
average of observed characteristics x among all sellers that are irrelevant to entry costs. In this
case, the average observed characteristics may affect ex ante payoff through its correlation with

project costs.

Proposition 5. Suppose that the conditions of Proposition 4 hold, and that there exists auction-
level heterogeneity Z; reported in the data such that Z; and E; = {E;,; }jen, are independent. Then
for each z in the support of Z;, the p;(z)-quantile of the entry cost distribution for each seller
with type 0 is identified, where pj(z) denotes the equilibrium entry probability for a seller of type
0 when Z, = z.

Proof of Proposition 5. The equilibrium entry threshold for a seller with type 6 (which is
a cutoff in the support entry signals below which the seller decides to enter), in the presence of

exogenous project cost shifters Z = z, is characterized by:
to(z) = E[1L; (05(Cy, 2),Ci, Zyp*,07)| Z = 2] (16)

where p* is the vector of type-symmetric equilibrium entry probabilities, which are directly
identifiable from the data. (There is a slight abuse of notation in that we now write II; as a
function of p* as opposed to 7*. Also recall that we are suppressing the dependence on the set
of potential bidders N and its composition Iy in the current section.) The inverse equilibrium
bidding strategies are recovered as Proposition 4 and the distribution of bidders are identified;
and the distribution of buyer tastes («, /3, Uy, €) is also identified. Hence the right-hand side of
(16) is identified for all z. The left-hand side by definition is the pj;(z) quantile of the distribution
of entry costs for a seller with type 6.2 B

In the empirical section, we parametrize the distribution of entry costs and use GMM for
estimation, exploiting the variation in the observed characteristics of potential entrants as a

source of exogenous cost shifters.

B4. Support Conditions

We discuss how our model generates the price variation in the support condition used in iden-
tification. We do so in the context of a stylized model that abstracts away from observed
characteristics z;, seller endogenous participation and presence of transitory sellers, but that

has an allocation rule involving unobserved quality indices and stochastic match components.

2The proof allows for dependence between Z and In. For example, Z could be the number of potential
bidders in an auction, i.e., the cardinality of N.
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Adding endogenous entry and transitory sellers would complicate the algebra without adding
much insight.

Suppose the set of entrants in the stylized model is A = {4, j}, which is known to both partic-
ipants. In this case, the support condition for identifying the distribution of match components
is reduced to: “there exist 7, j with ¢; = ¢; such that the support of (B; — B;, —B;) includes that
of (¢, — €, Uy —€;)”, where we let Uy denote the difference of outside option Uy and the weighted
quality index ag;. Let [g,E] denote the marginal support of ¢;. Note that, in a type-symmetric
equilibrium which we consider here, the support of bids from ¢, j are identical, and denoted by
b0, 5.

A set of sufficient conditions for the support restrictions is: “there exist 7,5 with ¢; = ¢;
st. b >F—u,and b < £ — Uy,” which can be satisfied if both (a) b > & — u, and (b)
b—0b > (W — u) + (F—¢) hold. Condition (a) holds provided b > & > & — u,, where & is
the supreme of the support of private costs for i and j. Condition (b) essentially requires the
support of bids to be large relative to that of outside utility and match components. Intuitively,
(b) also holds when the support of sellers’ private costs is sufficiently large. We now provide an
argument for this intuition.

The idea is to show that the bidding strategy is continuous in the length of the support of
match component € — ¢ and the support of outside option. Under type-symmetric pure-strategy

BNE the bidders’ strategies solve the maximization problem:
oi(c) = arg mglx(b —c)Pr <00 —6 < —b) r(—B;+¢ —e < —b) (17)

The second probability in (17) represents ¢’s belief, which is formed from i’s knowledge of the
distribution of private costs, and the distribution of quality indexes in the population of sellers.
Suppose ¢; are i.i.d. uniform over [g,g]. Applying the law of total probability, we can write

the objective function for seller ¢ with costs ¢ as

(b—c) /ﬁ( Lo FB Agl )ds]) %} de:. (18)

Changing variables between ¢, and 7, = 6_’“ for r =1, j, we can write (18) as

(b—c) /01 (/( Fy (e —b+67) [1— Fg,(b— 6AT;;)] <Tj) dr; (19)

where 6 = £ — ¢ is the length of support of match components. Note (19) is continuous in

both & and the length of support for Uy. It then follows from an application of the Theorem of
Maximum that the support of bids is continuous in the size of the support of match component
and outside options. Provided private costs vary sufficiently, the support of bids in a standard

auction model with no match components (i.e. € is degenerate at 0) and no outside option
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is an interval with non-degenerate interior. It follows from the implication of the Theorem of
Maximum that condition (b) holds whenever the support of € and U is small enough. By
the same token, we can provide similar structural justifications for the support conditions for
recovering quality levels using 7, j with ¢; # g;, as long as variation in private costs and quality
differences are sufficiently large relative to that of buyers’ tastes in (q;e, UO). In the current
example, adding transitory sellers would not require any qualitative change in the argument for

the support conditions.

C. Details of the Classification Procedure

This section provides the details of the nonparametric classification methodology. A complete
treatment of this methodology and formal results are found in Krasnokutskaya, Song, and Tang
(2016).

C1. Estimation of Classifications with Known Number of Groups

We consider the case where X; takes values from a finite set {1, ...,2,,}. Thus the set of the
permanent sellers can be partitioned into groups, N,,z = 1, ..., T, so that for each z, and for
any 4,7 € N,, ; = x; = z. The analysis in this section is performed conditional on z. For
brevity, we omit conditioning on x in the exposition below, so that we simply write N? instead
of N,. Define K|, to be the number of distinct quality levels among the permanent sellers.

For ease of exposition, we first present the case with the number of quality levels K, equal to
2 so that ¢; € {qn,q} for a pair of unknown numbers ¢, and g. We explain how the algorithm
generalizes to the case with K, > 2 later. Let N, C N? be the collection of high quality sellers
within group A and N; C NP be the collection of low quality sellers within group A. Our object

of interest is the following ordered group structure
T = (Ny, N))

of N?. We estimate T in three steps. First, for each i € NP, we estimate two ordered partitions:
one partition consists of the group of the sellers with higher or equal quality than that of ¢
(denoted by Nj(i)) and the rest (denoted by NP\ Ni(i)), and the other partition consists of
the group of sellers with lower or equal quality than that of i (denoted by Ny(i)) and the rest.
Second, among the two ordered partitions, we choose the one that is mostly likely to coincide
with (N, N;). Third, we choose i such that the estimated partition associated with this i is
most strongly supported by the data.

Suppose that we have obtained the bootstrap p-values ]3;;, Py;» and ﬁ?j as explained in the

main text of the paper. Then we recover the group structure in three steps as follows.
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Step 1: Define

M) = {j € NP\{i}: 5 < iy} and
Ro(i) = {5 € N\(i}: 55 > i)

Step 2: For each i € N?, we define®

1
s1(1) = —— Z log p;; and

MO 5y

: 1 L
$2(1) = —— Z logpija

N. -
N2 St

and let

)

o s109), if i € NP\Ny (i)

(i) = { Qg(z’), otherwise
where | N,(4)| and | N (i)| denote the cardinalities of the sets Ny (i) and Ny(i). For each index i, we
have two classifications, (N (i), N*\N;(i)) or (N?\Ny(i), Na(i)). The first classification regards
i as high type and the second classification regards i as low type. The index s(i) measures the
degree of misclassification caused by each of the two cases. When most agents are correctly

classified, s(i) becomes severely negative.

Step 3: We choose i* that minimizes s(i) over i € NP, i.e.,

-k

i = argmin,e g,s(7). (20)

Now we take o R
S (NPAN2 (%), Na (7)), if 51(4") = s2(2%)
(Nl7 Nh) - ~ % = A - . - .
(N1(7%), NP\Nq(3%)), if s1(2%) < s2(i%).
We take the estimator of T as
T = (N, Np).

The quantity s(i) indicates the weakness of the likelihood that i is classified into her right
quality group. Then we choose i* that minimizes s(i) over i € N, and let N, = N,(i*) and
N, = Ni(i*). We take C = (N,(i*), N,(i*)) as an estimated classification of players into two
quality groups.

The generalization of the procedure to the case of Ky > 2 with Ky known can proceed as

follows. First, we split N into Nh and Nl using the algorithm for Ky = 2. Then we find a

3 Alternatively, one could replace ﬁj; in the definition of s1(i) and p;; in the definition of sa(i) by ﬁgj. The
consistency results of this paper are not affected by this modification.
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minimum value (denoted by py) of log p}; among the pairs (i,7) such that i # j, and i,j € Ny,
and a minimum value (denoted by p;) of log ﬁ?j among the pairs (i,7) such that i # j, and
1,] € Nl. If pr, < Py, we split Nh into Nhh and Nhl using the same algorithm for Ky = 2, and
otherwise, we split Nl into Nlh and Nll using the same algorithm for Ky = 2. We repeat the
procedure. For example, suppose that we have classifications Nl, e N;_; obtained. For each
r=1,..,k —1, we compute the minimum value (say, p,) of log ﬁ% among the pairs (i, j) such
that ¢ # j and i, j € N,, and then select its minimum (say, p,«) over r = 1,...,k—1. We split N,
into N, and N« using the algorithm for Ky = 2 to obtain a classification of S into k groups.

We continue until the groups become as many as Kj.

C2. Selection of the Number of Groups

The methodology outlined above assumes that we know the exact number of groups. To accom-
modate the situation with real life data without knowledge of the number of the groups, we offer
a method of consistent selection of the number of groups. We suggest that the number of groups
should be selected to minimize the criterion function that balances a measure of goodness-of-
fit that captures a misspecification bias versus a penalty term that penalizes overfitting. The
goodness-of-fit measure is based on the variance test approach.

Given an estimated classification N? = UszlNk with K groups, let

K
A 1
V(K)=— min log pY; |
K ; ijENK !
foreach k =1,.... K.
Suppose that Kj is the true number of groups. Let g(L) — oo be such that g(L)/v/L — 0
as L — oo. Then, define

~

Q(E) = V(K) + Kg(L).

We select K as follows:

K= argminngQ(K).

The idea of this selection is based on the following intuition. For simplicity, let us assume that
|NP| is fixed and L increases to infinity. (Krasnokutskaya, Song, and Tang (2016) considered a
more general case where | N?| is allowed to increase with L at a slow speed.) First, V(K) = Op(1),
as L — oo, if K > Kj, because there is no misspecification bias in this case. The limit Op(1)
measures the asymptotic behavior of the goodness-of-fit of the model when the classification
is weakly finer than the true classification. Since K¢(L) — oo as L — oo, the minimization
of Q(K) over K leans toward a lower choice of K that is closer to Ky. On the other hand,
if the classification is strictly coarser than the true classification, i.e., K < Kj, the quantity
V(K) diverges at a rate faster than g(L), as L — oo, due to misspecification. In this case, the
minimization of Q(K) over K excludes K such that K < K, for large samples. Thus we obtain
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the consistency of K under regularity conditions. Details in a more general set-up are found in

Krasnokutskaya, Song, and Tang (2016).

C3. Details of Implementation

Here we give details of the choice of the kernel function, bandwidths and the penalization scheme
in nonparametric classification. In the empirical analysis, we used a triweight kernel function:
K(u) = 1{|u] <1}(35/32)(1 —u?)®. The bandwidth selection followed the usual Silverman’s rule
of thumb. The bootstrap Monte Carlo number used to construct the bootstrap p-values was 200.

Finally, as for the penalization scheme, we have chosen simply:
Kg(L) = Kloglog L.

Our simulation studies unreported here confirm that this choice of penalty scheme works well in

various simulation designs.

C4. Confidence Sets for Quality Classifications

Suppose that we have K, groups and the set of permanent bidders N has size n. Since we can
estimate K consistently, we assume we know it. We fix £ =1, ..., Ky and construct a confidence
set for the k-th quality group. In other words, we would like to construct a random set C, C Np
such that

liminf, o P{N, C C;} > 1 —a,

where Ny, is the set of permanent bidders with quality g,. For this, We need to devise a way to
approximate the finite sample probabilities like P{N} C ék} Since we do not know the cross-
sectional dependence structure among the sellers, we use a bootstrap procedure that preserves
this dependence structure from the original sample. The remaining issue is to determine the
space in which the random set C;, C N? can take values in. It is computationally infeasible to
consider all possible such sets. Instead, we proceed as follows. First we estimate N, as prescribed

~0

above and also obtain Tifs

construct a sequence of sets as follows:

the test statistic defined in the main text. Given the estimate Nk, we

Step 1: Find i; € N?\N, that minimizes min;_g 77 ., and construct Cr(1) = Ny U {3y }.

Step 2: Find iy € N?\Ci(1) that minimizes minjeék(l)%i%7j, and construct Cj,(2) = Cr(1) U {is}.

SAtep m: Find i, € NP\Cr(m — 1) that minimizes minjeék(m_l)ffmvj and construct Cp(m) =
Cr(m — 1) U {in}.

Repeat Step m up to n = |N?|.

Now, for each bootstrap iteration s = 1,..., B, we construct the sets N,js and {é;s(m)}

following the steps described above but using the bootstrap sample. (Note that this bootstrap
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sample should be drawn independently of the bootstrap sample used to construct bootstrap
p-values p;; in the classification.)

Then, we compute the following:

#(m) = éz | {fk < Cilm)}.

Note that the sequence of sets Az’s(m) increases in m. Hence the number #*(m) should also

increase in m. An (1 — a)%-level confidence set is given by C;(m) with 1 < m < n such that

Fm—1) <1 —a < 7%(m).

Note that such m always exists, because (f,’;s(n) = NP.

C5. Finite Sample Performance: Monte Carlo Simulations

Here we explore properties of our classification algorithm in simulation analysis.

We choose the distributions of project and entry costs to be the same across quality levels and
given by truncated normals with N(1.5,0.2%) and N(0.08,0.02%) correspondingly. The bidders
are assumed to be heterogeneous with respect to quality only. Buyers’ tastes, therefore, are
represented by the distributions of o and e. We fix the distribution of « to be truncated normal

N(0.4,0.2%) with support [0,1]. The distribution of € is also chosen to be truncated normal
2

our methodology to the noise in buyers’ tastes. We truncate the support of epsilon at [—o, o¢].

with mean 0 and variance o-. We vary o, in experiments below to explore the sensitivity of
Further, we assume that the distribution of the outside option coincides with the cost distribution
of high-quality bidders. Finally, we assume that the set of suppliers consists of 30 programmers
and is split equally between high- and low-quality suppliers.

We use the same numerical algorithm as in the main paper to solve for participation and

bidding strategies of our game. The data are generated through repetition of the following steps:

1. At each round, 10 randomly selected bidders from the set above are declared to be potential

bidders.

2. For each potential bidder we draw an entry and project cost. We, then, apply participation
and bidding strategies to these draws to determine whether a potential bidder enters the

set of active participants and if he does what bids he submits.

3. Next, we take draws from the distributions of «, €, and of the outside option. The winner
of the project is determined by evaluating submitted bids using the realizations of the

outside option and of buyer’s tastes.
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4. The data record the set of potential bidders with their qualities, outcomes of participation

and entry decisions as well as the buyer’s choice.

Table 1: Results of Simulation Study

Probability of Correct Classification
L =300 L =200 L =100
dg 0O qu qr qu qr qu qr
0.3 0.20. 09773 0.9901 0.9613 0.9547 0.9314 0.9013
0.3 0.50. 0.9645 0.9858 0.9477 0.9512 0.9223 0.8998
0.3 1.50. 0.9619 0.9782 0.9457 0.9401 0.9207 0.8941
0.1 0.20. 0.9632 0.9774 0.9329 0.9503 0.9164 0.8904
0.1 0.50. 0.9551 0.9743 0.9263 0.9421 0.9034 0.8815
0.1 1.50. 0.9518 0.9701 0.9227 0.9397 0.8927 0.8623

This table reports results of the simulation study of the sensitivity of the classification procedure to the quality
differences, the magnitude of the preference noise, and the data set size. The latter is measured in the average
number of bids per supplier. The difference in quality levels is measured relative to the project costs spread,

ie., dy = 42=1L  The variance of the preference noise is measured relative to the project cost variance, i.e.,

c—c

0 = d 0.

We use the simulated data to investigate the sensitivity of our methodology to the magnitude
of the quality differences, the noise in buyer’s preferences, and the number of available observa-
tions. For the first two experiments we tie the quality differences and the noise magnitude to
the variance in the private project costs. That is, we consider (a) high-quality differences with
Agq = 0.3(¢ — ¢) and (b) low-quality differences with Ag = 0.1(¢ — ¢). Similarly, we consider (c)
low preference noise with o, = 0.20, (d) medium preference noise with o, = 0.50,, (e) high pref-
erence noise with o, = 1.20.. Finally, we explore how the performance of our procedure changes
with sample size. Our procedure is performed at the individual level, therefore, we explore the
performance of our procedure as a function of the average number of bids per supplier (L).

We run the simulation experiments as follows. For every set of parameters, we apply our
procedure to 500 data sets simulated according to steps (1)-(4) described above. We then
compute for every supplier the fraction of the data sets in which his type was correctly recovered.
We report the average of these fractions across bidders of the same quality level in Table 1.

The results of the simulation analysis show that the classification procedure performs quite
well. In particular, it is not very sensitive to the magnitude of the preference noise. We would
expect the preference noise to impede the recovery of the quality level since it disguises the
link between the probability of winning and the quality of participant. It would be natural to
expect that the procedure should impose higher data requirements in the presence of more noise.
However, the variation in prices successfully compensates for the noise in buyers’ preferences at

least for moderate levels of noise.
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As expected, the performance of the procedure does depend on the importance of the quality
differences. The estimation is more precise when quality differences are large and grows less
precise as quality differences diminish. Finally, the procedure is sensitive to the size of the
data set. As the number of bids drops from 300 bids per supplier to 100 bids per supplier the
probability of correct classification drops from 0.96 to 0.92 for high-quality suppliers and from
0.98 to 0.89 for low-quality suppliers. The classification of low-quality suppliers is affected to a
larger degree since due to the lower probability of participation, the number of bids they submit

is substantially below the average.

D. Details on the Estimation Procedures

D1. A Representation Result

In this section, we derive a generalized version of the representation in (7) in the main text which
is used for constructing part of the moment conditions in the estimation step. For each project
[, recall that N; = NP U N} denotes the set of potential bidders for project [, where N denotes
the set of potential permanent bidders and N} the set of potential transitory bidders. Similarly,
A, = A7 U A} denotes the set of active bidders for projects [, where A? and A} denote the sets of
permanent and transitory active bidders respectively. (From here on, we suppress the auction
index [ from notation for simplicity.)

Recall that the sets NP and N denote the total set of permanent sellers and transitory sellers.
As in the main text, we write A, AP, A!, etc. to denote the random set of entrants, and a,a?,al,
etc., to denote their particular realizations. For each set a = a? U a' with a? C NP and af C N?,
we recall the definitions of the compositions, I, in Section 5.2.2.

When collecting individual observations to the project level we find it convenient to arrange
observations in a certain order. More specifically, the observations for permanent and transitory
sellers are allocated into separate vectors. Within each vector we enumerate observations for
actual entrants first then for non-entrants. Then within the set of actual entrants, we order the

observations for permanent sellers according to (x, ¢)-characteristics in the order of

(T1, @1 (Z1)), s (T1, A (21)(T1))5 s (Toms T (@) (Tm))

and then for transitory sellers according to x-characteristics in the order of z, ..., Z,,. We order
observations similarly for the set of non-entrants as well. Thus we maintain the order of individual
bids as described above so that it is easy to match individual bids to seller characteristics using
only information contained in I = (I4, Iy), i.e., the information on the sizes of (z, q)-groups of
the potential and active permanent sellers and the sizes of z-groups of the potential and active
transitory sellers in auction [. Indeed, since the bids are submitted by active sellers, the relevant
part of I is I4» and I4:. Let us denote a vector of bids by b = [b”,b"]’, where b* and b are
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shorthand for b,» and b,:, i.e., vectors of bids submitted by active permanent and transitory
sellers respectively with their j-th entries denoted by b; and b’; . If I4» reports that AP contains
two bidders from group (Z1, ¢1(Z1)) and three bidders from group (%2, ¢1(Z2)) then we know that
bids b} and b4 are submitted by bidders from group (z1, ¢ (%)) and bids b5, b}, b¥ are submitted
by sellers from group (Zz, q1(Z2)).

Recall that (); denotes the random quality of transitory seller 7, and write

Qa=(Q;)ica and Qu = (Q)ica-

Similarly, for a nonstochastic vector ¢ = (¢;) of numbers ¢;, we write g4 = (¢;)ica and g, =

(¢i)ica- To simplify notation, we let

|a’|
w(qa; Lat) = HPF(Qi = gilz:),
i=1

where a' denotes the realized set of active transitory bidders, and Pr(Q; = ¢;|x;) denotes the
probability of transitory bidder i’s quality being ¢; when his characteristic is x;. This latter

probability is a model primitive. We also let

la']

9(b% s Lot) = w(qai Lar) Hf(bi’Qi =q;, 1) Pr(i € A'|Qi = ¢, 1).

i=1

Here Pr(i € A'|Q; = ¢;,I) is the conditional probability of a transitory bidder entering the
auction when his quality is ¢;. Note that g(b%; q,, I+) depends on Iy though we suppress it from
notation for simplicity. Let Pr(Q4 = qalb, I) denote the conditional probability of Q4 = ga given
the bid vector b and composition /. (Note that this probability depends on A only through I.)

Our representation result characterizes this conditional probability in terms of g(b%; qq, It)’s.

Proposition 2. Suppose that Assumptions 1-8 hold. Then,

g(b'qa, Lar)

Pr =qalb,I) = ; .
(Qa = qald, I) ng@/} g(bt; qy, Lat)

Proof: First, note that by the Bayes Rule, we can write

Pr(Qa = qul|b,I) = fo(blQa = qA}bil))'FI);(QA = qall) (21)
fb(bt|QA =qu, ) Pr(Qa = QA|]>.

fo(b']1)

The second equality holds because the bids of permanent sellers are independent of bids and
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qualities of transitory sellers, i.e., f,(0?|Qa = qa, 1) = fir(0P|]).
Notice that b;’s are independent across j’s conditional on Q4 = ¢4 and I, and that out of
14 only xg matters for the distribution of bids that could be submitted by a transitory seller j.

Therefore,
A |AY|

F01Qa=qa, 1) =[] £¥}|Qa = qa, I) = [ A )@, = ¢, D). (22)
j=1 Jj=1

The last equality holds because the transitory seller knows his quality but not the qualities of
his transitory competitors.
On the other hand, applying the law of total probability we obtain

AN = 3 (R01Qa = aa, 1) Pr(@a = al1) 23)
q4€Q
|A*|

- Y (s =00 éw@mm

qa€Q Jj=1

We will use this expression later, after we deal with Pr(Q4 = qa|I).
First, we write I4 = I4» U I4: and let 14 be a realized set of I4. Then notice that
. Pr(La» = Lav, Lat = Tat|Qa = qa, In) Pr(Qa = qa|In)
P —aalIn Ta = I4) — h _ 24
H@a= galli La = 1a) Pr(Lar = Lar, Lar = Tar|I) 29
PY(IAt = IAt,C_QA = QA|IN)
Zie@, Pr(lae = a1, Qa = qalIn)

The second equality holds because the events I4» = I4» and I4« = I, are independent condi-
tional on Q4 = qa, In, and the event I4» = I4» is independent of Q4 = ¢4 conditional on Iy.

We write Pl"([At = ]_At, QA = QA|IN) as

Z Pr(lae = Iat,Qa = qa, and Qnva = gnalln) (25)
an\AEQN\ A
= Y [ Pr(la = La,Qn = [qai gl In)
an\AEQN\ A
= Z Pr(lae = I4|Qn = [qa; qna)s In) Pr(Qn = [qa; ana] [ In).
an\A€QN\ A

As for the summands in the last expression, we define

pMa) = Pr(i € AYQ; = q;, In) and

where ¢; denotes the i-th entry of gy. Thus p:'(¢;) > 0 only when i € A! and similarly pZN\A (¢;) >
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0 only when i € N*\ A’. Rewrite

IV

Pr (IAt - [At|QN =4q, [N sz Q’L H pN\A ’L

i=lat|+1

This is because participation decisions of transitory sellers do not depend on the qualities of
their transitory competitors since the qualities of transitory sellers are only privately known. On

the other hand, we write

|NY| |NY|

Pr(Qn = q|In) = HPr i = qilIn) = HPr Qi = qil),

because potential bidders are randomly drawn from the population characterized by a given
vector z and from the whole structure Iy only the information about z! is relevant in this

probability. Combining this, we write Pr(I4 = 4, Q4 = qa|ln) as

IN*| |a’| IN?|
A
H Pr(Q; = qilz;) (@) H PN\ ai) (26)
i=1 1 €|at+1
|a’|
A
=1 i=|at|+1

Applying this result to the denominator of (24), we find that the numerator and the denominator

have a common factor:
[N?]

N\A
|| M () Pr(Qs = qil2?).
i=lat|+1

After canceling out this factor, we conclude that

|At| |A”]
[ (a) Pr(Q: = qail) ]\Z[M‘(%) w(qa; Lar)
_ =1 . =1
Pri@a=alh) = =74 - X . @D
> pi@) Pr(@i = dil) >, P @) | 9(qa; Lar)
Ga =1 da = (

recalling the definition of w(qy; I,¢). Now, plugging this expression into (23), we can write

(V') = (28)

> w(QA;IAt)H‘A‘fb(thQJ—qg, I)p; (Qi).
q4€Q4 Zﬁ (QA’IAt)H] lpz (QZ)
(21)

Thus we plug (22), (28) and (27) into btain the desired result. B
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D2. Basic Moment Restrictions

For the choice of g;’s, we use functions that vary with the active sellers’ (z, ¢)-group memberships
and their composition I4’s. For each auction [ such that 14, = I, for a given composition 4
and have a winning seller j in (x, ¢)-group, we take g;(By, I4) as follows. (Here, we let A;,, be
the set of active sellers in auction [ in (z, ¢)-group and A, that in z-group. Then for each (z, q)
and (2/,¢') and for a given composition I4, we consider three types of g;’s (except for constant
1)) as follows.

(1) Moments involving a single winning bid:
9;(Bi, 1) = Bjul{Ia, = Ia}1{j € Arag}-

(2) Moments involving a winning bid and another bid:

ieAL,x’,

9i(BiIy) = ) ((Bj,z — Bi) {1y, = LaJ1{j € Aia ).

(3) Moments involving two permanent sellers’ bids and one transitory seller’s bid:

9;(Bi,14,) = Z Z( i1 — Big)Bny1{Ia, = I4}.

7,€Al z,q heA;

We also use moments in (i) with Bj; replaced by B?;, and in (2) with (B;, — By;) replaced by
(Bj,l — BM)Q and by (Bj,l — Bi,l)Bj,l; and in (3) with (Bj,l — Bi,l)Bh,l replaced by Bth,l, BJQ-B}LJ,
Bjxy, and B?xh. In the actual implementation, we re-weight all the moments by the frequency

with which relevant observations appear in the data.

D3. Additional Restrictions

We also use additional restrictions that stem from restrictions on transitory sellers’ bid distri-
butions, transitory sellers’ participation probabilities, and restrictions that come from expected
profit conditions.

(a) The restriction associated with transitory sellers’ bid distribution:

la’]|

f(bat|l):% S wgei L) Hf biQs = @i, 1) Pr(i € A\Q = i, 1), (29)

9,€Qa

where

|a’|

J = Z(w(qa;lat) HPr(i € A'Q; = q;, I).

76.€Qa i=1
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Moment conditions associated with this restriction relate the empirical moments of f(b.|I) to

the theoretical moments based on the restriction (29).

b) The restriction associated with the transitory sellers’ participation probability:
Yy p p p y

PI”(IAt = [_Atle) (30)
|a‘| INY| N
= > (Urt@Pr@i=alad) | | ] 2 (a) Pr(@Q: = ailat)
q4€Qa 1 i=lat|+1

This restriction is based on (26) in the proof of Proposition 2. Moment conditions associated with
this restriction relate the transitory sellers’ empirical probability of participation and expected

x-characteristics of entrants conditional on I to their theoretical counterpart using (30).

(c) The restriction related to the expected profit condition. This restriction summarizes optimal
participation behavior. It is summarized by the threshold strategy where potential bidders with
entry cost draws below the ex-ante expected profit participate in the auctions and those with

higher draws stay out. This implies that in equilibrium: for each ¢* € Q, and 6; = (¢, z;, ¢"),
PI"(] c Atl(g = Hj, IN) = FE(E[H(QJ, [N)]),

where Fg(.) is the distribution function of entry costs E.

D4. Estimation of the Sellers’ Cost Distribution

We estimate the distributions of the seller’s costs conditional on the seller’s attributes by com-
bining the bid distributions of permanent sellers with the corresponding inverse bid functions

for a given composition of the set of potential bidders Iy:

A

Fo(elr,q) = Gpaa(Epag(c; In)Iny = In),

where £ e q(c I) denotes the inverse of the estimated inverse bid function of a permanent seller
in group (z,q).* Recall that the distribution of costs depends only on sellers’ attributes (both
observable and unobservable), (z, q), not on whether the seller is permanent or transitory. On
the other hand, the sellers’” bidding strategy and thus the distribution of bids depends on his
full type 0 = (p,x,q), p € {p, t} which is reflected in the expression above. Notice that we
are using the distributions of bids and inverse bid functions associated with permanent sellers.

The estimated inverse bid function, fp@,q(b; Iy), is derived from the first order condition of the

4We implement kernel smoothing over Iy when estimating Gp w.q(1In, = IN) or P(] wins | Bj; = b, Iy, =
Iy), 8bP(j wins |B;; = b, In, = In) and Pr(iis activelf, I, = In).
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corresponding permanent seller’s optimization problem: for a permanent seller ¢ in group (z, q),

A(jWiHS ’Bj,l = b, INZ = jN)

(%p(j wins |Bj,l = b, INZ = ]_N)’

ép,:):,q(ba I_N) =b—

where 6, = (p, z, q).
We assess the magnitude of the costs of entering the auction using the conditions derived from
the optimality of the permanent sellers’ participation behavior. In the model, the participation

probability satisfies the following equation
FE(H(Q, jN>’Q3, q) = PI‘(] is active\@, INl = jN); (31)

where Fg(.|z, q) is the distribution function of the entry costs and I1(6, Iy) the ex-ante expected
profit of a seller with type 6.

We assume that the distribution of entry costs is given by the truncated normal distribution
(truncated at zero) with seller-type-specific mean and standard deviation. We estimate the
parameters of these distributions using a minimum distance estimation procedure based on the
restrictions in equation (31) for various (z, q)-groups of permanent sellers and for time periods
characterized by the high/low presence of potential bidders from different (z,q)-groups. The
probability Pr(iis active|d, Iy, = Ix) can be directly identified from the data. As for the expected
profits conditional on entry, we compute them from the estimated distributions of bids and costs
and the sellers’ beliefs about their competitors’ participation strategies approximated by the

participation behavior observed in the data.

E. Details of the Numerical Algorithm

Here we summarize the numerical algorithm used to solve for a type-specific equilibrium bidding
and participation strategies {o}, pi }r=1..., x.5 It combines insights from projection methods®and
the numerical approach developed in Marshall, Meurer, Richard, and Stromquist (1994). To
simplify the presentation we summarize the method for the case when (a) all sellers are perma-
nent; (b) a and Uy are independent. Further, note that sellers’ strategies depend on vector Iy
summarizing the number of potential sellers by group. We suppress this dependence below in
the interest of clarity of exposition.

Recall that the entry threshold is set so that it is equal to the expected profit from entry

which realizes if competitors enter the auction with probabilities {p;} and everybody follows

°Note that participation strategies are summarized by entry thresholds ¢}, k = 1, .., K so that realized proba-
bilities of entry are given by p; = Gg(t}), k =1, .., K. We describe the algorithm in terms of the probabilities of
entry rather than thresholds. However, the entry thresholds can always be recovered from probabilities of entry.
6See, for example, Bajari (2001).
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equilibrium bidding functions to construct bids. Hence
p}z = G(ﬁ'k), and T = E [Hk (O’k(C), C;ﬁ*,O'*)] .

The numerical algorithm consists of two loops. The outside loop implements an iterative
procedure which solves for p* such that equation (32) is satisfied. The inside loop computes
for a given vector p the optimal bidding functions which are then used in conjunction with the
vector p to compute expected profit from entry. The iterative procedure in the outside loop is
fairly standard whereas the procedure for computing bidding strategies is specifically developed
for this setting. That is why from here on we focus on the inside loop which computes bidding

strategies. We suppress the dependence of Pr(A) on p from notation for simplicity.

1. Seller chooses bidding and strategy to maximize the following objective function:
(b—c;) > (Pr(Up < aguuy — b+ € and agujy — Bj + € < aquuy — b+ Vj € A)Pr(A)

which can be re-written as

(b—c) Z ( / Fuo (G — ab + €;)
A Vade

<11 ( Aijq — alb = oxi)(c;) + €)dFy (c;)dF(e;)dFo(a) Pr(A).

J#i

Here k(i) denotes the quality group of seller i. Summation is over all possible sets of

entrants, A, and Pr(A) reflects the probability that a given set of entrants is realized.

2. For the derivation simplicity we re-write sellers’ strategies in terms of ‘offers’, w; = paqu) —
b; that are functions of seller’s surplus, s; = paq.) — ¢;- That is, seller’s strategy is now
given by 7% : S — R. This is just a simple re-parametrization of the seller’s problem

which now becomes
( _Wz Q/FUowz—i_aOQN()—}_el)
X H( k() (85) + a0( Qi) = Gn(y)) + €)dF () (s5)dFe, (€)dFu (o) | Pr(A),

where ap = a — g

3. Then, the first order conditions for this problem are given by

A

Zf]l,A + Jo,4) Pr(A) =0,
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where

JI,A = / / FUO w; + QoG (i) + Ez)

x H( — ) (35) + Q010 + €A (53)AF% (€1 d g (0)

Joa = (si —w; / /({on (wi + 0y + €),

X H( — V(i) (87) T 20lijq + €)dFy(s;)
+ FUO w; + aOQn(z) + Ez ( / fe Wi Pylﬁ (J1) (Sjl) + aOAZJq + el)dF (J1) (8]1)
J1=1 8

X H FE(Wi — V() (Sj) + aOAijq + Ei)dFli(j)(sj)) }<F6i<€i)dFa(a0)'

J#n\ %n

4. Following Marshall, Meurer, Richard, and Stromquist (1994) we divide the support of Sy
into small intervals. Further, we approximate each of the 7(.) functions by a polynomial

of (sy — §%) where 8, is a centroid of I's interval on the support of Sy. Specifically, we

assume that y,(s) = 377 a,il,)p(s — 8L)P on interval I. We also use their technique for
representation of the nonlinear function of a bidding strategy in the form of a polynomial
of (s — 38) (see non-uniform case). We use spline approximation of the estimated densities
to obtain coefficients in the polynomial expansion of the outside functions. The exact
expression of the polynomial expansion of the first order conditions is 12 pages long and

is available from the authors upon request.

5. The polynomial expansion of first order conditions discussed in point (4) is summarized by
a set of coefficients in front of the polynomial terms. To obtain n—th order approximation
of the offer function we set the first n coefficients of the first order conditions expansion
to zero and solve for a set of {ag?p} coefficients that satisfy this restriction. This part of
our algorithm is borrowed from the projection methods. We deviate from the algorithm in
Marshall, Meurer, Richard, and Stromquist (1994) at this point because the expressions
for the coefficients in a first order conditions representation are non-linear functions of
{a,(cg)} and thus we are unable to obtain an iterative expression similar to that in Marshall,
Meurer, Richard, and Stromquist (1994).

6. The set of coefficients is obtained for a given set of starting points (boundary conditions).
Once the set of coefficients is obtained we compute approximation error associated with a
solution obtained under such starting point. Unlike a standard auction model the multi-

attribute auction model does not have a singularity on either end because of € and integra-
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tion over €. On the other hand, we do not solve for the coefficients so that the first order
condition holds exactly (or arbitrary close). For this reason we do not target an objective
function which reflects the fit of numerical solution at the boundary. Instead, we compute
an error for each subinterval and then average it over the intervals. We incorporate this
error into an iterative mechanism which searches for an optimal boundary condition. The
search stops once the targeted precision is reached. In this our approach resembles the

projection method.

. We have verified that this algorithm converges to a vector of equilibrium bidding functions

in the case when all the relevant distributions are uniform.
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F. Additional Empirical Results

F1. Estimated Quality Structure

In Table 2, we report the estimated quality structure for each given number of the groups.

Table 2: Estimated Quality Structure for a Given Number of Groups

Number of
Groups K=1 K=2 K=3 K=4 K=5 K=6

1 52 45 33 2 2 2
2 0 7 12 31 26 24
3 0 0 7 12 ) 2
4 0 0 0 7 12 5
5 0 0 0 0 7 12
6 0 0 0 0 0 7
1% 9.21 2.61 1.77 0.85 0.73 0.31
Q(K) 10.03  4.22 4.11 4.24 4.81 5.22

This table shows the estimated quality group structures for the various numbers of quality groups for Eastern
European suppliers with the medium levels of average reputation score. Rows 1-6 record the number of suppliers
estimated to belong to a respective group. Rows 7 and 8 record the value of the p — value component of
the criterion function and the value of the criterion function. The results are based on the penalty function

Kg(L) = Kloglog L. Results indicate that the number of groups most supported by the data is equal to three.
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Table 3: Number of Observations by Group

Number of Observations
Country Reputation | (across pairs of sellers)
Group Score smallest average
North America Low 122 511.7
North America Medium 149 393.7
North America High 131 240.6
Eastern Europe Low 175 403.5
Eastern Europe Medium 137 344.7
Eastern Europe High 133 252.7
South and Eastern Asia Low 110 647.7
South and Eastern Asia ~ Medium 167 547.8
South and Eastern Asia High 155 258.2

This table reports the number of observations available for the use in the classification algorithm. Specifically,
a row corresponds to a cell defined by values of observable seller characteristics. The first column reports the
smallest number of observations across pairs of sellers in a given cell that can be used to construct the value of
the index for one of sellers in a pair; the second column reports the average number of such observations for a

given cell.
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F2. Robustness Analysis of Classification Results

In this section we verify robustness of our results to some assumptions of the model.

Unobserved Auction Heterogeneity. In our model, the distribution of buyers’ utility weights
and the distribution of competitors’ costs are invariant (from sellers point of view) across projects
conditional on projects’ observable characteristics. A researcher may be concerned that in the
data for a given project sellers may have access to additional information about either of these
objects, i.e. the empirical environment may be characterized by unobserved auction heterogene-
ity. Here, we first discuss how such unobserved heterogeneity may matter for our classification
procedure. Then, we explain some of the robustness analyses we performed in order to reassure
the reader about these concerns.

Let us consider the case when sellers have access to additional information (unavailable
to the researcher) about buyers’ utility weights for a specific project while the distribution
of sellers’ costs remains free from unobserved project heterogeneity. Notice that the index in
Proposition 1 which establishes quality rankings between sellers ¢ and j by comparing their
performance in two sets of auctions: for seller ¢ we use auctions where seller ¢ participates but
seller 7 does not and for seller j we use auction where seller j participates but ¢ does not.
If unobserved heterogeneity is present then sellers may select into participation on the basis
of the project unobserved heterogeneity. This would impact quality ranking in in two ways:
(a) the distribution of buyer utility weights in the set of auctions where i participates may be
different from the distribution of utility weights in the set of auctions where j participates; (b)
due to selection into participation the distribution over sets of competitors in auctions where 7
participates may be different from the distribution over the sets of competitors in the auctions
where j participates. In contrast, if sellers have additional information (unobserved by the
researcher) about the competitors’ costs but the distribution of buyers’ utility weights does not
vary across auctions in unobserved (to the researcher) way then the issue in (a) no longer arises.
However, it is still possible that sellers’ participation decisions may vary across realizations of
unobserved heterogeneity in which case the distributions over the sets of competitors would
differ.

To verify robustness of our results to ‘no unobserved heterogeneity’ assumption we re-estimate
a quality group structure while comparing permanent sellers under a varying set of circumstances.
First, (1) we compare sellers i and j using data for the projects where they both belong to a
subset of potential sellers who contacted the buyer but may not have submitted a bid; further (2)
we re-estimate classifications using variously defined subsets of the original dataset, i.e. imposing
higher degree of homogeneity in terms of size and duration. In the first exercise we would expect
to observe a lower degree of selectivity into participation relative to the benchmark case. In the
second case, we use different subsets of projects so that the underlying distribution of unobserved
heterogeneity if it is present would differ across these subsets. We would expect the estimation

results to differ across specifications and to be different from our benchmark specification if
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unobserved project heterogeneity affects this environment to an important degree.

We find that quality group structures estimated under these specifications are very similar to
the estimates we obtain under our benchmark specification. The difference between the estimated
group structures across the specifications is always under 3% of the total number of permanent
sellers. The confidence intervals are somewhat larger under alternative specifications. This is
not surprising since the classification procedure in these cases is based on a much lower number
of auctions. These results indicate that unobserved project-level heterogeneity, even if present,
is unlikely to be large. This is perhaps not surprising given that we observe many important

parameters of the project and we have access to the professional assessment of the project size.

Fixed Seller Quality. In the interest of tractability we also assume that the seller’s quality
is constant for all projects that share the same observable characteristics. Next, we verify
robustness of our results to this assumption. Recall that in order to improve the power of our
test we aggregate the test statistics over the interval of prices that belong to the intersection
of the supports of the distributions of bids submitted by sellers ¢ and j. To implement the
robustness check we split the interval of bids we used in the original classification procedure
into two sub-intervals and then re-do the classification for each sub-interval. We find that the
estimated group structures are basically the same, with the difference among the three estimates
being under 5% of the number of permanent sellers. These findings alleviate our concerns about
the potential variation in sellers’ unobserved quality across projects. Indeed, if such project-
specific variation in seller’s quality were important, we would expect that the seller would be
more likely to be classified as high quality in the auctions where he submits high bids. However,

we do not find any substantial evidence of such regularity.
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F3. Auxiliary Parameters in Baseline Model

Tables 4, 5 and 6 report parameters of the estimated distributions of bids and probabilities of
participation for permanent and transitory sellers in the case of our benchmark model. We esti-
mate that the number of reputation scores and an average reputation score matter for transitory
bidders in a statistically significant way. The results show how these variables impact transitory
sellers’ prices (bids). For example, having no reputation scores bears a negative premium of close
to 8% relative to the price charged by a seller with more than six scores. On the other hand,
having a positive but small number of scores erodes this negative premium to 4% or 3%. The
average reputation score does not appear to be important when the number of scores is really
small. However, the difference between 9 points and 10 is rewarded with a 5% premium if the
number of scores is moderate. This is comparable to the 7% premium documented above for the

case of a long-run average reputation score that corresponds to the large number of scores.

Table 4: Participation Decision and Bid Distribution (Baseline Model)

I(T) I1(T) 1(P) I1(P)
Mean
o OO A
No Ratings -(J@QO%?;* 85;2’)
0 < Ratings < 3 _0(6(.]0%2)** 90-3915)
s ss U000
Number of Ratings O(b(.)(%)l (()0-8(97?))
Average Score 1 _(%fgg? ‘8-(?19;1
Average Score 2 0('85’0%?* 06[9(}01::

This table reports the effects of the covariates and the group premiums on sellers’ bid distribution and partic-
ipation decisions for the specification 2 presented in the paper. Columns I(T), II(T), and I(P), II(P) report
estimated coeflicients for the bid distribution and probability of participation of the transitory and permanent
sellers respectively. “Average Score 17 and “Average Score 2”7 denote interactions of the current average score
variable with the indicators for 0 < Ratings < 3 and 3 < Ratings. The stars, **, indicate that a coefficient is

significant at the 95% significance level.
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Table 5: Participation Decision and Bid Distribution (Baseline Model)

Score Q I(T) II(T) I(P) I1(P)
Mean, Quality Groups Fixed Effect

North America  Low 1 '%'2012%* : 0 (-3?211:* _96.30912)** ?0-2371)
North America  Low 2 _0(6.1022; : ‘8:(?2%)2 '%.202)** _0(6(.)052?;*
North America  Medium 2 _O(b(,)o?;?; : '%'10%%** _((()3:0042)2 -0(6'10(;%)**
e i1 U O A
TR A
EETTETEE A
e e o2 O ABE 4T g
o e o 1 U O 4
Eastern Europe  Medium 2 _0(6.109242; : _0(6.20%?)** '%_20%2)** _0(6.10%?;*
Eastern Europe Medium 3 ’%})?28;* _(()6%51’)77)?* ‘%.1065?)** _0(6.2023;*
S N T T
e mg 2 GE U 4 A
e e CWE BT 4T o
South-East Asia Low 1 '(%j(%%l O(-(%gll;;* U(é).gg* 0(.(%?2%;*
South-East Asia Low 2 _0(6.20%546; i _(26.2031%)** '%%ﬁ%ﬂ _0(6.20(3411;*
South-East Asia Low 3 _0(63032; " ‘()(69071?)** _%ﬁg* -(%:(%2)1
South-East Asia Medium 1 '%%gg* _O(b(.)oZ?)** '%_10?&** _0(6.1011’77;*
South-East Asia Medium 2 ’%.10822; : ‘%QOQ)** _96.20?:;%)** %%i%;‘*
South-East Asia Medium 3 _0(6.2023; i _()(6(.)07221)** _9630?1451)** _0(6.005257);*
South-East Asia High 1 _0(6.105; " _()(610%?)** '%.1022;* _()(6.109§;*
TS A
Std Error 0(-3903* 0(-3(?181;*

This table reports the effects of the covariates and the group premiums on sellers’ bid distribution and partic-
ipation decisions for the specification 2 presented in the paper. Columns I(T), II(T), and I(P), II(P) report
estimated coefficients for the bid distribution and probability of participation of the transitory and permanent

sellers respectively. The stars, xx, indicate that a coefficient is significant at the 95% significance level.
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Figure 1: Assumption on the Distribution of Bids
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This figure verifies suitability of the parametric assumption about the distribution of bids used in estimation.
In order to construct this plot we purge the bids of permanent sellers of the observable variation (sellers’ country
groups, reputation score group, quality group, the number of potential sellers by group). Then we construct a
nonparametric density of the residuals from this regression. We plot the density of bid residuals jointly with the

distribution of normal density with appropriate standard deviation and zero mean.
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Table 6: Participation Decision and Bid Distributions: Competitive Effects (Baseline Model)

Score Q I(T) II(T) I(P) I1(P)
Mean
North America  low 1 ?0‘812% (()d.(())1231) %ggg 0(-80101;*
North America  low 2 (()0‘_(31121) (00-81125)) _((()).'(90%5 0(‘(()).(}0143*
North America  medium 1 _0(6(.)021:1)); i -(269081?)** '(%:9()02)2 -((3.-90%1
North America  medium 2 _(()()'.(())(}8%* ‘()(690?;%)** _9690%21)** _?688:3*
T
S
Eastern Europe low 1 '8;003? (()()'.(3(())71) '((()).-(9(2)1 ?0-.(3(952)
Eastern Europe low 2 _0(6(.]0(())5; " _(2690215))** ‘8902?)* -%%82%?*
Eastern Europe medium 1 _8_‘(())02? ‘(%.'(?091)7 _(()6.00(())1?;* _0(6(.)0((])5)**
Eastern Europe medium 2 8:&% (%:(?112? %8(?42) 8:(%%)1
Eastern Europe medium 3 _0(6(.)021}; " ‘8.'8115? (()0-8921) -8.-90%1
Eastern Europe  high 1 '8:(9112)1 _([()) 6971)2 _((3):(%(3),)2 -((3):(%2)3
e w2 W DT L0
Eastern Europe high 3 '8:(%2)7 _((()).6(1)91)1 %8932) —%00(%()]1
South-East Asia low 1 ?0'81011) '%9013?* '%9)812)* -((()).-(?0?)1
South-East Asia low 2 _(%fgg? _((()).6(())3)4 _%(.)0((])?)** _%(.)0%2)**
South-East Asia low 2 _0(6(.3021?)** _()(69021?)** ‘8:8}2)1 %’(3(())31)
South-East Asia medium 1 '8:(9112)1 _(9.6911)3 ‘8:(%2? -8:(%2)1
South-East Asia medium 2 '8;919? _((()).699)2 ‘(%.-90%2 _O(b(.)o%jl)**
South-East Asia medium 3 (()0‘833% (%:91%1)5 ‘(9):(%02)1 %89;
South-East Asia high 1 '8;(%2? ‘(86(3%7 _(()69)812)* (()O-g(())ll)
South-East Asia high 2 _()(6902121; ’ ‘0(690?;2)** _90‘.0082%* -O(bQO%Z)**

This table reports the coefficients summarizing the impact of the various potential competitors on sellers’ bid
distribution and participation decisions. Columns I(T), II(T), and I(P), II(P) report estimated coefficients for
the bid distribution and the probability of participation of transitory and permanent sellers respectively. The
results are based on the data set consisting 11,300 projects. The stars, *x*, indicate that a coefficient is significant

at the 95% significance level.
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F4. Alternative Specifications

The estimates for the auxiliary objects are available from the authors upon request.

Transitory sellers are an important feature of our setting that potentially introduces method-
ological challenges. That is why we estimate several specifications that differ in their treatment
of transitory sellers. The results of estimation for these specifications are reported below.

Specification one is the most general of out of all the specifications we consider in the paper. It
allows the distributions of transitory and permanent sellers’ qualities potentially to be different.
Under this specification the frequencies of different quality groups in the population of transitory
sellers are estimated from the data. The second specification maintains the ‘no unobserved
heterogeneity’ assumption for transitory sellers.

We first compare specifications one to our baseline specification. Tables 7 and 8 report
the parameters estimated in the second step of our estimation procedure. Table 7 reports the
frequencies for the population of transitory sellers estimated in the second step of the first
specification and compares them to the frequency distribution of quality groups in the population
of permanent sellers estimated in the first step. The results in Table 7 suggest that the two
frequency distributions are very similar, with the transitory sellers’ distribution allocating a
slightly larger probability mass to the higher quality cells.

Tables 8 and 9 show the estimated parameters of the distribution of buyers’ weights. The
results for specifications one are reported in column one of these tables. The estimated coefficients
are similar to those we obtain under the baseline specification. This specification tends to
have somewhat larger standard errors in comparison to baseline specification. It is perhaps not
surprising since specification one is substantially more challenging to estimate within the context
of our model. Its performance could possibly be strengthened if the model also described the
mechanism by which a seller becomes permanent or transitory. We, however, leave investigation
of this issue for a separate project.

We perform a further robustness check of our approach with specification two. The estimated
coefficients for this specification are reported in column two of Tables 8 and 9. They differ from
baseline specification and those for specification one in several important dimensions. First, the
estimated variance of € is much higher under this specification. In addition, the estimated quality
levels are less dispersed, with high quality levels being substantially lower. In some cases, we
estimate quality levels that are not statistically distinct for different quality groups of permanent
sellers. These differences reflect an attempt by specification three to rationalize buyers’ choices
that allocate projects to transitory sellers when permanent sellers with comparable prices are
available. Despite this, specification two lags behind baseline specification and specification one
in predicting the probability that a project will be allocated to a transitory seller: the predicted
probability for specification two is 0.73, whereas baseline specification and specification one
get very close to the probability in the data (0.38) with predicted probabilities 0.36 and 0.32

respectively. On the basis of these results we conclude that the assumption of the buyer not
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being informed about the qualities of transitory sellers does not appear to be consistent with the
data.

Table 7: Estimated Quality Distributions of Transitory Sellers

Country Average Permanent Sellers Transitory Sellers
Group Score Q=L Q=M Q=H Q=L Q=M Q=H
North America low 0.33 0.67 0.37**  0.63***
(0.19)  (0.23)
North America medium 0.31 0.69 0.26 0.74***
(0.21)  (0.19)
North America  high 0.71 0.29 0.65***  0.45***
(0.24)  (0.21)
Eastern Europe low 0.33 0.67 0.35***  0.65***
(0.12)  (0.19)
Eastern FEurope medium 0.63 0.23 0.13 0.51%*  0.28"* (.21"**
(0.04)  (0.11)  (0.05)
Eastern Europe high 0.07 0.78 0.14 0.12  0.70"* 0.17***
(0.11) (0.03)  (0.03)
East Asia low 0.68 0.20 0.12 0.63***  0.24*** 0.13
0.17)  (0.05) (0.11)
East Asia medium 0.09 0.80 0.11 0.12 0.75**  0.13**
(0.09) (0.12) (0.07)
East Asia high 0.86 0.14 0.78%**  (.22%**
(0.21)  (0.04)

This table compares the estimated distribution of transitory sellers’ qualities (far right panel) to the distribution
of permanent sellers’ qualities as implied by the group structure recovered through the classification procedure
(see table 4). In this table (***) indicates that the estimated parameter is statistically significant at the 95%

significance level.



Table 8: Buyers’ Tastes and Quality levels (Alternative Specifications)

Variable

Specification 1  Specification 2

log(oe)
log(oa)
Huy
log(ow,)

Oa,Uy

-0.732** -0.228*
(0.223) (0.192)
-1.028** -1.865**
(0.211) (0.033)
-2.213* -1.113*
(0.332) (0.009)
-0.246* 0.136*
(0.131) (0.072)
0.149 -0.052
(0.092) (0.037)
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The quality level for South and East Asia, low score, @@ = 1, is normalized to be equal to zero. The columns in the

table show the estimated coefficients and corresponding standard errors for several specifications: specification

(1) corresponds to the case when the distribution of transitory sellers’ qualities is estimated, whereas specification

(2) corresponds to the robustness check where we assume that the buyer is not informed about transitory sellers’

qualities and thus treats them as homogeneous conditional on observable characteristics. The stars, **, indicate

that a coefficient is significant at the 95% significance level.
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Table 9: Buyers’ Tastes and Quality levels (Alternative Specifications)

Score Quality
Variable Group Group  Specification 1 Specification 2
Estimated Quality Levels

North America low 1 (()0'88612) ‘%Qo%é)**
North America low 2 0('3 (?6%:* O('(%(?(%*
North America medium 1 (()0'8931) _((i)]._(())oé)B
North America medium 2 0('(% 3527:* O('[% (?151?*
North America high 1 ?0'8:92% _()(6(.)0%8)**
North America high 2 0('(%?781:* 0{3(?110:*
Eastern Europe low 1 ?0'}0122) O(tll.(}g;*
Eastern Europe low 2 0('()? 91?;:* O('g 302;;*
Eastern Europe medium 1 ?o'}ol 41) _%(_)031%)**
Eastern Europe medium 2 0('3 §351:* O('(} g(i;*
Eastern Europe medium 3 06(37.(5)3315’;* 0(§§051;*
Eastern Europe high 1 958911) _%Qo?())z)**
Eastern Europe high 2 0602 (5)3 497:* O('& 3095;*
Eastern Europe high 3 O(Z ?6%;* 0('3 (?05*
South and East Asia low 1 0.000 0.000

South and East Asia low 2 O('(} 94%,:* O(}}?;E:*
South and East Asia low 3 O('(? 3324:* O('[} gg*
South and East Asia medium 1 ?0'9911) —(([)]'.000(4)1)1
South and East Asia medium 2 0('3 (())519:* 0('[9 (?(;45?
South and East Asia medium 3 O('(? 5’452:* O('(% (?073;*
South and East Asia high 1 %gg O('[? (?082?*
South and East Asia high 2 O('é ?162:* O('{?, 9015;*
Pr(transitory seller wins) 0.41 0.23

The quality level for South and East Asia, low score, @ = 1, is normalized to be equal to zero. Specification (1)
corresponds to the case when the distribution of transitory sellers’ qualities is estimated, whereas specification
(2) corresponds to the robustness check where we assume that the buyer is not informed about transitory sellers’

qualities and thus treats them as homogeneous conditional on observable characteristics.
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F5. Bidding Functions and the Distribution of Sellers’ Costs

Figure 2: Bid Functions
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The figure shows the equilibrium bidding strategies of permanent sellers recovered from the first order conditions
of bidders’ optimization program. The convexity at the upper end of the costs’ support arises due to presence of

stochastic component in buyers’ tastes.



Table 10: Project Costs Distributions (Permanent Sellers)

Country Score Quality Mean Standard Deviation
Group Group Group Estimate Std.Error Estimate Std.Error
North America Low 1 1.239 (0.013) 0.053 (0.006)
North America Low 2 1.275 (0.012) 0.087 (0.005)
North America Medium 1 1.627 (0.012) 0.039 (0.005)
North America Medium 2 1.551 (0.010) 0.073 (0.004)
North America High 1 1.165 (0.011) 0.053 (0.006)
North America High 2 1.535 (0.013) 0.099 (0.004)
Eastern Europe Low 1 1.169 (0.011) 0.037 (0.005)
Eastern Europe Low 2 1.328 (0.010) 0.079 (0.004)
Eastern Europe Medium 1 1.576 (0.012) 0.119 (0.005)
Eastern Europe Medium 2 1.202 (0.009) 0.062 (0.002)
Eastern Europe Medium 3 1.331 (0.009) 0.101 (0.003)
Eastern Europe High 1 1.575 (0.011) 0.119 (0.004)
Eastern Europe High 2 0.981 (0.008) 0.048 (0.002)
Eastern Europe High 3 1.354 (0.009) 0.089 (0.002)
South and East Asia Low 1 1.621 (0.010) 0.056 (0.005)
South and East Asia Low 2 1.119 (0.011) 0.051 (0.002)
South and East Asia Low 3 1.317 (0.011) 0.169 (0.004)
South and East Asia Medium 1 1.609 (0.008) 0.107 (0.002)
South and East Asia Medium 2 1.289 (0.009) 0.121 (0.003)
South and East Asia Medium 3 1.255 (0.009) 0.124 (0.003)
South and East Asia High 1 1.074 (0.008) 0.036 (0.002)
South and East Asia High 2 1.235 (0.008) 0.047 (0.002)
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This table summarizes the means and standard errors of the estimated distributions of permanent sellers’ project

costs.
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Table 11: Entry Cost Distribution (Permanent Sellers)

Country Score Quality Mean Standard Deviation
Group Group Group Estimate Std.Error Estimate Std.Error
North America Low 1 0.081 (0.035) 0.054 (0.022)
North America Low 2 0.074 (0.041) 0.055 (0.024)
North America Medium 1 0.072 (0.045) 0.050 (0.021)
North America Medium 2 0.073  (0.033)  0.057  (0.029)
North America High 1 0.083  (0.020) _ 0.058  (0.029)
North America High 2 0.082 (0.025) 0.059 (0.021)
Eastern Europe Low 1 0.112 (0.033) 0.072 (0.034)
Eastern Europe Low 2 0.113 (0.038) 0.067 (0.029)
Eastern Europe Medium 1 0.103 (0.034) 0.068 (0.031)
Eastern Europe Medium 2 0.104 (0.021) 0.065 (0.029)
Eastern Europe Medium 3 0.101 (0.027) 0.064 (0.023)
Eastern Europe High 1 0.104 (0.021) 0.075 (0.034)
Eastern Europe High 2 0.103 (0.013) 0.073 (0.032)
Eastern Europe High 3 0.105 (0.023) 0.076 (0.034)
South and East Asia Low 1 0.107 (0.043) 0.067 (0.033)
South and East Asia Low 2 0.118 (0.026) 0.065 (0.036)
South and East Asia Low 3 0.117 (0.034) 0.063 (0.033)
South and East Asia Medium 1 0.091 (0.025) 0.059 (0.023)
South and East Asia Medium 2 0.096 (0.023) 0.061 (0.029)
South and East Asia Medium 3 0.097 (0.017) 0.060 (0.029)
South and East Asia High 1 0.104 (0.013) 0.064 (0.033)
South and East Asia High 2 0.112 (0.021) 0.062 (0.031)

This table summarizes the means and standard errors of the estimated distributions of permanent sellers’ entry

costs.

F6. Participation and Impact of International Trade

In this section we investigate the social cost associated with restrictions on the international trade
while emphasizing adjustment in the sellers’ participation choices. Specifically, we contrast the
market outcomes arising in the auction environment with those that would realize if allocation
decisions were implemented by a social planner.” We consider two scenarios: (a) the unrestricted
match of a buyer to a seller where a social planner has full information about potential bidders’
costs and qualities as well as about the realization of the buyer’s utility coefficients; (b) an
allocation mechanism where a social planner has to pay entry fee in order to learn the sellers’
costs but he is fully informed about the sellers’ qualities and the realization of the buyer’s utility
coefficients.

Let us begin by describing the details of these experiments. In experiment (a) a social planner

"We are grateful to one of the referees for suggesting this exercise.
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chooses the best match for a given buyer among the set of potential bidders associated with his
project.® In experiment (b) the social planner observes the entry costs of the potential bidders
at the time when he decides for which sellers the entry costs should be paid in order to uncover
their project costs; after that he observes the project costs of the chosen “entrants”.

As in the auction analysis we assume that all potential bidders are permanent and hold the
total number of potential bidders fixed at the level observed in the data. Again, the variety
of the sellers available to the buyers is restricted by replacing the quality levels and the cost
distributions of the foreign sellers with those of the US sellers conditional on the average score
group and quality rank. The medium quality sellers are relabeled as either low or high quality
so that the original ratio between the sizes of these groups remains constant.

Since the social planner observes the buyer’s preferences (o, and €;;) and because the com-
position of the set of potential bidders varies across projects, all seller groups receive a non-zero
share of projects. In the experiment (a), we measure social welfare delivered by matching seller

J to buyer [ as
w(gy, Cju; au, ) = gy + (Bjg — Cj),

where u;; = —py, + ug; — Bj; + €;;. Here @;; reflects buyer [ utility from seller j relative to
the mean of the outside option. The social planner chooses a seller j, from the set of potential
bidders associated with project I, N;, so that social welfare for a given project is maximized:

Jo = arg max;en, w(qj, Cj1: 0y, ). Then, we define
W (N, Ci; au, €1) = o0 + (Bjos — Cion),

where C; denoted the vector of project costs of the sellers in IN;. The average per project welfare

in this market is given by
W =3/ fme W (N, Ci; cu, €)dF, (a, €)dFo(Cy) Pr(N).
In the experiment (b), the social welfare for project [ is modified as follows
W (AL, Cay, Engsaus &) = Gjo0 + (Bjoy — Cloa) — > jea, Eits

where A; is a subset of potential bidders for whom the social planner chooses to pay the entry

fee in order to learn their project cost realizations; {£;;};e4, is the vector of entry costs for this

8We do not restrict the set of potential sellers in any way except to allow it to be sufficiently large. Such
approach is without a loss of generality. Indeed, in the data the number of sellers who are allocated to the projects
in any given week is only a small subset of the sellers who submit messages to the buyers (potential bidders).
Therefore, a surplus of potential bidders exists which, theoretically, is available for the social planner to draw on
in order to decide on the allocation for a given project. Further, in the analysis with the entry costs only the
number of potential bidders selected to draw project costs but not their fraction is important.
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Table 12: Further Analysis on the Impact of International Trade

All US Sellers  Low and High
Groups Only Quality Only
Social planner: Free match
Total Surplus 1.190 1.179 1.186
Share of outside option 0.003 0.003 0.003
Number of sellers 20 20 20
Social planner: Costly Participation
Total Surplus before Entry Costs 1.063 1.048 1.036
Social Welfare net of Entry Costs 0.859 0.872 0.858
Share of outside option 0.005 0.006 0.006
Number of sellers 8.88 8 9.2
Composition of sellers high quality high quality  high quality
(0.88,5,3) (8,0,0) (0,4,4.2)
Auction
Buyer Surplus 0.746 0.565 0.771
Social Welfare net of Entry Costs 0.777 0.605 0.798
Share of outside option 0.043 0.148 0.040
Number of sellers 3.813 2.151 4.104

This table reports the results of a counterfactual analysis investigating the allocation decisions in this market
from social planner’s point of view. The analysis emphasizes the importance of participation effects which here
are interpreted as the number and composition of the sellers that the social planner chooses to consider. The
results for the auction allocations are reported for comparison in the bottom panel of the table. The first column
presents the results for the baseline setting where all quality groups are present. The second column presents
the outcomes from the setting where foreign potential bidders are replaced by the US potential bidders while
preserving the sellers’ quality ranks (medium-quality is replaced by high- and low-quality preserving original
shares of these quality levels in population). The last column is included for comparison purposes. It reports
the results for the intermediate step where medium-quality potential bidders are replaced by high- and medium-
quality potential bidders without changing the seller’s country of origin. The composition of the sellers shown in
the brackets refers to the average number of the sellers by the country of origin listing the US first, then Eastern
Europe and South and East Asia last. Buyer and social surpluses are measured relative to the expected value of

the outside option.

subset of potential bidders; jy is defined as before (j, = arg max;en, w(g;, Cj; ou, €)); and A; is
chosen to maximize the expected welfare for this project with the expectation taken with respect

to the distribution of the project costs for the sellers in A;:
A; = argmaxacy, |, . W (A, Cu; oy, €)dFo(Ch).

Notice that in both experiments there is no need to compute prices because they drop out from
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the welfare expression.

Table 12 summarizes the results of this analysis. As can be easily seen, the unrestricted social
planner achieves the highest social surplus before the entry costs. The social planner subject to
the entry costs achieves the second highest level of surplus whereas the auction setting delivers the
lowest welfare. In the first case the social welfare is high because the planner has an opportunity
to choose among a large number of sellers. His decision thus reflects the optimum based on a
large number of random draws. In case (b) and in the auction environment, the set of alternatives
available to the buyer is substantially reduced since adding an alternative to the choice set is
costly. The social planner in case (b) performs better than the auction mechanism because he is
able to fully internalize the benefit to the buyer’s welfare from a given cost draw. In the auction
environment this social benefit is ignored since sellers base their participation decisions only on
private profitability. Additionally, prices (and profitability) which endogenously decline in the
number of participants further limit entry in the auction environment. Thus, the auction setting
is characterized by insufficient entry from the social point of view.

Internalizing the benefits from additional participation helps the social planner to limit the
losses associated with the reduction in the variety of seller types. Indeed, under scenario (a),
the loss is minimal (1.1%) since the ability to optimize over the cost draws within quality group
compensates for the less desirable group-level characteristics of the available seller groups. Under
counterfactual scenario (b), the social planner is actually able to achieve higher social surplus
after entry costs under reduced variety relative to the baseline case (the surplus before the entry
cost is higher in the baseline case). This outcome arises because the US sellers have lower entry
costs than the sellers from other countries. As a result under scenario (b) the welfare is improved

by 1.3% in contrast to 32% reduction which is realized in the auction market.
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