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ABSTRACT

We empirically study bidding in the C Block of the US mobile phone spectrum auctions. Spectrum
auctions are conducted using a simultaneous ascending auction design that allows bidders to
assemble packages of licenses with geographic complementarities. While this auction design allows
the market to find complementarities, the auction might also result in an inefficient equilibrium. In
addition, these auctions have equilibria where implicit collusion is sustained through threats of
bidding wars. We estimate a structural model in order to test for the presence of complementarities
and implicit collusion. The estimation strategy is valid under a wide variety of alternative

assumptions about equilibrium in these auctions and is robust to potentially important forms of

unobserved heterogeneity. We make suggestions about the design of future spectrum auctions.
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1 Introduction

The US Federal Communications Commission (FCC) auctiaesidies of radio spectrum for mobile
phone service. Based on the recommendations of acadenmoradis, the FCC employs an innovative
simultaneous ascending auction. Bidding lasts for mtiplunds, and there is simultaneous bidding
on all licenses in all rounds. The sale of all licenses clagleen no more new bids for any license
are forthcoming. Simultaneous ascending auctions allaadys, mobile phone carriers in spectrum
auctions, to assemble packages of licenses exhibiting dtential for substantial complementarities
(or synergies) across licenses. For instance, a carriehtids two geographically adjacent licenses
can offer mobile phone users a greater geographically gaamtis coverage area. The auction format’s
novelty and the economic importance of mobile phone markat® stimulated a large and vibrant
theoretical literature. With the notable exception of tapgrs listed below, however, there is relatively
little empirical work concerning the spectrum auctions.

We study data from the 1995-1996 auction of licenses for tBéoCk of the 1900 MHz PCS spec-
trum band, where the final bids totaled $10.1 billion. The @ckldivided the United States into 493
small, geographically distinct licenses. The intent oftemning small licenses was to allow a market
mechanism rather than a regulator to determine the altwcafilicenses so that the licenses are more
likely to be used efficiently. Unfortunately, the auctiongimi not maximize welfare from comple-
mentarities because the auction might possess inefficigriliteia. Efficiency might suffer if bidders
implicitly collude through the threat of intimidatory biohdy wars. For example, a bidder trying to add
an additional license to a package to take advantage of evngpitarities might be punished by higher,
retaliatory bids on its other licenses. Our contributiotoisssess efficiency in these auctions and to
packages.

In this paper, we propose and estimate a structural modeiddiirty in the C block spectrum
auction. Our estimator has three novel features that domérito the literature on the analysis of
multiple unit auctions. First, like the estimator propossdHaile and Tamer (2003), our estimator
does not require the economist to make specific assumptlomg avhich equilibrium was played in
the data. There is no widely accepted theoretical modelddibg in spectrum auctions. Indeed, the
theoretical problems of existence, uniqueness and clegization of equilibrium are far from resolved
for dynamic, multiple unit auctions of the sort that we cdesi Therefore, an estimation strategy that
makes the minimal possible assumptions about the specifititeqym being played in these markets
is attractive for empirical work. Second, our estimates idflbr valuations will be consistent even
if there is omitted heterogeneity in the form of license #iieattributes that are valued equally by
bidders but unobserved to the econometrician. Third, dimasion strategy allows for an extremely
large, but discrete set of possible choices. This is crdoiabur application since the number of
possible packages that bidders can assemble is extremgdy la

The C block auction is a unique experiment in modern busihestery. Only investors that were



not associated with incumbent mobile phone carriers wéogvatl to bid in the C block. We choose

to analyze data from the C block instead of the AB or DEF bldckdwo other reasons. First, legal

restrictions on incumbent phone companies make speaificafi the relevant choice sets quite com-
plicated in the other spectrum auctions. Also, the numbérmok that bid is larger in the C block than

the AB block, yielding more observations for empirical work

There are separate descriptive empirical literatures orptementarities and collusion in spectrum
auctions. On complementarities, Ausubel, Cramton, McAsieg McMillan (1997) and Moreton and
Spiller (1998) document that bidders purchased licensaswire geographically adjacent, and that
winning bids are higher in markets where the second-highidster won adjacent licenses. For collu-
sion, empirical research by Cramton and Schwartz (2000)Cxacthton and Schwartz (2002) presents
descriptive evidence that bidders in AB block did not aggjredy compete for licenses and in the later
DEF block auction used the last digits of numeric bids to aigivals not to bid on other licenses.

Next, we turn to the problem of estimation. A main difficultythvestimation is, as discussed
above, that there is no generally agreed upon model of lgddispectrum auctions. While there is an
extensive literature on structural estimation of auctiomdeis, most of these models assume that the
econometrician has considerable information about thdiledum to the game realized in the data.
(See Donald and Paarsch (1993) and Donald and Paarsch (EdgfRime, Laffont, Loisel and Vuong
(1994), Guerre, Perrigne and Vuong (2000), Campo, Gueaeighe and Vuong (2000), Athey and
Levin (2001), Campo (2001), Flambard and Perrigne (2008jtadsu (2002), Hendricks, Pinkse and
Porter (2003), Bajari and Ye (2003), Jofre-Bonet and Peséed(2003), Fevrier, Préget and Visser
(2003), Cantillon and Pesendorfer (2003), Athey, Levin &eita (2004) and Krasnokutskaya (2004).)
In the spirit of Haile and Tamer (2003), we search for prédiict that are robust across a wide range
of theoretical models. One prediction that must hold in aguildbrium model (with pure strategies)
is that at the end of the auction, a bidder’s continuatiomerdtom the chosen action must be at least
as large as the continuation value from actions that are mmden. We use this system of revealed
preference inequalities to form an estimate of a bidderginaation value for bidding on a particular
package.

An attractive feature of our estimator is that license-#geomitted variables that are valued
equally by bidders are “differenced out” and do not biasnestes of the other structural parameters.
Because we make weak assumptions about the data generaites® we are only able to recover
information about within-auction continuation valuest ttee post-auction bidder valuations for al-
ternative licenses. However, our estimates of the conimuavalues allow us to judge the relative
importance of implicit collusion and complementaritieshie packages that bidders assembled at the
end of the auction.

First, we ask if geographic complementarities betweemsies in a package are important deter-
minants of continuation values. If strong complemensitire found, a more concentrated allocation
of licenses than that observed in the auction might incrbafer surplus. Second, we ask whether the
observed bidding appears to be collusive. If so, bidderscaseme degree intimidated by the aggres-
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siveness of rivals, and bidding may not produce a sociaflgiefit assignment of packages of licenses
to bidders. In particular, if bidders fear setting off a bidglwar, they may not assemble packages that
maximize the surplus from geographic complementarities.

Our continuation value estimates will provide evidencelalioese questions. For example, if com-
plementarities present in a package of licenses enteffisgmily into bidder continuation values, this
is evidence that a bidder’s choices at the end of the auctmmfluenced by such complementarities.
Our estimates will not allow us to say much about why complaisn@ies are important determinants
of continuation values. For example, a bidder might valuackpge with complementarities because
it leads to increased profitability in its own operations ec&use it will lead to a higher resale value.
Distinguishing between these two possibilities would feggtronger assumptions about which equi-
librium is being played within the auction and exactly hovrgeetition will proceed in the post-auction
mobile phone industry. Such assumptions would be conts@alagiven that the equilibria to these mar-
kets are not well understood.

Our results have implications for auction design. The UhB¢ates government issues spectrum
auctions for relatively small geographic areas (493 markethe auction we study), while European
countries often issue nationwide licenses. The US licgnsirstem, together with the possibility of
collusion, encourages more mobile phone carriers to wanbes at the risk that these companies are
operating below the efficient scale because of the lack ofiggdic complementarities. Rules for the
forthcoming Advanced Wireless Services (AWS) auctiondatk that, for some spectrum blocks, the
FCC is altering its licensing policy as it now plans to isstmydwelve licenses for the entire United
States. For other spectrum blocks in the AWS auction, the B@&0ctioning 734 distinct geographic
licenses. Understanding the relative merits of small angkldicenses requires systematic numbers
about whether bidders do indeed have complementaritiessaticenses. In addition, auctioning larger
licenses may inhibit the ability of bidders to implicitly lhade by reducing the level of multi-market
contact.

2 Background for the C Block Auction

2.1 FCC Spectrum Auctions for Mobile Phones

Wireless phones transmit on the publicly owned radio spettin order to prevent interference from
multiple radio transmissions on the same frequency, thefgé€ommunications Commission (FCC)
issues spectrum users licenses to transmit on specifiageinetps. Wireless phones in the United States
transmit on two major regions of radio spectrum. The FCCgassl 800 MHz licenses in the 1980’s
using comparative worth regulatory hearings, lotteries| iaduced partnerships among applicants. In
the 1990's, Congress and the Clinton administration decide mobile phone industry could support
more competitors, and so the FCC allocated additional spacin the 1900 MHz (PCS) block to
mobile phone carriers. For the PCS block of radio spectrbimFCC assigned spectrum licenses using



auctions.

There were three initial auctions of mobile phone spectr@atwben 1995 and 1997. The first
auction (the AB blocks) sold 99 licenses for 30 MHz of spetifior 51 large geographic regions and
raised $7.0 billion for the US Treasury. The second auctiba C block) sold 493 30 MHz licenses in
more narrowly defined geographic regions to smaller bidtteas met certain eligibility criteria. The
C block auction closed with winning bids totaling $10.1 ibifi, although some bidders were unable
to make payments, and their licenses were later re-auctioftee third auction (the DEF blocks) sold
three licenses for 10 MHz in each of the same 493 markets &3 tiheck. The bids totaled $2.5 billion
in the DEF blocks.

There are a number of reasons to prefer to use data from theck alction instead of the AB or
DEF blocks. First, the number of observations is much lamgéne C block: there are 255 bidders in
the C block compared to only 30 in the AB blocks and 155 in thécbcks! Furthermore, there
were two licenses for sale for every geographic region inABeblocks, and three licenses for every
geographic region in the DEF blocks. An AB or DEF block biddes thus guaranteed to be competing
directly against at least one other winning carrier afteratiction ended. This complicates the analysis
of bidding behavior considerably. In the C block, each gephic region had only one license for séle.

The C block auction took 184 rounds, lasting from Decemb&51® April 1996. By issuing
discounts to small businesses, the FCC effectively alloardy qualified entrepreneurs to bidThis
policy fulfilled a Congressional mandate to encourage snathmpanies to offer wireless phone ser-
vice. Bidding for the C block was more aggressive than in tiBebdock, with bids (for only half the
spectrum sold in the AB blocks) totaling $10.1 billion. Figul is a map of the licenses won by the
Top 12 winning bidders. Figure 1 shows that the largest wiiméhe C block auction was NextWave,
which spent a total of $4.2 billion for 56 licenses, inclugliclose to $1 billion for the New York City
license.

Bidders were given an extended payment plan of 10 years. Mihe bidders planned to secure

IMoreover, many of the bidders in the AB and DEF blocks wereaiiniobent mobile phone carriers, and for antitrust
reasons were ineligible to bid in geographic markets whieeg tlready held licenses. In particular, parties owningemo
than a 40% interest in an existing wireless license in an@weakl not bid on another license in that area. Imposing thal le
choice set of each bidder creates considerable additiongblexity in estimation.

The C block, by comparison, featured only potential newaenis, so all bidders could potentially bid on all licenselsisT
policy may have lowered competition in the AB auction (Auskt al., 1997; Salant, 1997). The FCC limited any one bidder
from winning more than 98 total licenses in the C and F enénegurs blocks. Only NextWave came close to meeting this
limit. Ausubel et al. (1997) point out that because the liweis in total licenses rather than total population, Next$\lazd
incentives to purchase licenses with the highest total ladipn.

2After the auction, winning C block bidders were much morelljkio compete against incumbent mobile phone carriers
operating in the same geographic region than against othédR bidders.

3Plans to give additional advantages to women and minosit&re dropped because of litigation. Small business owner-
ship requirements were not overly strict. Two ownershipscstires qualify bidders as small businesses. The firsttsimeiis
a control group must hold 25% of the businesses’ equity. @f25%, 15% (or 3/5) of the equity must be held by qualifying
entrepreneurs. Of the remaining 75% of equity, no more t&&h 2an be controlled by any one entity. An alternative struc-
ture says the control group can be 50% of equity, with 30%dpeitrepreneurs. This allows the other 50% to be held by one
outside entity, which in effect allows the company to partnigh a major firm. The most famous case of partnering is Cook
Inlet, an Alaskan native corporation that partnered withitttumbent carrier Western Wireless.



outside funding for both their license bids and other camstartup costs after the auction. Securing
licenses first and financing later was an extremely impogarttof the business plan of what was until
the late 1990s the most successful American mobile phon&gavicCaw Cellulaf McCaw grew
from a regional cable provider to a multi-billion dollar miebphone carrier by purchasing licenses
and then using the licenses as collateral to secure loans. sfrategy was based on McCaw’s (cor-
rect) forecast of the revenue potential in mobile phoneschwvas higher than the forecasts of larger
companies (Murray, 2001). It is possible that many of the @klbidders were trying to recreate
McCaw'’s strategy. Without a license, a C block bidder is retassarily a serious negotiating partner
for financiers. With a scarce license, a small business bidgeomes a relevant player in the mobile
phone industry, and can expect to hold serious discussighdinanciers.

Compared to McCaw, the C block winners did not have an eadyenadvantage. As it turns out,
many C block winners were unable to meet their financial aliligns to the FCC. These new carriers
were unable to secure enough outside funding to both opanaitebile phone company and pay back
the FCC. Many C block winners returned their licenses to € Fwhere they were re-auctioned.
Others companies merged with with larger carriers (formanigrge part of the licenses held by T-
Mobile USA, for example), or were able to protect their lises in bankruptcy court. NextWave is
the most famous case of bankruptcy protection. NextWaveewastually able to settle with the FCC,
and sell some of its licenses to other carriers for billiohdallars. Ex-post, the C block bidders, who
were accused of bidding too aggressively at the time, umddigied the eventual market value of the
licenses. However, much of this value was to larger carrimssmall business entrants who could not
secure the financing to operate as a mobile phone carrie@04, 2nly a few C block winners, such as
GWI/MetroPCS, remain true independent carriers marketergice under their own brand.

The resale and merger activity suggests that a bidder'sapadion value for winning licenses was
not only a function of the number of customers it planned tgesas a mobile phone carrier. Valuations
might be a function of the bidder’s beliefs about the exptotdue from resale of its licenses and the
risk of bankruptcy. Therefore, attempting to directly recover a bidder’s védtoen operating a mobile
phone carrier will be quite naive in this setting. We will fmva more nuanced interpretation of the
estimates from our structural model. In addition, it is intpat to allow for an econometric approach
that allows for unobserved heterogeneity from omittednigme attributes, such as the anticipated re-
sale value. The estimator that we propose is designed torawodate a reasonably general form of
unobserved heterogeneity.

2.2 Auction Rules and Bidder Characteristics

Similar rules govern all FCC auctions for mobile phone speot Each auction operates using an
ascending bid, simultaneous-close format. In other wazdsh auction lasts multiple rounds, where in

4McCaw was purchased by AT&T for $17.4 billion and renamed AT®/ireless in 1993. AT&T Wireless was itself
purchased by Cingular in 2004.
5The FCC's unjust enrichment regulation penalizes resatargers that do not qualify as eligible entrepreneurs.



each round all licenses are available for bidding. Duringund, bidding on all licenses closes at the
same time. Simultaneous bidding allows bidders to assembbkeful package of licenses from those
available, without the risk of a necessary license to coteepackage being unavailable because of
an early close. These auction rules were explicitly desigieeallow bidders to assemble packages
exhibiting complementarities, while letting the biddehermnselves and not the FCC determine where
the true complementarities lie.

Each bidder pays an upfront amount of money for eligibiliy.bidder’s eligibility is expressed
in units of total population. A bidder cannot bid on a packafdicenses that exceeds the bidder's
eligibility. For example, a bidder who pays to be eligible $®0 million people cannot bid on licenses
that cover geographic areas that together contain moreli@million residents. Eligibility cannot
be increased after the auction starts. The eligibility pagta were 1.5 cents per MHz-individual in a
hypothetical license for the C block. Compared to the clpsinction prices, these payments are trivial.
From an empirical point of view, eligibility payments prde early evidence on a bidder’s willingness
to devote financial resources towards winning a large numi&vectrum licenses. Because estimation
requires at least one observable bidder characterisis ptper does not consider strategic motives
(such as intimidating rivals) for choosing eligibility lels®

Table 1 lists characteristics of the 85 winning and 170 némiimg bidders in the continental
United Stated. The average winning bidder paid fees to be eligible to bidioenkes covering 10
million people, while the average losing bidder was eligitdl bid on licenses covering only 5 million
people. Bidders also had to submit financial disclosure $qftime FCC's Form 175) in order to qualify
as entrepreneurs for the C block, which was limited to newaeits only. Here we see that the financial
characteristics of winners and non-winners are similaiclvleads us to believe that these disclosure
forms did not represent the true resources of bidders. Istouctural estimator, we use initial eligibility
as an individual bidder characteristic instead of assetev@nues.

Table 1 lists the mean number of licenses bid on and won byarinand non-winners. On average,
a winning bidder won 5 licenses and entered at least one b8 dicenses. Although not listed in the
table, the top 15 winning bidders, in terms of number of [gas) were active bidders on many licenses.
The top 15 winners won an average of 16 licenses and bid oneaage of 123 (out of 493) licensés.
Most of the major winners and some of the non-winners werestors operating on a national scale.
The role for idiosyncratic valuations of licenses due taldmowledge seems relatively low, as the

6The FCC is concerned with concluding the auction in a redsleremount of time. Therefore, each bidder is required
to make a certain number of bids, in terms of population, gv@nt losing some of its eligibility. As the rounds progress
information is revealed about the demands of other bid@es bidders drop their activity levels to an amount corragpa
to the licenses they hope to win. By the close of the auctidridder’s eligibility is generally only slightly higher thathe
licenses it wins.

"The C block also contains licenses for Alaska and Hawaii dsasePuerto Rico and several other island territories of
the United States. The potential for complementaritiesvbeh these licenses and licenses in the continental UnttdsS
seems limited, so we restrict attention to the contiguoustdtes.

80ne of the losing bidders submitted bids on all BTAs. Thisdeidwithdrew from the auction because it felt that the
prices were too high for its business plan.



bidding in the C block auction was dominated by national stwes that were competing for licenses
over the entire country.

2.3 Did the Auction Produce a Functioning Market?

In this section, we show that despite the many potential doatpns and the lack of solved theo-
retical models for this class of dynamic games, the C bloakian generated closing bids where the
underlying characteristics of licenses explain much ofmation in prices across licenses.

The most important characteristic of a license is the nurob@eople living in it, who represent
potential subscribers to mobile phone service. Figure 2vsttbhe winning bids by the population of
the license, along with a fitted regression line. The slop@fregression line is $52.7. For the most
part, the large population licenses, such as New York andAlngeles, are only a little above or below
the regression line.

Figure 2 is slightly misleading because most of the markat® iewer than five million residents,
and are clumped together at the left-hand side of the figugew€ 3 plots the winning bid per resident
(instead of the total bid as before) for licenses with feviiemt five million people. Here we see the
mean winning bid per resident is well below $52.7, so thatitigicit price of a resident is larger in
especially large markets. Figure 3 shows that the final prareresident of more populated licenses
is in fact greater. For example, there are no licenses withertttan 1 million residents where the
closing bid price is less than $20. This pattern of highecqsifor larger licenses could be driven by
other license characteristics (such as demographics)s la$o consistent with increasing returns to
operating scale in mobile phone carrier operation. Retirioperating scale create complementarities
across licenses, as one way to increase scale is to win noeresés.

Figure 4 shows a map of the price per resident of licenseseiwdhtinental United States. Many
of the licenses that sell for above $47 contain major metigpoareas, such as Atlanta, Los Angeles,
New York, Chicago, Dallas or Minneapolis. These major ateage dense population areas, which
require fewer cellular towers per potential customer toeserAusubel et al. (1997) use proprietary
consulting data on the population density of the expectéldHout areas for C block mobile phone
service. They have provided us the same data, which we pltd8 map in Figure 5. There seems
to be positive correlation between the price per residefiguare 4 and the population density of the
buildout area in Figure 5. Indeed, the correlation betwbenwo measures at the license level is 0.570.

Table 2 lists characteristics of winning packages. Onlgrges in the continental United States
are included in packages in Table 2. The average winningebiddreed to pay $116 million and won
a license covering 2.9 million people. The largest winnezxtM/ave, bid $4.2 billion for a package
covering 94 million people. As discussed above, the majarastteristic predicting the closing bid
price of a license is the population of that license. It fatboquite naturally that the income level of the
potential customers in that license could also be a majaraghation of price. We use the percentage
of households with incomes greater than $35,000 as our meeaspackage income. By this measure,



the mean percentage of high income households in winninkgpes is 46%6.

2.4 Suggestive Evidence on Complementarities

Many aspects of the design of the FCC spectrum auctions foicube possibility that a package of
licenses might be worth more than the sum of the values ofitkedes if won by different bidders.
Licenses with these properties exhibit complementar{ggaergies).

Before looking at the auction results, one’s prior mightheg tomplementarities are not important
in the spectrum auctions. The FCC chooses market boundar®sin sparsely settled areas in order
to minimize complementarities across markets. Furtheemt®00 MHz PCS wireless phone service
is mainly deployed in urban areas and along major highwaythere might not even be PCS service
along the boundaries of two markéfs.Finally, companies can coordinate with contracts (roaming
agreements) if the same company does not own the adjacensés:!

Researchers examining the auction results have genemiliurded that complementarities were
important. The map of the Top 12 winners (by the number oinkes) in Figure 1 shows several
bidders win licenses in markets adjacent to each dthéor example, NextWave, the largest winner,
purchases clumps of adjacent licenses in different aretieafountry. GWI/MetroPCS fits the cluster
pattern well, winning licenses in the greater San Franci&danta and Miami areas.

On the other hand, the majority of winning bidders won onlgw ficenses. Figure 1 emphasizes
this by also plotting the 26 licenses in the continental &thiStates that were the only license won by
their winning bidders. We calculate that only 20 out of 89 Gckl winning bidders won packages of
licenses where the population in adjacent licenses witiérpaickage was more than 1 milliGh Aer
Force is the prime example of a Top 12 bidder that did not seariyoconcerned with complemen-
tarities. Figure 1 shows that Aer Force won 12 licenses irctimtinental United States, but that none
of them are adjacent to each other. From the maps alone,gaapgome winning bidders cared more
about geographic complementarities than others.

Salant (1997), a consultant during the AB blocks auction@3IE, provides an insider’s take on

9The cutoff level of household income of $35,000 is the samasmee used in Ausubel et al. (1997). Magazine articles
from that mid-1990s show that the level of penetration of ileophones into lower-income groups that we see in 2004 was
not predicted by many analysts, who considered highemirecgroups to be the main market for mobile phones.

1070 some extent, PCS licenses are primarily built out in udraas because the FCC requires build outs to cover a certain
fraction of the population of the market, rather than a foacof the market’s land area. 800 MHz carriers tend to coegh b
urban and rural areas because the FCC requires coveragargs &action of the land area of those licenses.

11The Coase Theorem suggests that, in a frictionless wortdh, sontracts will implement the efficient outcome. Our paper
uses revealed preference to investigate whether biddeugh the Coase Theorem would be operative in the postesucti
mobile phone service industry.

2ausubel et al. (1997) study in part the earlier AB auction sinow several bidders win licenses adjacent to markets where
the bidder is a mobile phone incumbent, or a landline telephzarrier. For example, Pacific Bell, at the time a Califarni
telephone company, won AB block licenses in California. édthidders, such as the forerunners of Sprint PCS and AT&T
Wireless, embarked on a strategy of winning licenses in ag/mraarkets as allowed.

13This complementarity measure is calculated over pairscehkes. If a license is adjacent to two others in a package,
its population will be counted twice. The 89 winners incldder bidders who won licenses only outside of the continenta
United States.



bidder valuations. GTE did value complementarities, i thaanted to acquire licenses in areas where
it was a landline phone company, and in areas that would fitlales in its existing wireless phone
network. GTE was unwilling to bid on certain potentially tative licenses, such as Los Angeles,
because GTE felt it would not be profitable to win such an esperlicense.

Ausubel, Cramton, McAfee and McMillan (1997) and Moretod &piller (1998) examine whether
adjacent licenses exhibited complementarities by remmggsbe log of winning bids on market and
bidder characteristics. Ausubel et al. study the AB and Cksdmuctions and find that the log of winning
bids are positively related to whether the runner-up bisléen adjacent licenses, as one might expect
in an ascending-bid auction. Moreton and Spiller have beteasures of incumbency, and also find
that winning bids are positively related to the runner-ugdier’'s measures of complementarities. The
results are the most statistically significant for the C klaaction

The previous authors also mention global complementariieincreasing returns to scale, the
notion that a wireless network involves fixed costs that casgread out among more customers in a
larger carrier. We prefer the term operating scale ecor®iiethis concept. Scale economies can be
represented as a valuation convex in package charaatersstch as total population.

3 An Empirical Model of Spectrum Auctions

In this section, we propose an empirical model of biddingsjoectrum licenses. FCC spectrum auc-
tions are ascending-bid, multiple round auctions that exa more than a hundred days to complete.
Formally speaking, a spectrum auction is a dynamic gamengiatly with incomplete information.

If bidders have finite valuations, they will cease biddinteah finite number of rounds, although the
length of the auction is not known at the st&urt.

3.1 Basic Notation

We index rounds by. There area=1,...,N bidders who compete to win licenses 1,...,L. Inthe C
block auctionN is 255 and. is 493. An FCC spectrum auction is a multiple unit auction dnedefore
bidders can submit bids on multiple licenses. While biddmdsmit bids on only individual licenses
(there is no package bidding), a bidder is concerned abeupdickage, or collection, of licenses it
wins. We letpy; (S) denote the vector of the bids submitted for the package eftiesSby bidderain
roundt.

Ascending auctions differ from other dynamic games becausidder’s final payoff is based only
upon the package it wins at the end of the auction, and the pa@ for that package. Label a generic

1Ausubel et al. and Moreton and Spiller do not claim their @riegressions correspond to hedonic estimates of bidder
valuations. Rather, they specify descriptive or in-sarppégliction regressions designed to summarize facts abewaidsing
bid prices.

15The FCC gave itself reserve powers to end the auction if thenalbcourse of bidding failed to do so. As these powers
were not used, we do not model them.
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terminal round to the gamEk. Then biddem’s profits from winning a package of licens8ss equal to

Ta(S) - Espm (1)

wherep;r is the closing price for a licenden the packageés. The termr, (S) is biddera’s valuation
for the licenses irs If a plans on marketing mobile phone services using these Bsetien, (S)
would be equal ta’s expected profits. Instead & intends to resell the licenses or merge with a
larger company, them, (S) would represent the anticipated resale value of the licen&ar broad
interpretation ofiy, (S) is consistent with our discussion in Section 2.1, as therng meadiverse factors
that enter into a bidder’s valuation.

The payoff function is additively separable in prices, whinakes sense if we view the bidders as
profit maximizers. We do not impose thag (S) is additively separable in the license characteristics.
Indeed, a notion of complementarities is that, for licerisasd j,

Ta({i,j}) >m{i}) +m({i}),

or that the value of two licenses purchased together exdbedsim of the valuations of the licenses if
purchased separately. Obviously this violates additiyeusbility.

At each round, we denote the vector of state variablesag\t roundt, s will include the highest
bid and the identity of the highest bidder for each of tHeeenses. Newly submitted bids must exceed
the previous high bid by a certain minimum bid increment. bfdder is currently the highest bidder on
a license, without any action to withdraw the bidder rem#ireshigh bidder. The state space at1,
S.1, IS § including the new highest bids and bidders for licensestihdtactivity during round.

The state space also includes a vector of bidder eligislitAt round, each bidder has an eligibil-
ity level, measured in the total population of licenses indaler's package. The sum of the population
of licenses for a bidder’s current highest bids and its nae¥g biust be less than its eligibility. In order
to speed the conclusion of the auction, the FCC reduces itjibilly of bidders that do not submit
enough bids. The state space thus can be extended to inbkigtledtor of remaining eligibilities of all
N bidders. The initial eligibility level is purchased by a &t before the beginning of the auctith.

Certain Nash equilibria in a dynamic game may involve sgjiatenteraction between players. In
collusive equilibria, bidders enter special bids to sigoatach other the licenses they are most inter-
ested in winning. Under collusion, bidders react to bid algnso the history of past bids should also
be included in the state space.

3.2 Assumptions for Efficiency

Milgrom (2000) proves that under two major assumptions alkameous ascending auction is equiva-
lent to a tatonnement process that finds a competitive bquith of the economy. By the first welfare

16No one bidder can win more than 98 licenses between the C atutk éntrepreneurial spectrum auctions.
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theorem and the assumption that prices enter payoffs qessily, the final assignment of licenses to
bidders maximizes the total value in the economy. The ougcofithe auction can then be analyzed as
a two-sided matching (Shapley and Shubik, 1972) marketeviiertwo sides of the market are bidders
and licenses, and the vector of license prices clears thkatar

The two main assumptions that Milgrom’s efficiency theoreuires are

1. The licenses are mutual substitutes for all bidders, and

2. All bidders bid straightforwardly.

Unfortunately, neither one of the assumptions needed teepittat a simultaneous ascending auction
is efficient appear to hold in the C block data.

For our purposes, if licenses are mutual substitutes theyaircomplements. The fact that many
bidders win clusters of licenses, as seen in the map in Fiuisegood evidence that licenses may not
be mutual substitutes for all bidders. Other suggestivdemde on complementarities is discussed in
Section 2.4.

Bidding straightforwardly means that a bidder submits n&lg leach period in order to maximize
its payoffs, equation (1). One violation of straightforetidridding is jump bidding. When making a
jump bid, a bidder enters a bid that exceeds the FCC’s minirbighfior that round. Figure 3 shows
that there was a non-trivial level of jump bidding during tBélock auction. We define a jump bid to
be any bid that is 2.5% greater than the FCC’s minimum bidHat license and round.

When jump bidding, a bidder risks the chance that the jumpnliicexceed the valuation of rival
bidders, and be the final price. A jump bidder always has aemngrobability of overpaying for a
licenset’

There are strategic reasons why a bidder might jump bid. y44398) studies an ascending auction
of a single item. Bidders have affiliated values and theesfofear of the winner’s curse, or paying too
much for an item of uncertain true value. A jump bid of a sigmifit amount can be a credible signal,
as in expected value the jump bidder incurs a cost that thp pichmay be the final bid and close the
auction at a price above the outcome from straightforwaddibg. After signalling the jump bidder’s
aggressive intentions, other bidders may discontinueiglés they suspect that the winner after more
bidding will overpay and suffer negative profits from the nem's curse-®

The multiple items sold in spectrum auctions give new opputies for implicit collusion through
repeated interaction and multi-market contact. Bruscolammbmo (2002) present a theoretical model

"Daniel and Hirshleifer (1998) study a model of an ascendimgfian of a single item where bidding is costly. An
equilibrium involves jump bidding to speed the conclusidrthe auction. As bids in the C block auction totalled $10.1
billion, it is unlikely that bidders had a high opportunitgst of time and placed jump bids to speed the conclusion of the
auction. Serious bidders employed teams of professioaatsnhage bidding activity.

18Theorists have shown that jump bidding can happen for ndinsige reasons. For example, in a simultaneous ascending
auction where the bidding on each license can close at eiiff¢imes, which is not the FCC's rule, Zhéng (2005) shows tha
jump bidding can alleviate the exposure problem mentioretovib As we discuss below, the FCC auction rules have a more
direct withdrawal mechanism to mitigate the exposure bl
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specifically designed to focus on collusion and complemgigs in simultaneous ascending auctions.
In a simultaneous ascending auction, there exist equllitmiere bidders divide the items for sale
amongst themselves. At the beginning of the auction, bgldeater bids to signal their preferred li-
censes. Then no colluding bidders place bids on items thepardesignated to win in the collusive
equilibrium. Bidders each win a small handful of items, buh whem at very low prices and make a
larger profit than through straightforward bidding. Thelusive equilibrium is supported by the threat
of reverting to straightforward bidding. The collusive coine is not efficient, because the items are
not necessarily assigned to the bidder with the highesatialn, and licenses with strong complemen-
tarities are not necessarily won by the same bidder. TheakignBrusco and Lopomo (2002) is a
positive bid on a handful of licenses in the initial roundt bot necessarily a jump bid. The logic in
Avery (1998) suggests jump bids could be an effective sigrmaever® 2°

Figure 3 shows jump bidding was prevalent towards the béaginof the auction, where the risk of
overpaying is much lower. The number of total new bids drazally slowed during the second half
of the auction, and this slowdown is especially severe forguids. The presence of jump bids might
represent attempts at intimidation, but jump bids are niglesce that intimidation was particularly ef-
fective. Attempts to collude may still have had serious ingilons for the final assignment of licenses
to bidders, however. In our structural model, we will estienahether bidder continuation values are a
function of jump bids by rival bidders.

3.3 The Value Function

Multiple theoretical models have been proposed to studgtap®a auctions. While each of these mod-
els gives us some insight into the incentives that biddexs, fdney offer potentially conflicting conclu-
sions. Also, there is ho consensus among theorists abotitdhect” model of bidding in spectrum
auctions. Therefore, it is highly desirable that an estimebes not require imposing a specific model
of dynamic equilibrium (e.g. Milgrom (2000) or Brusco anddamno (2002)).

Given the diversity of models, we would like an estimatort glfows us to learn which of several
competing models might be most reasonable. The estimatjomoach that we propose is in the spirit of
Haile and Tamer (2003) in that we try to only impose weak ctima of equilibrium that are required
to hold in a wide range of models. As we describe below, thenroaindition that we will impose is the
requirement that the continuation value from the obseretidrss exceeds the continuation value from

198rusco and Lopomo also mention that complementarities nhigFak implicit collusion. Counterintuitively, it is nobe
level of complementarities that prevents collusion, bettariability of complementarities across bidders.

Brusco and Lopomo (2002) discuss other reasons why coflusight fail. Having too many bidders relative to the number
of items makes it harder to support a collusive equilibriasbidders not winning an item have no incentive to colludgial
rounds of aggressive bidding might be needed to weed ouelsddith low valuations in order to narrow down the remaining
bidders into a implicitly colluding coalition.

20The collusive concerns described by Brusco and Lopomo {(280glies to auctions of multiple discrete heterogeneous
items. Ausubel and Cramton (2002) find a related result faleskbid (non-ascending, one shot) auctions of multipaiital
items, such as electricity or treasury bonds. With multidentical items, bidders usually have an incentive to stibdi
bids on marginal units to earn greater profits by paying a tgwee-unit charge on inframarginal units.
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actions that are not chosen at the end of the auétion.

In a pure-strategy, subgame perfect Bayes-Nash equitibofia simultaneous ascending auction,
bidders maximize expected discounted payoffs at everg gtahe game tree. Payoffs are computed
by taking expectations about the probability of reachiregyuarious terminal nodes of the game tree as
a function of bidder’s own strategy and the strategies of other players. Inqasi, at any statg,
biddera has a continuation value, or Bellman equation,

Vat (%,5) = EQ%?“ E [Vat+1(S+1,5) | Pat (9)]-

We write “0+"to emphasize that there is no current-period payoff in artian?? The expectation in
the continuation value is taken knowing the optimal deciside of biddera at states;, pa (S), which
is just thepy (S) that maximizesE Va1 (S) | pat (S)].22

The new states . 1, evolves according to the submitted bids of all players. dingertainty is over
the distribution of future bids of other agents in the autfib At a Nash equilibrium, the strategies of
all bidders as a function of the unknown private informatéwa known. For an individual bidder, the
strategies of rivals are subsumed into the expectatioratqrer

In the data, the auction ended at some round welcaRevealed preference implies thagifs the
high bidder on a package of licenc8at the end of the auction, then

Var (S1,S) > Var (s1,S) VS 2 S (2

At the end of the auction, bids move very slowly and biddersndb submit bids much above the
minimum required to be the highest bidder on a particulanise. Therefore, we simplify a bidder's
choice at the end of the auction to be the set of licensestthéshes to be the high bidder on. We let
Var (st,S) be the continuation value thatreceives from entering new bids to create a new package
at the end of the auction. Revealed preference implies tieatdntinuation value from the package of
licenses thah won was superior to superset packages of liceSststa could have bid on.

The goal of our estimator will be to recovesr (sr,S). We will not attempt to recover the post-
auction valuationst (S). If we abstracted away from strategic behavior at the endhefauction
so that bidders did not fear retaliation or other reactiagnsnfcompetitors, then we would have that
Vat (S1,S) = T (S) — Jiespir. This is because bidders should simply bid on their mostepred
licenses at the end of the auction, subject to eligibilitiesu if there are no strategic interactions.

2IHaile and Tamer (2003) estimate bidder payoffs in privateevauctions of a single good. The Haile and Tamer estimator
is based in part off of the assumption that no bidder will ledther win the good at a price below the first bidder’s vabrati
of the good. This assumption of mostly straightforward bidcbn all licenses is much less tenable in a multiple unitiang
where the fact that all bidders can bid on all licenses mdaatsrtimidation is real possibility.

22\\fe ignore discounting, or impatience to end the auction.

23The set of licenses where new bids are entered must satesBlitibility rules.

24pternatively, a rival bidder might be playing a mixing sgy, although we do not allow for mixed strategies in estima
tion.
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Making this assumption, however, would make us unable tdaesollusive behavior or other sources
of inefficiency.

3.4 Our Continuation Value Identification Strategy

We use the revealed preferences of bidders at the end of Harateidentify continuation values. We
make the following assumption.

Assumption 1. The equilibrium bids in the final period of the auction are i@ strategies.

The assumption of pure strategies is crucial for our esbmétthe bidding at the end of the auction
is in mixed strategies, the bidders might have ex post rediwt is, if other players are randomizing,
playera’s bids are a best response to its equilibrium beliefs aboeitdistribution of other players’
strategies, which would invalidate the revealed prefezeinequality in equation (2). Ciliberto and
Tamer (2003) discuss ex-post regret in related problems.

In addition, we will make the following assumption:

Assumption 2. At the terminal period T, the closing prices and past higsrof play (in $) are such
that
VaT (STa Si) 2 VaT (STa S’) v a7 g 7& Si (3)

Assumption 2 states that a bidder’'s continuation valuetfominning package is greater than its
continuation value for any other package, at the realized $itate of the game. This includes packages
that may violate the eligibility rules of the auction. Inmeiple we could incorporate the eligibility
rules into our estimation strategy. However, this would btha cost of increasing the computational
complexity of programming our estimator. Further, impgsaligibility constraints would limit the
empirical content of revealed preferences, as it is likeét & bidder with a high continuation value for
another license would have bid on that license 10, 20 or 5Ad®before the end of the auction. As
bidding slowed down at the end of the auction, we believer#d@sonable to assume that giving bidders
additional eligibility would not have changed behavioryweruch if at all.

Assumption 2 also rules out the exposure problem that cae fom complementarities. In the
exposure problem, a bidder places a bid on a package of éisemih significant complementarities,
but eventually only wins a subset of the licenses. If thel tptrkage payoffs are dominated by the
complementarities, the bidder may end up overpaying follittemses it does win. We rule out the
exposure problem because we think it is not a major issueismatirction because the FCC's auction
rules allow a bidder to withdraw a standing high bid. Whenlilteler withdraws a standing high bid,
the bidder is potentially liable for a penalty equal to théfedence between the withdrawn bid and
the final closing price of the license. If the withdrawn biddgver than the eventual closing price,
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the bidder faces no penafty. Penalties in the C block option were not large. The medianimamx
potential penalty, the penalty if no other bidders entered hids on that license after a withdrawal,
was $93,530. Because almost all licenses had higher bidecafter a withdrawal, only around $5
million in penalties were eventually paid after the auctined, a relatively small amount compared
to the $10.1 billion in winning bids. The largest penalty i@sed by a bidder who added an extra “0”
to the end of its bid by mistake.

Sixteen different bidders used the withdrawal option. Ehsteen bidders withdrew a total of
fifty bids on individual licenses during the C block auctiorpresenting 0.17% of the 29,865 bids
entered during the 184 rounds of the auction. Seven bids wighelrawn in the first round. There
is some evidence that those withdrawing bids had made masycoassful bids at the same time as
the withdrawn bid. Bidders submitted an average of twendg bive round a withdrawn bid was first
entered and the bidders were the highest bidder after thatron an average of three licenses. This is
consistent with the withdrawal option being used to mitigat exposure problem. With so little use of
the withdrawal option, probably few bidders were stuck Jitkenses they preferred not to win at the
closing prices.

The summary of this discussion is that Assumption 2 is mtetvay revealed preference. If bidders
would have higher continuation values from more biddinga first approximation they should have
done so. If bidders were standing high bidders on the wrarenfies, they would face low penalties
from withdrawing, and should have done so.

3.5 Combinatorics of Auction Outcomes

The revealed preference inequality in equation (3) forneskthsis for our estimator of continuation
values. Even this simple inequality presents immense ctatipnal challenges to estimation. The
total number of packages that could be won by an individuddidxi in the C block auction includes
all subsets of the 493 licenses with 98 or fewer total licengehere are 38x10:°° such package¥.
Therefore, the number of packages that could be won by a biddarger than the number of atoms
in the univers&’Any estimation method that requires evaluating the redepteference inequalities
at all possible packages will be infeasible. This dimeraiibn problem will motivate our estimation
approach which we describe in detail in Section 5.

25Cramton and Schwartz (2000) suggest that the withdrawalmaly be another tool for implicit collusion. A bidder can
submit a bid on a rival bidder’s license to signal to the rivet punishment is forthcoming if the rival doesn’t ceasitbig
on another license. Then the signalling bid is withdrawayikeg little risk to the original bidder.

26The power set of all packages, ignoring the FCC's rule of naertban 98 licenses per package, has sf¥& 2
2.557x10348,

27physicists estimate that the total number of atoms in theeuse: ranges from I8 to 10°, clearly a good deal fewer
than the 368x10% packages in the C block auction.
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4 Empirical Proxies for Attempted Collusion and Complemenarities

This section focuses on an intuitive discussion of iderifan of continuation values in the C block
spectrum auction, by relating observed variables to the@oic questions about collusion and com-
plementarities outlined in the introduction. All of thelfmling observables enter as covariates into our
parameterizations of continuation values.

4.1 Jump Bids as Proxies for Attempted Intimidation

Brusco and Lopomo (2002) suggest that there are many ocalesjuilibria in an ascending bid auc-
tion. Cramton and Schwartz (2000) and Cramton and Schw20t2) document cases of intimidation
in spectrum auctions, particularly in the AB and DEF blocktans. Our strategy for investigating
the possibility of intimidation is to parameterize contition values as functions of observable proxies
for intimidation. Jump bidding is our main proxy for potaitintimidation. A bidder bidding straight-
forwardly would enter a bid equal to no higher than the minimiid, in the hope that the minimum
bid exceeds the valuation of rival bidders. A non-stratdyjttier loses nothing by always bidding the
minimum bid when his valuation for the license exceeds tha@mim bid.

Definitively establishing collusion using bid data is ertedy difficult. We will be able to deter-
mine whether jump bids on licenses early in the auction ggedrlower continuation values for those
licenses at the end of the auction. Even if this is true, givew little is understood about the equi-
librium to spectrum auction games, one should be cautioirsténpreting this evidence as definitive
proof of collusion. However, if the impact of jump bids on theduations is large, auction designers
might wish to consider whether the potential for intimidaticould be alleviated through an improved
licensing scheme.

Table 3 lists statistics for the population-weighted meambers of jump bids for the 85 winning
packages. A typical license in a package has 2.6 jump bidsitiglol by non-winning bidders over
the course of the auction. Although not listed in the table 6f the 85 winning packages have no
jump bids entered by rival bidders at all. One winning paekaghich consists of the single license for
Milwaukee, has fifteen jump bids by rival biddefs.

4.2 Proxies for Potential Complementarities

The FCC'’s simultaneous ascending auction is designeddw dlidders to assemble a package of li-
censes with complementarities. Mobile phones are a netgamoki with substantial fixed costs, such as
providing customer service, marketing, and the developraed implementation of new technologies.
On the demand side, mobile phone users may wish to use thairepih geographic locations other
than their home area, and may value carriers that have gaterage areas. We measure the impor-

28| the empirical application, when calculating the congtion value for a given bidder and package combination, we
always remove the jump bids made by that bidder on licenststrpackage.
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tance of economies of operating scale and geographic snamtinuation values by collecting data
on variables that proxy for potential complementarities.

Our main method of estimating the size of economies of opgyatcale is including a quadratic
terms in population into continuation value functions. Tin@n package characteristic a mobile phone
carrier cares about is the total population of the licensethé package. If the coefficient on the
square of population is positive, then valuations are coliwdotal population, and it appears likely
that bidders value operating scale economies. In othersytindy have increasing returns to scale. If
instead the coefficient on the square of population is negatien continuation values are concave in
population, and it appears that there are decreasing setoiwperating scale.

For mobile phone carriers, geographic scope economies\alisn serving related markets makes
the total profit from serving those markets greater than thantotal profits if separate companies
served each market. We use three proxies for geographie sitoprder to examine the robustness of
our estimates to different measurés.

Our first proxy for geographic scope is based on the geografisiance between pairs of licenses
within a packagé® For a packagé, potential complementarities are

1 ) population

———— —— ) population _

Yiespopulation £ <& distancedi, j)
where population is measured in millions and distance issomea in kilometers. This measure is
just the population-weighted mean across licenses of thabeu of other residents, divided by their
distances! Table 4 shows sample statistics on the geographic complaniteas for the 85 winning
packages. Counting the population-weighted means ovénalpairwise combinations of licenses in
a package, licenses in the 85 winning packages have a mealidhr(0.006- 1000 pairwise com-
binations of residents in different markets a normalizestatice of 1000 km (620 miles) from each
other.

29The previous literature emphasizes the geographic adigasfiwo markets. Visually, geographic adjacency is inter-
esting because it is evident from looking at a map of winniitt bhat some bidders purchase clusters of adjacent lisense
However, in the western United States many markets are gpbigally adjacent only because large regions of desed hav
been added to the corresponding geographic markets. Adjacays, for example, that the Reno license is next to Los
Angeles license, while those two cities are actually 615 farta Our population-weighted centroid measure says tim® Re
license is 510 km away from the Los Angeles license. Notetth@jprevious descriptive empirical work only considered
observed winning packages, and as Reno and Los Angeles werdéydifferent bidders, this example is not relevant for
their analysis.

30\We measure distance between two licenses using the papulagighted centroid of each license. The population-
weighted centroid is calculated using a rasterized smogtprocedure using county-level population data from the US
Census Bureau.

31This geographic complementarity proxy can be motivatedtmiis. Consider a mobile phone user in a home mairket
That mobile phone user potentially wants to use his phondl wtteer markets. He is more likely to use his phone if there
are more people to visit, so his visit rate is increasing egbpulation of the other licensg, The user is less likely to visit
j if j is far from his home market so we divide by the distance betweieand j. We care about all users equally, so we
multiply the representative useriis travel experience by the populationiofFinally, we want an average rather than a total
measure as we already include total population as a measapei@ting scale in continuation valuation. Therefore tale
the population-weighted mean by dividing by the total pagioh in the package.
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Geographic measures of distance may not capture the retustepe that carriers are concerned
about. Mobile phone customers may travel by means otherglmmd transportation. For example,
many business users travel by air between Los Angeles and¥Yeegw In fact, the C block bidder
NextWave won both the New York and Los Angeles licenses. [hitaah, distance is not the only
factor affecting even ground travel.

We have two complementarity proxies based upon travel o licenses. The first measure,
from the 1995 American Travel Survey (ATS), is proportientd the number of trips longer than 100
km between major cities. All forms of transportation areer@d. The downside of this measure is that
for privacy reasons the ATS does not provide enough infaomadbout rural origin and destinations
to tie rural areas to particular mobile phone licenses. ®@oosd measure, from the Airline Origin and
Destination Survey for the calendar year 1994, is the ptejeaumber of passengers flying between
two mobile phone license are?s.The drawback of the air travel measure is that it assumesaal p
sengers stay in the mobile phone license area where theinatésn airport is located® Both travel
measures for a packagare population-weighted means across licenses, and takerth

m IgspopulatloraJ_E;{i}trlps(orlgln isi,destination isj),
where our ATS measure uses the count of raw trips in the suarelthe air travel count is inflated
to approximate the total number of trips during 1$94The ATS data in Table 4 show a license in a
wining package has a mean of 53.2 trips between a licensenarather licenses in the package. The
airline data show a typical license has 26,100 plane tripsaa petween that license and others in the
same winning package.

For all geographic scope proxies, some fraction of the wigrpackages has a value of 0. For
example, 26 out of the 85 winning packages contain only a@n$e in the continental United States.
Therefore, looking at only the actions of a few large casrieray distort one’s impression of how
important scope economies are. The fact that singletonggmskare observed suggests that other
factors influence wireless industry structure.

32|ntermediate stops are not counted for either dataset. dthrdatasets, geographic information software (GIS) was us
to match origins and destinations with mobile phone licen$®r airports, the origin and destination license areagasy
to calculate. For the MSAs (Metropolitan Statistical Afeased in the ATS, the equivalent C block license area wasdfoun
using the centroid of the origin or destination MSA. The Cdilticense boundaries for urban areas roughly follow MSAs.
33\\e effectively code that there are zero potential complearéies between rural licenses for both travel measures.
340ur airline passenger measure does not distinguish betarégins and destinations, so we simply divide the formula
for the complementarity proxy by 2. If all airline travel isund-trips during the same calendar year, this measurddsheu
exactly correct.
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5 Estimator for Multiple Item Auctions

5.1 Revealed Preferences and an Estimation Inequality

We will model which licenses to bid on at the end of the aucgnan equilibrium discrete choice

problem. As we discussed in Section 3.5, the number of chawailable to a bidder is very large,

which makes most approaches to estimating discrete choickelsiimpractical. In this section, we

reduce the computational complexity of the estimation [@wlby demonstrating that, under appropri-
ate regularity conditions, static equilibrium in the finalnd of the auction implies that a version of a
social planner’s problem is solved. The preferences inttticssocial planner’s problem are given by
the continuation values from the dynamic auction game. Wdlen estimate based upon much lower
dimensional inequalities that are necessary, but not grificconditions for the auction’s outcome to

be a solution of the static social planner’s problem.

Consider two biddersg andb. In the data, biddea wins the package of licens&, and biddeib
wins the package of licens&;. The physical constraint that any license can be won onlg oneans
SN =0. Letlicense € S, and letlicensg € S,. By Assumption 2 applied to each bidder separately,
it follows that

Vat (S7,S) + Vbt (S1,Sh) > Var (S1, (S\ {i}) U{j}) +Vor (s1, (S\ {i}) U{i}) - (4)

That is, the sum of the equilibrium continuation values doand b is greater than the sum of the
continuation values whera wins j andb wins i, and all other assignments of licenses to bidders
remain unchanged.

Next, we will assume that the continuation values satis§yftiiowing parametric functional form.

Assumption 3. For bidder a at the auction’s terminal node T, a’s continoativalue for an arbitrary
package S satisfies

Var (sr,9) = Va(S|B) +255i —Espw.

We will assume that the continuation value for winning thekaee of license$§ is an additive
function of three terms. The final term is the sum of the finag®pir of the licenses irs. The term
Va(st,S) + Yieséi is the non-price component afs continuation value for winning the licenses$n
We decompose the non-price continuation values into twopoorents.Va (S| B), is a bidder-specific
continuation value term that is parameterized by a vectqrashmeter$. V, (S| B) captures bidder-
specific valuations as well as the nonlinear interactiot&éen the characteristics of different licenses
that create complementarities.

The second terny;.sé; is the sum of the license characteristics that are valuedahse by all
bidders. As all bidders receive these benefits, éachlikely to affect the closing prices, but does not
affect the equilibrium assignment of bidders to licensesil®Metting eact; enter only linearly rules
out possibly interesting interactions between the unaladde components of licenses, we shall show
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now that this assumption allows to be a function of characteristics that are observed to ithdebs
but not the econometrician.
Under assumption 3 equation (4) becomes

Va&IB)+ D &= > P+ (S[B)+ > &— D pr >
keS, keSy kes, keS

Va((&\{iHu{it B+ > &= > P
ke(Sa\{iHu{i} ke(S\{i})u{i}
W (S\{HU{ B+ > &= > P
ke(S\{1HU{i} ke(S\{JHU{i}
Notice that the same set of licens&,U S,, appears on the left and right hand sides, because the
inequality involves biddera andb exchanging licenses. Subtraction simplifies the inequtdit

Va(S[B)+Vb (S| B) = Va((S\ i) Ui} [B) +Vb (S\{THU{i} [B). (5)

Thus, the additivity in Assumption 3 causes the pripgsand unobserved license characteris§gto
drop out of our revealed preference inequality. In the cdrt&éa market where an unlimited number
of people can purchase the same item, Berry (1994) and Bavinsohn and Pakes (1995) argue that
the presence of product characteristics that are unolibéovihe econometrician but are observed to
market participants and are correlated with observed mMasanay generate severe biases in estimating
demand and supply parameters. In demand estimation, theaoacern is that greater quality items
have higher prices. In the inequality in our equation (5),diffeerence out the prices and the unob-
served license characteristics. As we difference out grigsgyway, our main concern in eliminating
the &y’s is that unobserved product characteristics may be @eglwith included license and bidder
characteristic$®

The inequality in equation (5) is the basis for our estimafbhe inequality is easy to compute
and differences out endogenous pricpg;, and unobserved license characteristigs, We view the
robustness of our estimator to the bidder-invariant unomegischaracteristics of licenses included in
thegy's to be a major advantage. Our policy interests focus on temgntarities and implicit collusion.
Both concerns deal with the interaction of bidder char#sties and license characteristics. Empirical
work in the social sciences often has problems with omiteedhbles. In our approach, differencing out
unobserved heterogeneity in licenses and focusing on gplyats of license valuations that are directly
related to our policy interests makes our identificatioatstyy much less contaminated by unmeasured
variables.

Demange, Gale and Sotomayor (1986) and Hatfield and Milgrad®3), among others, have
pointed out that a generalization of an auction of multigéehogeneous items is a two-sided matching

351t is difficult to find instruments for price, so in practiceBget al. (1995) assume that unobserved product charsistsri
are not correlated with non-price, observed product chariatics. We do not need to assume that observed and unetdser
characteristics are uncorrelated.
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game. In a spectrum auction, the two sides of the market ddets and licenses. The C block auction
has 255 bidders and 493 licenses. Each license can only makenatch” to a single bidder. We now
prove that the spectrum auction’s final round is in a statiglgium when static preferences are given
by continuation values, and where all licenses are won by emé bidder and no bidders would prefer
to match with other license$.

Result 1. Define a static equilibrium for the final round of the spectraoction to be a set of prices
and an assignment of licenses to bidders such that 1) Eaehdeis won by only one bidder; 2) No
bidder would receives a higher continuation value from reimg an individual license from its final
package, and 3) No bidder would prefer to win a different paekof licenses. If Assumptions 1 and
2 are satisfied for all bidders, the outcome of the auction static equilibrium for the continuation
values in the final auction round.

Proof. 1) Each license is won by only one agent because the auctieh ctear markets license by
license. 2) Assumption 2 is satisfied for packages that aofeaver items than the packages won in
the auction. 3) This is a restatement of Assumption 2.

]

Next, we show that the outcome of the final round of the auctiimes an appropriately defined
social planning problem in continuation values. We willerefo an allocation of license$;, for the
a=1,...,N bidders, as feasible if each license is allocated to a sivigider.

Result 2. If Assumptions 1 and 2 are satisfied for all bidders, the olesgllocation of the licenses
maximizes the sum of the continuation valg(gglvﬂ (st,S) among all feasible allocations. Fur-
thermore if Assumption 3 is also satisfied, then the decirgchauction outcome maximizes the sum
of yN , Va(S: | B) among all feasible allocations.

Proof. Compare the outcome of the auction, where a biédeas winning packags,, to some other
auction outcome where biddamwins S,. If there areN bidders, the outcome of the auction maximizes

continuation values if N

N
Z Var (s1,S8) > Z Var (ST>%) (6)
a=1 a=1

for all alternative feasible allocations of the for{Sd}g':l. By Assumption 2, for eack the term
Vit (sr,S) is weakly greater tha¥,7 (st,S,), so the entire sum in the left hand side is greater than the
sum on the right hand side.

36Hatfield and Milgrom (2003) present counterexamples foegairtwo-sided matching games that shows that there might
not be a static equilibrium when at least one agent has pajfwdt feature complementarities across multiple matchies.
Hatfield and Milgrom counterexample uses the freedom to eh@my set of preferences, so it is not a proof that there does
exist equilibria in the C block spectrum auction. We mustasg Assumption 2, rather than motivating it from sufficient
primitive conditions about the lack of complementaritiéghe failure to find a general existence theorem when there are
complementarities is also found in standard Walrasian etitig®e markets, as the second welfare theorem (thereseaist
competitive equilibrium that generates each Pareto optijmules out complementarities. The lack of a general extste
theorem under complementarities is not a problem specificuitiple unit auctions or to matching.
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Under Assumption 3, equation (6) becomes

N N
S V(& I1B)2 3 % (S 1)

as the prices irs; and the unmeasured license characteristics of the Egrdifference out on both
sides, as the identities of the licenses for sale are the earheth sides of the inequality.
O

We note that this result is similar to the equivalence of thevse stable match solution to a
social planning problem in matching games where prices gratgoffs quasilinearly (Koopmans and
Beckmann, 1957; Shapley and Shubik, 1972; Becker, 197&nsutor, 1992). The social planning
result shows that, given the continuation values in the fioahd of the auction, the static equilibrium
assignment of bidders to licenses in the final round is likelpe unique. If the continuation values
take random values over the entire real line, the probglihiat any two feasible allocations have the
same suny N V4 (S, | B) is O.

As is typical in the discrete choice literature, we need t mhdom stochastic shocks so that the
econometric model can fit any arbitrary assignment of liesrte bidders. The shocks are observed
by the agents, but not the econometrician, so from the ecetrmian’s viewpoint matches between
licenses and bidders happen with some probability. For aoysets of bidders andb and any two
packages of license§, and S, let Pap(Si, S | X, B) be the probability that biddeax wins packages,
and biddeib wins packages, when the parameter vector in continuation valugs andX is a matrix
of observable covariatés.

A formal theoretical assumption that is required for our aEmrametric estimator to be consistent
is that match probabilities for two bidders awnk orderedby the deterministic portions of contin-
uation values. This assumption is a stochastic version aétémn (5), a hecessary condition for the
deterministic social planner’s problem.

Assumption 4. Consider two licensesd S, and je€ S,, and two bidders a and b, wherg §S, = 0.
Assume that

Va(Sa [ B, X) +Wo (S [ B, X) > Va((S\{i}) U{j} | B.X)+Va((S\{iH) U{i} [ B, X)

if and only if
Pab (S, S [ X, B) > Pan ((Sa\{i}) UL}, (S\{iH) U{i} [ X, B).

Assumption 4 does not impose a known parametric functicorah for the error terms (as in logit
and probit models), so the estimator based upon rank ogderatching probabilities is semiparametric.

37X is the matrix of the bidder and license characteristics fobidders and licenses in the C block auction, not just
biddersa andb and the licenses if&; andS,. This is important for the asymptotic theory in Fox (2005&he probability
Pab(Ss, S | X, B) is the sum of the probability of the subset of the 4%55= 2.65x10'18 or so possible auction outcomes
where biddea wins packages; and biddetb wins packages,.
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We focus on the probability of two packages being won by ghigiders simultaneously because such
terms appear in the probability limit of the matching estionantroduced below? The rank ordering
property is an extension of a single-agent rank orderingemty introduced by Manski (1975), which
states that a single-agent chooses a discrete acivith greater probability thaij if the deterministic
part of the utility fromi is greater than fronj. Manski (1975) and Fox (2005b) discuss how a sufficient
condition for the single-agent rank ordering property &t the error terms in the random utility model
have an exchangeable joint density.

In a matching market, Fox (2005a) discusses several frankewoat can motivate Assumption 4.
The most mathematically straightforward story is that mnderrors prevent the market from forming
the exact static equilibrium that maximizes continuatia@ues in the final round. In a market with
transferable utility, the equivalent of the single agewirfrManski (1975) is the social planner. A
mathematically equivalent alternative to computing a deedized equilibrium in the final round is to
have the social planner make a discrete choice between §1&252.65x10+8 auction outcomes in
the C block, given the continuation values at the end of tliti@u Fox (2005a) proves that a sufficient
condition that will generate Assumption 4 is that the soglahner’s error terms have an exchangeable
joint density.

Another story is that bidders have idiosyncratic biddeetise payoffs,;, so that the continuation
value of a bidder has the random utility forvfy (S; | B,X) + Yics, €ai for biddera and packages,.
However, to be clear, Fox (2005a) shows that it is not a thedtret the rank order property holds
when the density for the vector @f;’s is exchangeabl®®. However, the rank order property might
hold if the variance of the error terms is small. Section Z@ws that most major winners in the C
block were large scale investors that operated on a natgmaé. The major players were not local
businessmen exploiting idiosyncratic knowledge but itmessconcerned with the national industry
structure. Therefore, on a priori grounds we feel it is lkitlat the role for the bidder-license specific
error is indeed low. Our structural estimates reportedvibdibthe data very well, so we are ex post
comfortable that our included covariates are good proxdeshfe major components of continuation
values.

5.2 The Maximum Score Estimator for Multiple-Unit Auctions

Fox (2005a) introduces a matching games estimator basedeosotial planning problem, or equiv-
alently the set of physical pairings in a decentralizedic@guilibrium?® The matching estimator

38Fox (2005a) proves that the matching estimator is congisteing a general consistency theorem from Newey and
McFadden (1994). Part of proving an extremum estimator isistent is showing that the probability limit of the objeet
function is uniquely maximized at the true parameter vatunel Assumption 4 concerns terms appearing in the probabilit
limit that make such a proof possible.

39The reason is each of the social planner's auctionwide ougschas many component matches between bidders and
licenses, and the outcomes with some overlap of individaehke assignments have correlated composite errors. # cou
terexample to Manski's rank ordering property for singigeiat discrete choice models is when there is correlationsadn
the error terms for choices such that the resulting joinsidgrof the error terms is not exchangeable.

40The equivalence of the social planning and decentralizedlilegum solutions is also employed for estimation in a
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is computationally simple, because it relies on the payadikimizing property of the equilibrium,
rather than computing an equilibrium. As the set of physieatings in a stable match is a qualitative
outcome, the estimation strategy builds on results in thglsiagent discrete choice literature. The
matching games estimator in Fox (2005a) is an evolution@sthgle-agent discrete choice maximum
score estimators of Manski (1975), Matzkin (1993) and F@OEBD).

We are ready to write down the estimator. We use notationehgihasizes what the objective
function looks like for our sample, rather than notationt timakes it easier to compute the objective
function’s probability limit. The matching estimator isyaparameter vectoﬁ that maximizes the
objective function

480 480
Zl S 1 [Vai) (S [B.X) +Vaj) (S | B,X) >
91j-15+5

Vagi) (S\{TH UL} B X) +Vagy (SN {TH UL} BX)] . (7)

The function 1] is the indicator function, which is equal to 1 if the ineqtalih brackets is true, and 0
otherwise. The number 480 is the total number of licensesdtarin the continental United States. As
there are two summations, the objective function consitleodicensesj and j, at a time. Only pairs
of licenses with different winners are considered. The @hbje function then considers the winning
package that contairis§, and the winning package that contains the licepsg. One bidder in the
data,a(i), won the packagé&;, and another biddeg(j), won S;. The objective function considers a
counterfactual situation where instead bidéé¢r) won licensej and biddera(j) won licensei. The
sum of the continuation values for the two bidders at the dahe auction ended in the data under this
alternative outcome is

Vagiy) (G U{JH B, X) +Va) (S\{jH) Ui} [ B,X),

where the set operators show thas added toa(i)’s package and subtracted froat j)’'s package,
and similarly forj. The objective function’s score of correct predictionsarding to Assumption
4, equation (7), only increases by 1 when the observed o@aives a greater sum of deterministic
continuation values than the alternative where licensesl j exchange winning bidders.

Because Assumption 4 considers exchanging only two liceasa time, the matching maximum
score estimator does not need to consider all possible catins of licenses. Therefore, the matching
estimator does not have a computational curse of dimengioitathe size of the market. Considering
only a subset of license exchanges is a strong advantaghe asimber of number of packages of
multiple C block licenses is the number of elements of thegraset of all licenses in the continental

marriage market setting by Choo and Siow (2003). The parienatror term assumptions of Choo and Siow act like a
single-agent discrete choice problem, and do not enfore@lilysical constraint that each man can marry only one woman,
or each license can be won by only one bidder.
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United States, or®°. We focus on exchanges of only one license for each bidderderdo make
the estimator use a local notion of identification, rathantbut-of-sample extrapolations. Also, using
a simple rule, all exchanges of one license, makes the sespticatable as no extra randomization
contributes to the reported estimafés.

Exchanging only two licenses at a time involves relativetyal counterfactuals. In the C block,
NextWave won the New York City license and a smaller winnemed Americal won the Corpus
Christi, Texas license. Our identification strategy asky wis outcome was likely to have a jointly
higher continuation value than if instead Americal won Newrk/City and NextWave won Corpus
Christi. By considering only small changes to packages, ieegploiting variation in the outcomes
that was more likely possible towards the end of the auctidote that all of our counterfactual pos-
sibilities in the estimator involve bidders winning packagvith the same number of licenses. We do
not consider wildly out of sample counterfactuals, such ameAcal winning a package of 50 licenses
in large metropolitan areas and NextWave winning only ooenise in a rural area. This is our attempt
to impose some sort of budget constraint. It is unlikely Aicedrhad the financial resources to even
consider bidding on such an out-of-sample pack&ge.

If Assumption 4 holds, Fox (2005a) proves the matching magrinscore estimator used in this
paper is consistent, as the number of matching marketsigaagtgoes to infinity. Observing many
similar economic situations, in this case auction markietg, key part of almost any consistency ar-
gument. By contrast, this paper uses data on only the C bjoektsim auction. The C block was a
unigue market experiment in economic history. The C blotlaeted only new entrants to the mobile
phone industry. These potential new carriers were maingsitors not tied beforehand to any region
of the country. The outcome of the $10.1 billion auction shdww these bidders sorted themselves
into packages of winning licenses. If we properly contralifoplicit collusion, the C block experiment
allows us to see how a segment of an industry simultaneowsligled to organize itself. So while ob-
serving a large number of similar auctions is hecessanhcobnsistency argument, we choose to use
the estimator for a finite sample of one very large auctionr@ento focus our attention on a unigue
market experiment.

5.3 Continuation Value Functional Form

We have discussed the matching games estimator for a ggrageathetric functional form for contin-
uation values. Now we introduce the actual functional fohat twe will estimaté® The functional

4lwe discuss later that empirical experimentation shows ttetpoint estimates when the objective function includes
exchanges of two licenses per bidder (four total) are catalély similar.

42The formal theory of matching imposes quotas on the numberatthes each agent can make. Our estimator keeps the
number of licenses in each winner's package the same, so wetdiolate any such quotas. Unfortunately, standard nsodel
of matching do not allow for monetary budget constraints.cad@d consider only inequalities that keep the total expienel
of a bidder under the sum of the prices of its winning liceriaebe data. We are concerned that the endogenous prices are
correlated with unobserved variables, and we have not drtheconsistency of the matching estimator for this case.

43Introducing a parametric functional form for continuatigalues simplifies numerical optimization, as the computer
needs to search only over a finite dimensional parameterespBox (2005a) presents a fully nonparametric analysis of
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form is motivated by the fact that the bidders in the C blockcsum auction are potential mobile
phone carriers. These carriers want to offer mobile phongcgeto customers. Our functional form
emphasizes that the quality-adjusted populatgpris the most important package characteristic, as a
mobile phone carrier needs potential customers for itdsmnndeed, Figure 2 shows that population
is by far the most important characteristic in the price cétises. Other characteristics of a package of
licenses should only adjust the value of a single residemirgown a little.

As before, letV, (S| B,X) be the portion of the parametric form that depends on the amkn
parameter$d and that enters the estimator. For a package of liceBsbildera has a continuation
value

Va(S| B, X) = ylog(eligibility ,) { a(S) + Bsq(a($)*} ®)

Quality-adjusted populatiog(S) is the main package characteristic affecting continuataloes. It

enters the continuation value, equation (8), as a quadratie parametefs, controls the importance

of operating scale. IBsq> 0, payoffs are convex in quality-adjusted population, dtefore there are

increasing returns to operating scale. Scale economiemnarezason licenses might be complements.
Quality-adjusted population is defined to be, for some exarogvariates,

d(S) = populationy x (1+ Bincincomes) (1+ Bsynsynergys) (1-+ Bumplump bidss) ,

where the listed characteristics are observable chaistaterof a package. For example, incasigethe
percentage of high-income customers in a packad&.dJf> 0, then a bidder values the total population
of a package with richer residents more than a package wihepoesidents. IBsy, > 0, then there
are returns to the geographic scope proxy syngmgyich can be geographic distance or a measure of
travel between licenses.

The log of biddera’s eligibility, as described in Table 1, multiplies the quattic in q(S). This
is because the matching estimator asks why biddeon license and bidderb licensej rather than
the reverse. Only portions of payoffs that are interacteith wibservable bidder characteristics, in this
case initial eligibility, are identifiable, as the auctiade sum of continuation values from interacted
characteristics changes if the license is assigned to enbiider. The parametgrin equation (8)
translates the identifiable portion of continuation valirte monetary units. The matching estimator
does not use the price data, so the scale of payoffs in mgnatés is not identifiable. We impose the
scale normalization that= +1, or that bidders with more eligibility value quality-adjed population
more than those who chose not to commit many resources taitiiea** The correlation between a
bidder’s initial eligibility and the population of its wirimg package is 0.76. Note that our use of only

identification and maximum score estimation, where thetfanal form ofVa (S| B, X) is unspecified within a large class of
possible continuation value functions.

44The sign ofy, but not its scale, can be superconsistently estimatedeimiéximum score framework. It is a standard
result in semiparametric discrete choice estimation thedtion and scale normalizations must be imposed on theowrkn
parameter vector, and qualitative outcome data do not impesticular cardinalizations for utility functions (Havitz,
1998). Only the ordinal ranking of payoffs are identifiablenh qualitative data such as matches of bidders to licenses.
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the qualitative outcome data on which bidders won whicmkes differentiates this paper from many
other structural auction papers, which focus on variatiobidls.

The fact that our empirical proxies, such as the complemiéieta between licenses, are non-
additive functions of the characteristics of all licensé arovides identification. The complemen-
tarities from adding Orlando, FL to a package containingriMiand Tampa, FL is presumably more
than a package containing San Francisco and Los Angeles, CA.

6 Estimates of Complementarities and Implicit Collusion

We will use our estimates of continuation values to gain somight into whether bidders value com-
plementarities and whether bidders fear setting off a priae

Table 5 lists estimates @fin continuation values, equation (8), from using the twaesi matching
games estimatdP. The numbers reported are 95% confidence intervals from syiisay*® Column
1 is a simple specification that only includes the percentidégh-income households as a package
characteristic. Consider a bidder with fixed level of idighgibility. Increasing the percentage of high
income households in a package by 1% will increase the agatiom value of the package by 6%. Now
consider two bidders, one whose initial eligibility is twithat of another (whose log eligibility is the
log of 2 or 0.69 points higher). The bidder with twice theialieligibility will value the 1% increase
in the high-income household percentagg@0.06 = 4% more than the lower eligibility bidder.

Columns (2)—(4) are much more interesting specificatioatdtiempt to address the key questions
raised in the paper by including proxies for implicit collus (jump bidding), and two types of comple-
mentarities, operating scale (the quadratic term in gualijusted population), and geographic scope.
Column (2) contains a specification where the geographipespooxy is a measure of the population
of two licenses divided by the distance between them. Alldbefficients are statistically different
from O.

From Table 4, the mean value of this geographic distanceune&s0.006. Doubling this figure to
0.012 results in a.006x 26.93 = 16.2% increase in a bidder’s valuation. This is a very substhrdle
for the economies of geographic scope, and thus for compimites. Understanding the total role of
complementarities requires looking at the coefficient andhadratic in quality-adjusted population,

45The objective function was numerically maximized usingghebal optimization algorithm known as differential evelu
tion (Storn and Price, 1997). More than ten runs were pedarfor all specifications. The reported point estimateslae t
best found maxima, although care was taken to ensure thaerwp computed maxima were qualitatively the same as the
best found values.

465ubsampling is a resampling procedure discussed in Pdétitimano and Wolf (1999). Subsampling does not require
the objective function to be continuous, and has been prwvbd consistent for single-agent binary choice maximumesco
estimators by Delgado, Rodriguez-Poo and Wolf (2001). Veésfalse data sets of 100 licenses. Our subsampling procedure
is somewhat ad hoc from an asymptotic theory standpointy@$ormal asymptotics in Fox (2005a) are in the number of
markets going to infinity instead of the number of licensea market, and in this paper we data on only one market, the C
block spectrum auction. Also, subsampling has not beemdgteto allow for spatial autocorrelation, so we do not adjus
for such correlation, although see Politis and Romano (L&83esults on the bootstrap, which is inconsistent for immasm
score estimators.
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which is estimated to be 0.00440. The coefficient is negative, meaning the model edisrthat there

are decreasing returns to operating scale. For a packa@enoillion people evaluated at typical values
for the other characteristics, the decreasing returnsate stecrease the package’s value by 147%.
However, for a package with 50 million people (1/5 of the USudation), the decreasing returns to
scale blow up and decrease the package’s total value by 9H4#.point estimates show important
positive returns to geographic scope, and somewhat leswriamt negative returns to operating scale.

It is interesting that including other covariates dranmaljcchanges the point estimate for income
from 6.12to0-1.21. Now a 1% increase in the high income haniggtercentage decreases the valuation
by 1.21%, instead of raising it by 6% without other controlie change in the sign of a coefficient
once other variables are controlled for means that simplyrgt at a map with only one characteristic
plotted is a poor substitute for a multivariate analysist jas multiavariate least squares produces
different slope coefficient estimates than univariatetlegsares applied to each regressor separately.
Note that in many other specifications, including lineac@riegressions, measures of income had
negative signs once other regressors were included. Tlaivegign is not an artifact of the matching
estimator alone.

Another important question we examine is the importancdtefigots at implicit collusion in con-
tinuation values. We proxy for attempts at intimidation twihe presence of jump bids. A typical
license in a package has 2 jump bids by bidders who eventdalhot win the license. A package with
2 jump bids per license has a continuation value that is 6d&1 than one with only 1 jump bid. So
the mean package’s complementarities.2%6) has an effect roughly equal to two jump bids.(QE3).

We return to this point in the discussion of the policy imations of our results.

As for data fit, 105,896 (95.2%) of the 111,192 pairwise coratons of licenses won by differ-
ent bidders that enter the objective function are predictadectly according to Assumption 4. The
assumption rank orders match probabilities by the sumsiof p&continuation values. There is not
much more variation left in the license assignments to éxpleith just four covariates included in the
model.

Column (3) replaces geographic distance complementavitign the measure based upon air travel.
In Column (3), the estimated coefficient on jump bids is statilly the same as in Column (2). The
coefficient on income changes from -1.21 to -1.02, so that airi¥ease in income decreases the
guality-adjusted population by 1%. The coefficient on arél is statistically not different than 0 and
economically small. The mean level of within-package aivét of 26.1 (in thousands of passengers)
raises the quality-adjusted population value by 0.16% aymackage with no air travel. Air travel does
not have a large contribution towards the economics of gaatic scope. Note also that the column
with air travel has a lower number of correct predictions.588 of license combinations are predicted

4"The number 1.7% is calculated as follows. The quality-adjiipopulation for a package with 10 million people and
other characteristics at their mean values is(16- 0.006- 26.93) (1— 2.6-0.0646) (1—0.46-1.21) = 4.29. Total normalized
package value (before multiplication by a bidder's chamastic) is then 29— 0.0040- 4.29, and the ratio 0f-0.0040- 4.29
is —0.017.
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correctly at the estimated parameter values. Air traveltfigsdata poorly, compared to geographic
distance between licenses. The returns to operating st@elumn (3) are negative, but smaller in
magnitude than the negative returns to scale with the gpbgralistance complementarity measure in
Column (2). The returns to scale decrease package valueé®lyfor a package of 10 million people,
and 3.5% for a package with 50 million people.

Column (4) switches to the third geographic scope proxy: nilmmber of trips between licenses
in a package, as recorded by the American Travel Survey (AA&)ording to the sample statistics in
Table 4, the mean winning package has 53 such trips, andahdast deviation is 310. Doubling the
mean number of trips, results in a #B000934= 5.0% increase in the quality-adjusted population that
enters continuation values. The sighs and magnitudes afod#icients on income, the mean number
of jump bids and the quadratic in resident quality are simidahe results in Column (2).

7 Implications for the Geographic Size of Spectrum Licenses

We prefer the point estimates in Column (2) of Table 5 as o@l fissults. With 95.2% of the license
switches correctly predicted according to the rank ordeperty in Assumption 4, we feel our covari-
ates are able to robustly fit the data. There are two maintsssam our preferred specification. First,
we find that our proxy for attempts at implicit collusion, tikember of jump bids by rival bidders, does
decrease the continuation value of a package of licenseackage with an extra jump bid per license
in it has its value reduced by 6.5%. Second, we find that outypiar geographic complementarities,
based on the population of other licenses in a package dilageyeographic distance, is strongly pos-
itively correlated with continuation values. Using the gderstatistics from Table 4, we find that a one
standard deviation increase in our complementarity praises total package value by 418 The
point estimate of a large return to geographic scope is tofismewhat by a negative point estimate
for the returns to operating scale, although the positiapseffect is several times larger at typical
covariate values.

In the introduction, we mentioned that the FCC is considpepalicy changes where it will auction
some a block of Advanced Wireless Service licenses for ragftione carriers that each cover one-
twelfth of the United States, although another block willdpdit into 734 geographic license. These
licensing schemes bracket the 493 markets seen in the C.blbbk spectrum block with twelve
geographic licenses moves the United States closer to thep&an system, where countries often
issue nationwide spectrum licenses.

Our findings of large complementarities support the idealtrger licenses will ensure that more
winning carriers will be able to operate on a more efficiealescLarger licenses leave less of a chance
for auction idiosyncrasies to cause an inefficient assignnighe fact that our included covariates are
able to predict 95.2% of the licenses decisions correcttygests that the role for the error terms in

48This number is 203- 0.0151.
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these auctions is low. Perhaps bidders do not have strofgy@nees for certain licenses, meaning that
auctioning larger licenses might not cause a great degtruictthe idiosyncratic or regional knowledge
of certain carriers that would be best captured by offermglklicenses. The role of complementarities
does justify using a simultaneous ascending bid auctioigiwil designed to allow bidders to assemble
packages of licenses exhibiting complementarities.

Consistent with earlier descriptive empirical work on g¢pg&m auctions by Cramton and Schwartz
(2000), and with the theoretical analysis of Brusco and loop@2002), we find that attempts at in-
timidation through jump bidding affect the assignment oéfises. The presence of intimidation likely
means that the C block auction was at least partially ineffiicin its final assignment.

Under a system of larger licenses, there might be less soopetimidation. In the extreme case
of offering only one nationwide license, there would beditb gain from colluding with rivals, as only
one carrier can walk away with the license. On the other hamigly in auctions is important to prevent
intimidation from a small number of bidders. Offering onlyeonationwide license would discourage
participation from all but a few larger players. A small nuenlof bidders could collude before or
during the auction to depress the revenue earned by the W@Sdrse

As we discussed in Section 2.1, the C block auction fulfill€fiomgressional mandate to open the
wireless phone industry to small business entrants. Natfathe C block bidders were truly small
businesses. However, real small businesses cannot hopartaationwide mobile phone carriers
from scratch. Our finding of strong geographic complemétigarsuggests that encouraging small
businesses to offer mobile phone service does not maxirotZetal output.

8 Wider Discussion

8.1 Robustness of the Matching Estimator to Choice of Inequdies

The reported estimates in Table 5 use inequalities withangs of only one license per bidder, for two
total. This deterministic rule aids replication as randmation plays no rule in the objective function.
Alternatively, we could have proceeded by randomly chapamequalities where bidders exchanges
two licenses, for four total. When the estimator includeshexiges of mainly two licenses per bidder,
estimates for the specification with geographic distaneeptementarities (column (2) in Table 5) are
-1.40 for income, 21.89 for geographic distance, -0.075uomp bids, and -0.00882 for the quadratic
term in quality-adjusted populatidd. We have performed other robustness checks and feel that the
coefficient estimates are qualitatively robust to the séedualities used in estimation.

49These estimates come from a specification where the ind¢igsativerweight exchanges of pairs of adjacent licenses.
When a large bidder wins multiple clusters of licenses, thie @f licenses being exchanged is more likely to be licemses
the same cluster rather than different clusters. For bgldéio win only one license, only one license is exchangedhiaitr t
bidder.
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8.2 Matching vs. Other Estimators

We feel that the matching estimator best fits the econominifives of a spectrum auction. As in
a matching game, a spectrum auction has a finite number oétsdd finite number of licenses for
sale, and all bidders and licenses are observably hetexogerboth to the econometrician and to other
bidders in the auction. Although the estimator does not uise pata, the estimator is only consistent
for a matching model with endogenous prices, just as a speaiuction elicits a vector of prices that
end the auction.

As discussed in Section 3.5, a major problem in estimatiomgudiscrete choice methods is that the
number of possible outcomes for a single agent, the numbdistifict packages of licenses, is unfath-
omable. The number of auction-wide outcomes is the numbeowibinations of feasible outcomes
for all bidders, which is even larger. The matching estimatidresses the computational concern by
using only weak implications of the theory. It uses restrits involving only small deviations of two
licenses exchanging ownership.

However, throughout the course of our empirical work, weehaaplemented other estimators
that are consistent under different assumptions about etitiop. The only two known single-agent
discrete choice estimators that are consistent when usiagiate data on only a subset of the possible
winning packages are the McFadden (1978) subset logit atirand the single-agent maximum score
estimator of Fox (2005b). Single-agent methods suffer iimedhe revealed preference of an agent to
stop bidding is a function of the vector of closing pricest the prices are functions of valuations
for all 255 bidders. The single-agent discrete choice nusthzannot elegantly handle the complex
endogeneity of prices in a multiple-unit auction. The matghmodel solves the price endogeneity
problem by finding equilibrium restrictions that hold besawf the presence of prices, but which do
not use price data.

We have also estimated the hedonic model of Bajari and Bdn{@&003). This method treats
packages of licenses as a bundle of continuous charaigiistovariate space. The hedonic estimator
uses nonparametric methods to regress the closing prid¢he 86 winning prices on characteristics of
those packages. In a second stage, bidder-specific randsffitiemts in continuation values are backed
out from first-order conditions relating the price gradienthe marginal benefit of each characteristic.
The hedonic method relies critically on the researcheriityalbo correctly estimate the slope of the
hedonic price function at every point in a multivariate peg characteristics space. That is difficult
with data on only 85 winning packages. The matching estimatthis paper ignores entirely variation
in price, and works more directly with the characteristi€bidders and packages.

8.3 Complementarities vs. Correlated Preferences

The FCC spectrum auction design allows bidders to assempbcleage of licenses that have the
potential for complementarities. The C block bidder CaalPCS won a package of licenses for most
of South Carolina. Our estimates in Table 5 attribute thilei’s payoffs to complementarities, as our
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matching estimator does not allow errors to be idiosyncadlyi correlated (non-exchangeable) across
licenses. Another explanation is that Carolina PCS hasmetes for licenses in the southeastern
United States?®

We recognize that any choice data can be explained by arraailyitcomplex distribution of
stochastic errors without regard to deterministic payeffrts. However, we can limit ourselves to
a reasonable class of correlated payoffs, based upon tienrtbat each bidder has a spatial bliss
point. If each bidder has a bliss point, we expect biddersitoliwenses mainly in the same region
of the United States. Only two of the top ten winning C bloc#tdgrs by population won licenses in
only one region. ChaseTel purchased licenses to cover atmfiessee and some bordering areas, and
another bidder (Carolina PCS) won licenses for most of S@aitolina® The other top ten bidders (in
terms of population) that did win licenses in clusters didrsmultiple areas of the country. For exam-
ple, the carrier GWI/MetroPCS won licenses in southerniéfigithe greater Atlanta area, and northern
California. While itis possible GWI/MetroPCS had correldipayoffs for only those three regions, we
(subjectively) feel complementarities are a much mordylikeplanation for GWI/MetroPCS’s license
clusters??

8.4 Bankruptcy and Moral Hazard / Adverse Selection

This paper stops at the C block auction and does not congidesutcomes of bidders after they won
their licenses and became mobile phone carriers. In faatieadiscuss in Section 2.1, many winners
were unable to both repay the FCC and fund the enormous capitstments needed to operate a
mobile phone network. Zhéng (2001) analyzes a first-priategebid auction and suggests that bidders
may strategically anticipate the possibility of default. dn equilibrium with default and low interest
rates, bidders with less collateral bid more aggressivelyahse they will have less at risk in a state
of the world where default occurs. Default then leads to areem# selection problem where bidders
with fewer financial resources win more licenses. Zhéngsydhas similar observable implications to
the winners’ curse in common value auctions, where the winbidder is always the bidder who has
an overly ambitious signal about the value of the item foe saWe find evidence that bidders with a
stronger initial commitment to the auction won larger pagsaof licenses, which is consistent but not
confirmatory of theories about the winner’s curse and maxahhd due to bankruptcy protectigh.

5ODistinguishing between true complementarities and cateel preferences is important for auction design. Without
complementarities and ignoring strategic behavior, a secgl of separate ascending-bid auctions for each licersseemn
that all licenses are awarded to the bidders with the highestyncratic payoff. The simultaneous auctioning of @éhses,
as implemented by the FCC, is important mainly because opshential for true complementarities between licenses in a
package.

51Both ChaseTel and Carolina PCS sold their licenses to retimnriers before establishing serious market positiens a
independent carriers. A third top ten bidder won licensesnarrow, geographically contiguous band stretching fraatrdit
to Dallas, although this area is so diverse it is hard to éxpléth a geographic preferences explanation.

52Most of the winning bidders were large-scale investorsimglto operate outside their home regions. For example, one
of the largest winners in the continental United States vea®d in Puerto Rico.

531n a common values auction, bidders are unsure about theatue of the good. An ascending bid auction reveals a lot
of information about the signals other bidders have aboaivdiue of the good. By the end of the auction, bidders should
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9 Conclusions

The FCC auctions licenses to operate mobile phone carriegeadgraphic markets. An important
policy question is whether the geographic size of thesadies should be enlarged for future auctions.
Enlarging the size of geographic licenses will ensure thatian irregularities such as attempts at
implicit collusion do not dramatically restrict the abjlibf winning carriers to achieve economies of
operating scale and geographic scope.

We empirically examine the C block spectrum auction, wheds ffor the 89 winning bidders
totaled $10.1 billion. We estimate whether bidders’ camdition values are functions of proxies for
potential complementarities between multiple licensea winning package, and whether a proxy
for attempts at collusion make a package of licenses lesscate. Our main proxy for potential
complementarities is a measure of the population-weighisthnce between licenses in a package,
and our main proxy for attempts at intimidation is the higtof jump bids on a license.

The C block spectrum auction is a simultaneous ascendingpaubat lasted 184 rounds, had 255
bidders, and offered 493 licenses for sale. The equilibiarauch a complex dynamic game with
repeated interaction and multiple-market contact is natmand is not computable. Therefore, we
base identification on relatively weak conditions aboutitblkavior of agents at the end of the auction.
We assume that the auction creates a vector of prices whdvidaer would prefer to withdraw from its
winning licenses and bid on others at the end of the auctigstifying this assumption is the presence
of a rarely used withdrawal option in the FCC's rules.

We estimate bidders’ continuation values using a two-sidatching estimator. The estimator is
for a matching market with endogenous prices, but does rotlat on prices. Instead, the estimator
uses the revealed preference argument to state that theragemide sum of continuation values is
maximized at the closing set of license assignments. Tlmastr uses data on the characteristics of
winning bidders, winning packages, and hypothetical wigrpackages where the ownership of two
licenses has been exchanged between two bidders. Thusfitdgion comes from the joint incidence
of winning licenses within a package and the identities dfibrs. The objective function is compu-
tationally simple, and the estimator is semiparametrid} dses not rely on specifying a parametric
distribution for the error terms.

We find that our proxies for geographic scope and attempialidit collusion contribute strongly
to continuation values. Packages with one more previoug joichfor a license have a 7% lower con-
tinuation values. A one standard deviation increase in oarglementarity proxy raises total package
value by 33%. The fact that intimidation has the potentiaffect final license assignments means that

be pretty informed about the common value component, and iwheft of the winner’s curse probably reflects an aggregate
information shock, or raw uncertainty about the prospeectsnEw entrants in the mobile phone industry that cannot be
averaged out in an auction. Hong and Shum (2003) estimatatdef learning of bidders in the AB block spectrum auction
and find that bidders do shade their bid curves as rival biddeap out of bidding in the ascending auction. This shows tha
bidders do learn. Hong and Shum interpret their results ggesting bidders are symmetric, as their informationalvdrare
consistent with a pattern of arising from the same undeglyiistribution.

34



the auction may not succeed in producing an efficient outcorfieal structural payoffs (as opposed

to continuation values). Increasing the size of geograpibénses offered for sale may ensure that
the mobile phone industry realizes potential returns taygggehic scope without the need for costly
post-auction reorganization through mergers and resale.
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Figure 1: Map of the Licenses Won by The Top 12 Winning Biddard Bidders Who Won Only One
License
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Figure 2: Winning Bids by the Population of the 493 C Blockdneses
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Figure 3: Winning Bids per Resident by the Population of hixs with Fewer than 5 Million Residents
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Figure 4: Map of the Price per Resident for Licenses
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Figure 5: Map of the Population Density (residents/km) ef Bxpected C Block Buildout Area
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Table 1: Characteristics of Winners and non-Winners of Bge& in the Continental United States

Winners non-Winners
Characteristic Mean | Stand. Dev.| Mean | Stand. Dev.
Initial Eligibility (millions of residents) | 9.77 27.2 5.15 185
Assets ($ millions) 131 218 12.3 18.8
Revenues ($ millions) 40.7 67.8 39.9 72.3
# of licenses won 5.3 7.1 0 0
# of licenses ever bid on 38.5 70.6 14.8 44.2
# of bidders 85 170
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Table 2: Total Closing Prices and Population Charactesisif 85 Winning Packages

Characteristic Mean | Standard Deviation Min Max

Total price ($millions) 116.2 496.1 0.102 | 4,201

Total population in 1994 (millions) | 2.91 10.93 0.027 | 93.8
% of Households with Income > $35K 46.0 6.9 28.9 | 62.5
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Table 3: Within-Package Weighted Mean Number of Jump BidRiedl Bidders

Characteristic| Mean | Standard Deviatior] Min | Max
Jump bids (#)| 2.60 2.43 0 15
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Table 4: Within-Package Population Weighted Means of Gagalgc Scope Proxies

Characteristic Mean | Standard Deviation Min | Max
Population / distance two markets in a packgg6.00601 0.0151 0 0.115
(millions of people/distance in km)
Trips between markets in a package 53.2 311 0 2660
in the American Travel Survey
Total trips between airports in markets 26.1 112 0 912
in a package (thousands)
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Characteristic Q) 2 3) (4)
Total population in 1994 (millions) 1 1 1 1
Households with income >$35K (%) 6.12 -1.21 -1.02 -1.24
(Binc) (4.59,18.1) (-1.27,-0.87) (-1.11,-0.876) (-1.31,-1.09)
Population-weighted mean of distance synergies 26.93
(millions/kilometers) (Bsyn) (22.7,44.4)
Population weighted mean of within-package 0.0000616
airline travel (thousands per ye&Byyn) (-0.0000250,0.0000218
Population weighted mean of within-package 0.000934
household trips from the AT&Bsyn) (0.000415,0.00267)
Population weighted mean jump bids (#) -0.0646 -0.0697 -0.0835
(Bjump) (-0.0755,-0.0544) (-0.101,-0.0653) (-0.184,-0.0782)
Quadratic term in resident quality -0.00440 -0.00145 -0.00593
(Bsq) (-0.00580,-0.00350 (-0.00614,0.00899) | (-0.00844,0.000626
% Score of Correct Predictions in Objective Functipn 36.9% 95.2% 83.5% 85.4%
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