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Abstract. When users click on poor quality advertisements, there is
a hidden cost to the search engine due to the user dissatisfaction (for
instance, users are less likely to click on ads in the future). We describe
how to incorporate hidden costs into the GSP auction for internet ads
such that it is in an advertiser’s self interest to create a user experience
that maximizes efficiency.

1 Introduction

In sponsored search, the behavior of users in the long run is endogenous: users
continue to click on advertisements only if on average the value that a user
derives from clicking on ads exceeds the cost of time required to click and to
evaluate the contents of the offer. Sometimes, the value of a click to a user may
be a large negative number (e.g. an unscrupulous advertiser may mislead an
unsuspecting user to infect his computer with spyware).

We consider that a user’s future propensity to click on ads is influenced by
his experience with past clicks. An ad with disappointing quality of landing page
imposes a negative externality on the search engine because the future stream of
revenue from a user is reduced by some amount (some of the future clicks are lost
since a disappointed user may learn to ignore ads). Of course, the externality
may also be positive. A good experience with an ad may train users to pay
more attention to other ads. We will refer to this externality as a hidden cost.
Obviously, if an ad’s hidden cost is greater than its bid, a search engine should
never show the ad. How should a search engine incorporate hidden costs into an
auction mechanism?

Our main contribution is the design of a mechanism that encourages adver-
tisers to create an experience for users that maximizes efficiency.

A classic method for encouraging or discouraging certain behavior towards
the social optimum is the Pigovian tax [26]. Pigovian taxes charge (or subsidize)
an agent its externality from the transaction (i.e. the effect on agents that occurs
outside of the transaction). A Pigovian tax causes an agent to internalize the
externality that he imposes by his actions on other agents, creating an incentive
for individual agents to take actions that maximize social welfare.

The concept of pricing externalities to encourage social welfare is one of
the key insights of economic theory [29, 3, 2]. For instance, the celebrated VCG
mechanism [31, 8, 16] builds on this idea.



A relevant example of Pigovian taxation is the market for renting space at a
shopping mall. That market has much in common with the virtual ”real estate”
allocated for ads on a search result page. The shopping mall owner, much like
a search engine, tends to allocate space to the stores that value space the most.
The auctions for sponsored search considered in the academic literature allocate
space based on the advertiser’s willingness to pay per click, sometimes adjusted
by ad clickabilty (the ads are ranked based on the product of the bid per click
and the probability the ad is clicked when it is seen). The current mechanism
charges higher prices for ads with low clickability but does not charge a higher
price for ads with high hidden cost. No model in the literature that we know
of incorporates hidden costs: usually advertisement specific information is the
expected clickthrough rate [30, 11, 1, 25, 21, 28, 17]. In the case of shopping malls,
reputable stores draw in customer traffic to the shopping mall, thus imposing a
long term positive externality on other tenants in the mall. These externalities
are huge, as apparent from the contracts between stores and mall operators: the
rent paid by premium brand stores may be a few times lower than the rent paid
by less reputable tenants [15]. This is because the shopping mall uses pricing to
attract tenants that will impose a positive externality on other tenants by cre-
ating more traffic. Exactly the same logic applies in sponsored search. To foster
efficiency, a search engine should encourage ads that give users a positive experi-
ence because it makes users more likely to click on other ads, thus enhancing the
value of the virtual real estate. However, at this time, the auctions for sponsored
search do not explicitly take into account the hidden costs that are created by
advertisers and the literature on sponsored search does not address hidden costs.
This causes a large inefficiency if the role of hidden costs in sponsored search
is comparable to the role of externalities in an off line retail environment. The
experience of shopping malls is not fully transferable to the sponsored search
environment, because the rental agreements for shopping mall space are nego-
tiated, while the ad space has to be sold via auction due to fluidity and the
high volume of small transactions in this market. Also, the nature and volume
of user traffic enables search engines to effectively measure the hidden cost of an
advertisement. We show how to incorporate hidden costs in the standard pricing
mechanism for ad auctions in a manner that fosters efficiency.

In addition to being connected with the literature on externalities, this paper
is also related to previous work in the field of marketing. A number of papers
study the role of the internet on consumer choices and firms’ pricing [9, 4, 10,
22]. It is widely appreciated that information obtained by consumers from the
internet plays an important role in their purchasing decisions, see for example,
[13]. The internet plays a key role in the marketing approach of advertisers,
for example, targeting advertisements to consumer segments within a market is
investigated in [18], where it is assumed that the cost of reaching out to con-
sumers in different segments is the same (the present paper shows that it is in
a search engine’s interests to make it cheaper for the advertiser to reach out to
the market segment that derives the greatest consumer surplus from the offer).
The marketing research also studies brand loyalty [23], the factors that influ-



ence a user’s propensity to search and click [19, 24], and the use of clickstream
data to increase our understanding of user behavior [14, 5, 12]. Unlike the afor-
mentioned papers, which focus on the decisions of consumers and advertisers,
this paper explores the decisions available to the search engine: namely, how to
acheive efficiency by incorporating the user experience into the determination of
which advertisements to show to consumers, and at what price. In [7], a similar
question is addressed but in the context of display advertising (as opposed to
sponsored search).

2 Hidden Cost GSP

We begin by describing the environment and then proceed to describe an auction
mechanism that incorporates hidden costs into pricing. We assume that an ad-
vertiser can make choices about his offerings that influence the value per click for
the advertiser and the user experience. For instance, an advertiser may choose
to make a misleading offer that leads to poor user experience but higher profit
or a more honest offer that may be somewhat less profitable. An advertiser may
also choose the price of the product that he sells. The lower the price, the better
the user experience. We denote the choice of the landing page for advertiser i by
qi (qi may belong to a finite set, for instance a binary choice of being explicit or
not being explicit about the shipping charges, or it can be a continuous variable
such as the price of a good or the cost of shipping).

The search engine allocates positions on a search result page to advertisers.
We assume that the number of clicks that an ad receives depends only on its
position. The number of clicks in position j is αj . Ads in higher positions receive
more clicks so that αk ≥ αk+1. The value that an advertiser derives per click
is denoted by si. The value per click may depend on the advertiser’s choice of
q and can be viewed as a function si(qi). The private values per click for each
advertiser are denoted with the set s, indexed by value so that sk ≥ sk+1. Let ri
be the rank of advertiser i (not necessarily the same as their value index), and
K be the total number of positions on the screen, where ads can be displayed.
The payoff of an advertiser is the number of clicks that an advertiser receives
multiplied by the value per click minus the total cost that an advertiser pays for
clicks. That is, advertiser payoff = si(qi)αri − payment.

We assume that an advertiser’s choice of q imposes an externality on the
search engine’s long term health. The hidden cost per click is denoted by hi =
h(qi). The hidden cost for advertiser i can be thought of as the change in future
revenues due to the change in a user’s propensity to click caused by clicking on
an ad published by i. An ad that reduces a user’s propensity to click will lead to
a positive hidden cost (likewise, an increase in future clicks leads to a negative
hidden cost). With this interpretation, a search engine can statistically infer a
hidden cost of an ad without examining the contents of an advertiser’s offer. In
light of this, our model assumes that hidden costs are common knowledge for
both the advertiser and the search engine. The efficient advertisement quality,
that is beneficial to the search engine but gives equal weight to the cost for the



advertiser i, is q∗i = arg maxq si(q)− h(q). We design a mechanism that (i) for a
given vector of offers q orders ads efficiently (ii) incentivizes advertisers to make
the efficient choice of offerings q∗i . More formally,

Definition 1. Efficiency with hidden costs. For ranks and qualities ri, qi,∀i ∈
I, efficiency is

∑
i(si(qi)− h(qi))αri .

The generalized second price auction (GSP) is defined in [11, 30]. We describe
it here for completeness. Given a set of bids bi and clickabilities ci, ∀i ∈ I, ad-
vertisers are ranked according to their bid times clickability. For ease of notation
we assume bidder i is ranked ith and bidder i charged a price per click of bi+1ci+1

ci
(if there are not strictly more bidders than slots we add imaginary bidders with
bids of zero). In words, their price per click is the smallest bid amount needed to
maintain their position. If all advertisers have identical clickability, i.e. ci = c for
every advertiser, then advertisers are ranked according to their bids and charged
the bid of the advertiser ranked immediately below. Note that the GSP design
does not penalize advertisers with high hidden costs and thus does not lead to
an efficient outcome in an environment with hidden costs. Here we describe a
modification of GSP that yields an efficient outcome (in the sense of the above
definition). To keep notation as simple as possible we will assume the clickability
values are all 1.

Definition 2. Hidden Cost GSP: Mechanism M′. Auction M′ on bids
and qualities bi, qi,∀i ∈ I is as follows:

1. ∀i ∈ I, b′i = bi − hi.
2. Run the generalized second price (GSP) auction on b′i.
3. ∀i ∈ I, add hi to the price per click of bidder i. Leave the ranking from GSP

in Step 2 unchanged.

Mechanism M′ differs from GSP. It subtracts and adds hidden costs before
and after (respectively), running GSP. Note that the environment described here
is different from the standard models for sponsored search environments [28, 21,
30, 11] because an advertiser controls two input values to the mechanism, bi and
qi. Despite these differences, M′ maintains many of the attractive properties of
the GSP auction, namely there exists an equilibrium solution that has maximum
efficiency. Also like in GSP, the bid is a tight upper bound on an advertiser’s
payment per click in the mechanism M′.

Theorem 1. Mechanism M′ implements an efficient outcome.

To prove Theorem 1, we start out by defining VCG and proving some prop-
erties of the VCG solution. We then draw conclusions about the GSP auction
based on previous work relating it to VCG. Finally, the properties of GSP are
used to prove properties of the mechanism M′.



2.1 VCG for Sponsored Search

The VCG auction collects all bids and assigns position k to the bidder with the
kth highest bid. Each bidder is charged the loss in other’s efficiency created by
their presence. Again assuming bidders are indexed by their positions, the VCG
price charged to bidder i is

∑K
j=i+1 bj(αj−1 − αj), where K is the number of

total positions available.
We denote the total VCG payment for the advertiser ranked kth highest in

s with t(s,α)
k . Let r be a ranking function such that r(u, s) is the rank of value u

if it were to be inserted into the set s. Similarly, r−1(r, s) is the value at rank r
in vector s. We prove the following property of the VCG outcome:

Lemma 1. For any set of values V , argmaxv∈V (v·αr(v,s)−t
(s+v,α)
r(v,s) ) = maxv∈V v.

In words, given a choice of values per click, an advertiser’s utility in the VCG
outcome is highest if they choose the highest value per click.

Proof First, we show that for the VCG outcome, the higher an advertiser’s
value, the larger their utility. By definition, sk−sk+1 ≥ 0. Multiplying by αk and
adding sk+1αk+1 − ts,αk+1 to both sides, we see that the utility of the advertiser
with the kth largest value is larger than the utility of the advertiser with the
k + 1th largest value.

Take two potential values, u > w for an advertiser i. Let x be the value of
the advertiser at rank r(w, s) in the set of values s + u (this is analogous to
taking the value of the advertiser ranked immediately above w in s + w). For
conciseness, ∆αk = αk − αk−1. Using value u gives utility

uαr(u,s)−
k=r(u,s)∑
k=P+1

∆αkr
−1(k−1, s+u) ≥ xαr(w,s)−

k=r(w,s)∑
k=P+1

∆αkr
−1(k−1, s+u).

Since both w and u are ranked higher than any value of k in the summation,

k=r(w,s)∑
k=P+1

∆αkr
−1(k − 1, s+ u) =

k=r(w,s)∑
k=P+1

∆αkr
−1(k − 1, s+ w).

Because w is ranked lower than x in the set of values s+ w,

xαr(w,s)−
k=r(w,s)∑
k=P+1

∆αkr
−1(k−1, s+u) ≥ wαr(w,s)−

k=r(w,s)∑
k=P+1

∆αkr
−1(k−1, s+w).

Combining the inequalities, we see that the larger value u brings higher utility
in VCG than the lower value w. �

We define b(s, α, u) to be
ts,α
r(u,s−u)

αr(u,s−u)
. The function b relies on the rankings and

pricing that VCG outputs (based on s and α).



2.2 Relating VCG to GSP

The following Lemma restates the results from [11], which we will use to prove
Theorem 1.

Lemma 2. All bidders i bidding b(s, α, si) is an envy-free bidder optimal equilib-
rium. Furthermore, the ranking and the price charged to each bidder is equivalent
to the ranking and price charged to each bidder in the VCG mechanism.

Corollary 1. Since in the bidder optimal equilibrium in GSP advertisers receive
the same utility as in VCG, an advertiser with a choice of values per click receives
highest utility in the bidder optimal equilibrium by bidding their highest choice
of value.

Although there exist other equilibria, it is reasonable to expect the auction
to converge to the bidder optimal equilibrium. The result in [11] describes a
generalized English auction that leads to the bidder optimal equilibrium. Also,
in [6], it is shown that there exists a simple greedy bidding strategy that leads
to the bidder optimal equilibrium. For simplicity, we assume there is only one
bidder optimal equilibrium solution, since ties can be broken according to a
predetermined ordering.

To show the efficiency of M′, we first prove the efficiency of M.

Definition 3. Mechanism M. Auction M on bids bi,∀i ∈ I is as follows:

1. Run the generalized second price (GSP) auction on bi.
2. ∀i ∈ I, add hi to the ppc of bidder i. Leave the ranking from GSP unchanged.

Theorem 2. All bidders i ∈ I implementing websites with quality q∗i and sub-
mitting bids b(s(q∗i )− h(q∗i ), α) is an equilibrium point for mechanism M. Fur-
thermore, this equilibrium point has maximum efficiency.

Proof For a fixed quality qi, the utility of advertiser i in auction M is
(s(qi) − h(qi) − pi)αi, where pi and αi are the price and clicks allocated by
GSP. By Lemma 2 and the definition of function b, the bid b(s(qi) − h(qi), α)
must maximize (s(qi) − h(qi) − pi)αi in the bidder optimal GSP outcome. By
Lemmas 1 and 2, the value of qi that maximizes (s(qi) − h(qi) − pi)αi is q∗i .
The bidder optimal GSP outcome, since it ranks by s(q∗i ) − h(q

∗
i ), maximizes∑

i αi(s(q
∗
i )− h(q

∗
i )). �

Corollary 2. All bidders i ∈ I implementing websites with quality q∗i and sub-
mitting bids b(s(q∗i ) − h(q∗i ), α) + h(q∗i ) is an equilibrium point for mechanism
M′. Furthermore, this equilibrium point has maximum efficiency.

Since the addition of h(q∗i ) is immediately subtracted in the first step ofM′,
and the utility of the bidder is unchanged from M, the maximizing behavior of
the bidder is unchanged from Theorem 2.



3 Conclusion

The experience of users is a crucial component for the success of any website.
Many leading search engines emphasize the importance of creating a positive
user experience, yet fall short of explicitly incorporating the user experience into
the auction mechanism (we point out that creating a positive user experience is
more general than displaying relevant results). We have presented an approach
for incorporating this vital aspect into the current auction mechanism.

An area of future work is to design algorithms that accurately measure hidden
costs. We envision that initially, an ad’s hidden cost will be determined based
on the contents of the ad using machine learning and other techniques. As an
advertisement develops a history, the hidden cost estimates will be updated and
become more accurate. There are several interesting challenges in creating and
maintaining accurate estimates of the hidden costs. For example, there is the
issue of how to prevent advertisers from entering as a new advertiser with a new
advertisement if they have developed high hidden costs, while still maintaining
accurate hidden costs for entering advertisers. We anticipate that accurately
measuring hidden costs will be a rich and complex area of future research.

Finally, hidden costs address a specific type of externality for an ad, namely,
the impact on the search engine’s future revenue. In addition, there are other
types of externalities created by an ad such as it’s influence on the branding
effectiveness of other advertisements [27, 20].
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