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Introduction

@ Motivation:

o observed reserve prices are substantially lower than the theoretically
optimal ones

@ Research question:
o Can sellers use reserve prices to substantially raise revenues?
e Contributions:

o large-scale “sponsored search” auctions field experiment
@ reserve prices in auctions can play a role in raising revenues
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Sponsored Search Auctions

@ Internet users get matched sponsored links (eg: Google Ads) after
searching for some keywords
@ The advertiser pays the search engine if users click the sponsored link
to its Web page
o Different positions of an ad have different desirability for advertisers
@ "“Generalized second-price” (GSP) auction
e advertiser with ad position i pays the bid of the advertiser in position
i+1
e equivalent to standard second-price auction if one ad position per result

page
o GSP generally does not have an equilibrium in dominant strategies
e truth-telling is not an equilibrium of GSP
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@ Assumptions:

e assume that the virtual valuation is an increasing function
e assume that bidders are symmetric

@ GSP with reserve price r*is a revenue-maximizing mechanism

o bidders with values less than r*will receive no clicks
e among the bidders with values greater than r*, the ones with higher
values will receive higher positions
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The Impact of Reserve Prices on Revenues

@ In single-object auctions, reserve prices only play an important role if
the number of bidders is small.

e intuition: reserve price r only has a positive impact when one bidder's
realized value is above r and the other bidders' values are all below r,
and the probability of this event becomes small as the number of
bidders increases

@ However, in multi-unit auctions, reserve prices retain their power for
much higher number of bidders.

e intuition: when positions are enough for bidders, without reserve price,
the auctioneer’s revenue would be zero
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Lognormal Distribution Assumption

Table 2: The impact of optimal reserve prices, lognormal distribution

Bidders r=0 r=0.10 r=1023) r=037
n=12 0.08 0.22 0.32 0.34

1% 6344 0301 100%
n=0 .68 0.78 087 091
5% 861 067 100%
n=10 14 L2 133 1.36
01% 04% 0877 100
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Simplifications for Estimation

@ Each ad's probability of being clicked is the same and the ads are
ranked solely bosed on bids.

@ The same “click-through rate (CTR) curve” was used for all keywords.

@ The values that advertisers assigned to clicks did not depend on
where on the screen the ads were shown or on which or how many
other ads appeared on the screen.

@ The bids of the advertisers on a keyword reflect only their value of a
click from this keyword and the balues of other advertisers bidding for
that same keyword

@ The “theoretical optimality” of the computed reserve prices ignores the
dynamic aspects of the real-world

@ cannot claim consistency but can be viewed as sufficiently robust
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Full Sample Results

Table & Full sample

Varlabl Ve tstatstic — pvele
Numher of heywords T - feament group) 65

Nuber of kevwords (- contol gro)| ANl

(Vean change in deh i T)-{mee change i cepthin 1 0915 8033 <0001
(Ve change i reveme in T)-{mean change i revene i € 12865 169 00015
Fstonated supact of reserve prics o1 pevennes DO AT <00
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Results by Search Volume

Table 5: Restricted sample (keywords with fewer than 10 searches per day)

Variable Vihie t-statistic  p-value
Number of keywords (T - treatment group) 382 860
Number of keywords (€ - control group) 20,133
(Mean chiange in depth in T)~(mean change in depthin C) 08039 -7553 < 0,0001
(Mean change in revemne in T)~{mean change in revene in C) 10,33 119 0.2354
Estimated impact of reserve prices on revenues S00% <236 0018

Table 6: Restricted sample (keywords with at least 10 searches per dav|

Variable Value  t-statistic — p-value
Nuber of keywords (T - treatment group) N2
Nunber of keywords C - control group) 2883
(Mean change in depth in T)~(mean change in depthin C) ~ -0971 2807 < 0.0001
(Mean change in revene in T)~(mean change in revemue in ) 14.03% 15 01316
Estimated impact of reserve prices on reventes 3.30% 232 0.0201
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Experimental Results by Reserve Price Level

Table 7: Restricted sanple {optimal reserve price < 20¢)

Variable Value  t-statistic — p-value
Nuber of keywords (T - treatment group) MU
Number of keywords (C - control group) 11,613
(Mean change in depth in T)~(mean change in depthin €}~ -0.8612  -60.29 < 0.0001
(Mean chenge in revenve in T}~ {meen change in revenue in ) -1188% =245 0.0144
Estimated impact of reserve prices on revenies 909%  -1L1 <0.0001

Table 8: Restricted samuple (optinial seserve price > 20¢)

Variable Valie t-statistic  p-value
Number of keywords (T - treatment group) 216,383
Number of keywords (C - control group) 11401
(Mean change in depth tn T)~{mean change in depthin C) 09664 53,09 < 00001
{Mean change in revemue in T)—(mean change in revenne in ) 1450% 170 0.0736
Estimated impact of reserve prices on revenues 3.30% b4l <0001
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Experimental Results by Number of Advertisers

Table 9: Restricted sample (average depth < 5.5)

Variable Value  t-statistic — p-value
Nuntber of keywords (T - treatment group) NTIRT
Nuuber of keywords (C - contral group) 11,205
(Mean change in depth in T)-(mean change in depthin C) — -0.9332 7766 < 0.0001
(Mean change in revenue in T)~{mean change in vevenne in C) ~ 5.50% 138 (1142
Estimated impact of reserve prices on revenues 10.06% 729 <0.0001

Table 10: Restricted sample (average depth > 55)

Variable Value  t-statistic ~ p-value
Number of keywords (T - treatment group) PR
Number of keywords (C - conrol group) 11811
(Mean change in depth in T)~{mean change in depthin C) — -09113  -5203 <0,0001
(Mean change in reveme in T)~(mean change in revemie in ¢ 10.4% 125 02102
Estimated impact of reserve prices on tevenies 254% 350 <0.0003
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Conclusion

@ Setting appropriate reserve prices can lead to substantial increases in
auction revenues.

@ The theory of optimal auction design is directly applicable in practice.

Yifang Guo (Duke University) Internet Advertising Auctions Nov. 10, 2011 17 / 17



	Introduction
	Theory
	Experiment
	Conclusion

