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ABSTRACT This paper examines the role of quality score in ad auctions. Many search engines and other ad auction use a quality score to favor certain advertisers in the auction. The typical justification for quality score is the need to favor advertisers with higher click-through rates. This work examines the impact of different forms of quality scores on advertiser’s quality investments. The results suggests that quality score plays an important role in providing incentives to advertisers to invest. Often a type of quality score that is stronger than one that only estimates click-through rates is optimal. Such a quality score not only increases advertisers qualities, but in turn raises the auctioneer’s revenue. These results are stronger when there are (i) more advertising slots, (ii) when these slots are similar, and (iii) when quality investments are expensive.
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1.



Yi Zhu



INTRODUCTION



Search engines and other online ad auctions such as Google’s Adwords platform increasingly rely on the so called quality score to determine the order in which advertisers will be displayed and how much they will be charged. When advertisers submit bids for their paid links to be displayed, the ad auction does not simply rank them in the order of their bids, but multiplies the bids by a formula measuring how useful and relevant the link itself and the landing page are to consumers. This multiplier is called quality score and it plays a crucial role since it can significantly increase or decrease a bidder’s position or cost. If an advertiser has a ∗The two authors contributed equally and are listed in an alphabetical order. †Preliminary version. All comments welcome.



higher quality score, this advertiser could get a better position or pay less for obtaining the same position. Currently, two major search engines, Google and Yahoo, both use the quality-based ranking system and Bing has announced plans to introduce quality score. It is interesting that while the auction rules are typically clearly described by the auctioneers, the exact calculation of the quality score is unknown to the public (including bidders). Based on Google’s description, there are a number of factors determining an advertiser’s quality score, including the historical click-through rates (CTR), the quality of the landing page and other factors. The exact formula, however, has not been revealed to advertisers. The literature on ad auctions typically acknowledges quality score and treats it as a way to estimate the CTR that a certain link will get and, therefore, by multiplying the bids by the appropriate CTRs, the auctioneer can maximize profits by awarding the top spot to the link that will bring in the highest total revenue. However, search engines seem to do more than that. Based on Google’s own website, it uses quality score to measure how relevant an advertiser’s ad, keyword or landing page are. This, in turn, will reward high quality bidders more than their CTR will. The conventional wisdom in the search advertising industry is that high quality sponsored links and landing pages will increase consumers’ incentives to click on sponsored links. For example, according to Wikipedia, the primary reason for search engines using quality score is to ”improve the experience of users who click on sponsored links. It is reasonable to assume that users who have a great experience when clicking on ads will click on them more frequently, thus increasing advertising revenues for the search engine.” Although the claim seems plausible, we believe it does not capture the full picture. If consumers do not have a prior impression about the content in an advertiser’s site, the incentive for consumers to click on the particular sponsored link is decided by whether the text ad matches consumers’ desire. However, a better landing page only increases the conversion rate but not di-



rectly the clicks on sponsored links and therefore Google’s revenue. In order to understand the caveats of quality score and its implications on search engines and advertisers, we believe it is necessary to study the long term dynamics of the system and model how advertisers invest in their site quality before bidding for advertising spots. We set up a model in which the amount of revenue an advertiser makes from a click on a sponsored link is dependent on an initial quality investment. Once these quality investments have been made and web sites have been fully developed, advertisers submit bids to the search engine. We show that if the auctoneer sets up a quality score system that rewards high quality bidders in excess of their CTR, advertisers will have higher quality sites than in a setting where quality score purely estimates CTR. In addition, auctioneer revenues can also be increased by such rewarding quality score, but not always. In particular, such a strong quality score is beneficial to the auctioneer when there are (i) more advertising slots, (ii) when these slots are similar, and (iii) when quality investments are expensive. The intuitions behind our results is the following: although a website with better quality does not necessarily attract more clicks in short run, it does raise the advertiser’s willingness to pay for a click in the long term because a high quality website converts more consumers. As a result, increased valuations will drive up bids which might increase the search engine’s revenue, but only if the rewards the search engine gives to higher quality sites does not offset the increase in bids. In particular, when there is only one link to bid for, the winner’s valuation may be increased by a potential reward, but the price it pays and therefore the revenue the search engine receives is based on the losers valuation that is not changed. Therefore in the case with only one link, the reward itself decreases the search engine’s profit. However, as the number of sponsored links increases, the positive revenue effect from increased bids will overcome this loss.



2.



RELEVANT LITERATURE



Academic interest in online search has expanded proportionally to search engine revenues. Edelman, Ostrovsky, and Schwarz (2007) and Varian (2007) are two pioneer papers which independently analyzed the auction mechanisms and equilibrium used by Google and Yahoo (known as the “Generalized Second Price” auction, or “GSP”). They both proposed symmetric Nash Equilibrium concept to refine the multiple equilibrium in GSP auction. Borgers et al (2008) found the GSP auction is not an efficient allocation mechanism. Chen and He (2006) and Athey and Ellison (2008) studied how consumer searching affects search advertisers’ keyword bids.



An important aspect in search advertising is organic versus sponsored links Katona and Sarvary (2010) examined the interplay between organic and sponsored search links and showed that advertiser’s bidding incentives heavily depend on organic links. Taylor (2010) found a cannibalization effect between organic and sponsored links that decreases search engine’s incentive to provide high quality organic link. Xu, Chen and Whinston (2009) presented a game theoretical model to capture the impact of organic listing on advertisers’ competition and search engine revenue. White (2009) found search engines do have an incentive to offer organic links although it wouldn’t bring in any financial interests. Another rearch stream is to understand the new pricing metrics used in search advertising. Zhu and Wilbur (2010) modeled the hybrid advertising auction used by Google and Facebook, in which each advertiser may choose a per-click or per-impression bid. Dellarocas (2010) found Pay-per-Action (PPA) auction will cause the famous double marginalization problem between advertisers and search engines, since PPA auction charges advertisers based on actions. This paper proposed two mechanisms that can mitigate the price distortion due to PPA auction. Liu and Viswanathan (2010) compared the performance of different payment schemes in search advertising when both advertisers and search engine are facing uncertainty. Several papers studied the impact of advertisers’ quality on search advertising auctions. Even-Dar et al. (2007) examined how to incorporate searcher and keyword characteristics into advertising auction. Abrams and Schwartz (2008) designed an auction to account for the hidden cost of advertisers providing poor user experience. Feng and Xie (2007) found position auctions might fail to signal the advertisers’ quality. Jerath et al (2011) found high quality firm might position lower in search advertising and search engine could benefit from that. To the best of our knowledge, this study is the first one addressing the connections among the design of quality score, landing page quality and search engine profits.



3.



MODEL



We model an ad auction with n positions and at least n advertisers. The ads are displayed as links on a webpage by the auctioneer where consumers can click on them and reach the advertisers’ landing pages. We assume that advertisers submit bids on a per click basis and are assigned their slots accordingly, such as, the sponsored links on a search results page. Since bidders pay for each click, the click-through-rates (CTRs) play an important role in this setting. A link’s CTR depends on both its position and on which bidder it belongs to. Let γ1 > γ2 > . . . > γn de-



note the slot-specific CTRs that simply measure the effect of a link position. The actual CTR of a link belonging to advertiser j in position i will be γi cj , where cj denotes the advertiser-specific CTR that measures the relevance of the ad posted by the advertiser. It is easy to see that in order to maximize the immediate income in an ad auction it is optimal for the auctioneer to rank bidders according to cj bj , where bj is the per-click bid submitted by advertiser j. Therefore, the standard explanation for the existence of quality score is that it controls for the click-through rate, making sure that more visible slots go to frequently clicked advertisers to maximize revenue even if their bids are not the highest. In this paper, we assume that the quality score does more than that and assume a general formulation. Let sj denote the score assigned to bidder j by the auctioneer. The bidders are then ranked according to sj bj and using the standard generalized second price auction setting, bidder j pays sskj bk , where k is the bidder in the next position. The most important feature of our model is that before the ad auction takes place, advertisers have to invest in their quality to attract consumers and generate revenue. Advertisers make money from visitors that arrive from the ad auction. We assume that advertiser j has a net income of vj per visitor (per click on its ad). However, vj is not exogenously given, but is a function of the investment (effort) that the advertiser makes upfront: vj = vj (ej ). The investment improves the quality of the site potentially resulting in a higher conversion rate and therefore higher net revenue, that is, vj () is increasing. Such an investment effort may also impact the CTR of the ad belonging to the bidder, that is, cj = cj (ej ) is also assumed to be increasing. The cost of an investment is Kj = K(ej ). The profit of advertiser j is therefore   si+1 bi+1 − Kj , πj = γi cj vj − sj when its ad is in position i. The timing of the game is the following. In the first stage, bidders simultaneously make their investments to build up quality. In the second stage they participate in the auction and generate revenues. To achieve tractability throughout our analysis, we use a reduced form auction where each advertiser bids its valuation for a click, vj (). Note that truth telling is not necessarily the equilibrium in generalized second price auctions, but we use this as an approximate solution to concentrate on the effects of investment.



4. EQUILBIRUM ANALYSIS 4.1 Functional Forms Our goal is to determine how the quality score functions chosen by the auctioneer will affect quality investments and



therefore revenues of the bidders and the auctioneer. In order to derive a closed form solution, we make certain assumptions on the functional forms in our model. We assume that cj (ej ) = (q0 + ej )c , vj (ej ) = (q0 + ej )v , Kj (ej ) = kej , where q0 is the baseline quality that a site possesses without any investment and kj is a cost scaling parameter. We use the shortcut qj = q0 + ej to denote the quality of a site j. Quality, in this case, is a simple linear function of quality investment. To analyze the auctioneer’s quality score policies, we allow for the following forms of quality score sj (qj ) = qjs , where s measures how strongly quality is rewarded. As discussed before, a standard function of quality score is to correct for click throughs, which would correspond to s = c. Thus, we only examine the case when s ≥ c to always account for this basic function. Using the above formulation, we can derive the profit of advertiser j in position i:   (ql )s b − k(qj − q0 ), πj = γi qjc qjv − i+1 (qj )s where l denotes the advertiser in position i + 1. Note that there are two benefits of investing in quality. On the one hand, an investment increases the click throughs and the amount the advertiser makes from each click. On the other hand, it increases the likelihood of the advertiser getting into a good position and reduces the payment. When s = c, that is, quality score only accounts for the CTRs, the latter effect is canceled out. The main benefit of investing is thus the increase in revenues which amounts to qjc+v . Note that we employ a linear cost function, therefore the treshold above which advertiser will invest in quality is c + v = 1. Above this value, they will want to infinitely invest and below this they will not want to invest. When c + v = 1, it will depend on the specific slot they are, and on the cost parameter. but this is the tipping point. Since this is clearly the tipping point between investing or not, we assume c + v = 1 and examine how s > c changes the level of quality investments. To obtain an interior equilibrium, we assume γi < k < (s + 1 − c)γi for every i ≤ n pair.



4.2



Quality Investments



Below, we determine the pure-strategy Nash equilibria of the investment game.



Proposition 1. If s > c then there exists an asymmetric equilibrium such that  1 n  Y (s − c)γj s+1−c qi = q0 k − γj j=i



for i = 1, . . . , n and qi = q0 for the rest. If s = c all qualities are qi = q0 . The equilibrium is unique up to the order of bidders.



The game only has asymmetric equilibria with identical players investing different amounts in quality. Once the qualities have been set by players, the outcome of the auction is determined, since higher quality advertisers will have higher valuations. The equilibrium is unique in describing quality levels, but any advertiser can end up with the highest quality. To simplify notation, we assume that site i ends up in position i. That is, q1 ≥ q2 ≥ . . ., The results on the quality levels tell us that when the quality score favors high quality bidders in excess of just compensating for CTRs (s > c) then n bidders will invest positive amounts in quality. When s = c (or even when s < c) no bidders will invest in quality and will have the baseline quality level q0 . When the quality score only compensates for CTR differences, the internal benefit of investing in quality is not high enough to make an investment. However, when high quality sites benefit from the quality score by having to pay less for each click they have an extra incentive to invest. The amount of investment depends on how steep the quality score function is. It is clear that quality levels only depend on s − c, that is, on the extra benefit of quality score over CTR correction. We use ∆ = s − c to denote this quantity. Figure 1 shows a setting with four ad positions and how the qualities change with ∆ and are compared to the no investment case (∆ = 0). One can see that although a positive ∆ leads to an increase in qualities, there is an optimal level above which qualities are reduced.



Corollary 1. The quality score function that maximizes qi is given by the fraction qi+1 1



∆∗i = W







γi (k−γi )e



,



Figure 1: Quality investments of the different bidders as a function of the quality score strength measured by ∆. q0 = 1, γ1 = 1, γ2 = 0.9, γ3 = 0.85, γ4 = 0.75, k = 1.05.



4.3



Auctioneer Revenues



We have shown that quality scores clearly have a positive effect on quality investments that advertisers make. This might be in itself important for the auctioneer. For example, a search engine is concerned about the relevance of the links it displays, including the sponsored links. Not to mention the possibility that higher quality advertisements make consumers click on ads more frequently in the future, leading to higher CTRs in the future. However, these improvements come at a cost to the auctioneer, since an rewarding quality score means that advertisers pay less for the clicks. In this section, we examine how the auctioneer’s revenues are affected by the extent to which it rewards high quality (measured by ∆). The auctioneer’s revenue is ΠA =



n X



n



γi ci



i=1



∆∗1



∆∗2



where W () is the Lambert W-function, yielding ≤ ≤ . . . ≤ ∆∗n . The quality score function that maximizes a linear combination of qualities is given by a ∆∗ that satisfies ∆∗1 ≤ ∆∗ ≤ ∆∗n .



X si+1 s+1−c γi qic−s qi+1 . bi+1 = si i=1



Plugging the equilibrium qualities from Proposition 1, we obtain the equilibrium revenue as Π∆ A = q0



n X i=1



 γi



k − γj γj ∆







∆ 1+∆



  1 n Y 1+∆ γj ∆ k − γj j=i+1



when s > c. In the case of s = c, we have We can see from the above results, that to maximize the quality of advertisers in top slots, the auctioneer needs to employ a less accentuated quality score function then to maximize advertiser qualities in bottom slots. The optimum for any linear combination, for example, for the sum of the qualities is between the optimum for the first and last slot.



Π0A = q0



n X



γi



i=1



Let ∆∗ describe the quality score function that maximizes Π∆ A.



Figure 2: Auctioneer revenues from the different advertising slots as a function of ∆ compared with the case of ∆ = 0. q0 = 1, γ1 = 1, γ2 = 0.9, γ3 = 0.85, γ4 = 0.75, k = 1.05 Proposition 2. If n ≥ 2, there is an ε > 0 such that if γ1 − γn < ε then



Figure 3: The auctioneer’s total revenue as a function of ∆ compared with the case of ∆ = 0. q0 = 1, γ1 = 1, γ2 = 0.9, γ3 = 0.85, γ4 = 0.75, k = 1.05.



costs. Figure 3 illustrates the total revenue from all the slots, comparing it with the baseline case in which quality score only corrects for CTRs.



∗



0 Π∆ A > ΠA .



If n = 1,



0 Π∆ A < ΠA



However, a quality score function with ∆ > 0 is not always better the baseline one with ∆ = 0. Figure 4 shows that when the auctioneer’s slots are sufficiently different, then it is possible that its revenues are lowered by any quality score that rewards quality more than to the extent of the expected CTR.



for any ∆ > 0. The proposition tells us that when there at least two advertising slots that are not too different, then it is beneficial for the auctioneer to reward quality more than just correcting for CTRs. Figure 2 illustrates the auctioneers revenues from the different slots. It is clear that the auctioneer loses on the last slot, since it lowers the payment of the bidder in that position without any benefit. This explains why the auctioneers loses with a strong quality score when there is only one slot. When there are at two slots, however, a strong quality score incentivises the last bidder to invest more in quality, which in turn increase its bid and potentially increases the revenue that the auctioneer gets from the second to last slot. The same effect is true for all the slots above: a reward for quality comes at a cost, but increases the revenue from the slot above. Whether the positive effects outweigh the negatives depend on the parameters, but when the slots are very similar in terms of click potential, the benefits outweigh the



To further examine the comparative statics, we assume n = 2 and study a setup with two links. The auctioneers profit in this case is "   ∆   ∆   1 # 1+∆ k − γ2 1+∆ k − γ1 1+∆ γ2 ∆ ∆ + γ1 ΠA = q0 γ2 γ2 ∆ γ1 ∆ k − γ2 We have seen that when γ1 and γ2 are close, then the auctioneer’s revenue is higher with a suitable positive ∆, than with ∆ = 0. Now, we examine how the difference of the slots affects the optimal quality score and the auctioneer’s revenues. We normalize γ1 + γ2 to 1 so that one parameter captures the difference. When γ1 = 0.5, the two slots are equally good, but as γ1 increases so does the difference.



Corollary 2. If γ1 = 1 − γ2 , then the ∆∗ describing the optimal quality score function increases with γ1 . The ∗ auctioneer’s optimal revenue, Π∆ A is decreasing with γ1 .



Figure 6: Total aucitioneer revenue as the difference between slots increases. q0 = 1, k = 0.55 Figure 4: Total auctioneer revenue under different γ2 values. q0 = 1, γ1 = 1, γ2 = 0.95, k = 1.05.



As Figure 5 illustrates, the corollary shows that when the two ad slots are more similar, the auctioneer does not need to reward quality as strongly as when the two slots are different. The reason is that the bidder obtaining the second slot has more at stake when the slots are similar. Therefore, even a small incentive will result in a relatively high quality investment that causes the auctioneer’s revenues to increase from the first slot. When the slots are different the second bidder needs more incentives to invest. The cost of these incentives to the auctioneer will decrease revenues, that is why the optimal revenue decreases as the difference between the slots increases, as seen in Figure 6. In addition to the visibility and potential clicks on the advertising slots, bidders’ investment costs also have an important effect on the optimal quality score. Corollary 3. The ∆∗ describing the optimal quality score function increases as k increases.



Figure 5: Optimal ∆ as a function of γ2 . q0 = 1, γ1 = 1, k = 1.05



Similarly to the previous comparison, when bidders have a higher cost of investing in quality, they need bigger incentives to invest the same amount (see Figure 7). Therefore, higher costs necessitates more accentuated quality scores. This is an important implication, since auctioneers, such as search engines can adjust their quality score functions depending on the industry advertisers are part of. This results suggests that quality scores play an important role when quality investments are expensive. In this case, the quality score should strongly reward top advertisers. On the other



their competitors to invest either.



Figure 7: Optimal ∆ as a function of k. q0 = 1, γ1 = 1, γ2 = 0.95



hand, when advertisers can easily improve their sites and offerings, the role of quality score can simply be to correct for CTRs.



5.



CONCLUSIONS



We study the role of quality score in online ad auctions. When advertisers have to make costly quality investments, such scores can have an important role in providing incentives to invest. We show that often a quality score that favors high quality advertisers more than their expected clickthrough rate increases the auctioneers revenues, due to increased quality investments resulting in higher bids. We hope to contribute to the literature by identifying this important feature of the quality score that can impact both advertiser and auctioneers. Search engines and other hosts of advertising carefully design their auction mechanisms to allocate their available slots. Our results suggest that, in addition to maximizing short-term revenue, auctioneers should pay careful attention to providing incentives to advertisers to improve their sites and services. No matter how efficient the auction is at allocating slots and extracting surpluses, if bidders have low valuations due to a lack of incentive to improve. This is especially true when investments are costly. Furthermore, we show that it is in the auctioneers best interest to maintain slots that are not very different in terms of potential clicks, because it induces competition between advertisers. When some of the slots are not very valuable, advertisers obtaining those slots do not attain a high quality and thus do not force



The goal of this work is to identify the investment incentives that different types of quality score function provide. To obtain our results, we made a number of simplifying assumption and hence our model has various limitations. First, we made relatively restrictive assumptions on the functional forms in our model. Although it is difficult to solve the model for more general settings, we believe that our main results are robust to such modifications. In particular, we chose a linear cost function that is unusual, but starkly illustrates when advertiser will invest. Second, we do not fully model the bidding behavior in the auction. A vast amount of literature has examined this problem and since our focus is on the quality investment stage, we use a reduced form approximation to handle the auction. Third, we do not fully model the evolution of qualities, instead, we use a simple two-stage formulation. It clearly seems a promising avenue to model the dynamics of the system in more detail. Despite these limitations, we believe that our work is an important step towards understanding the role of quality scores in ad auction.
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ends up in position i, that is where q1 ≥ q2 ≥ . . . ≥ qn . We first determine the only possible values for the quality levels, and then show that it is indeed an equilibrium. Advertiser i’s profit function is the following: 1−c+s  πi = γi qi − qic−s qi+1 − k(qi − q0 ) One can check that this is a concave function in qi , thus f.o.c maximizes it: 1−c+s  = k, γi 1 + (s − c)qic−s−1 qi+1 which translates to k − γi 1−c+s q . γi (s − c) i



1−c+s qi+1 =



An interior maximum is clearly ensured by the assumption γi < k < (1 − c + s)γi . To derive all the quality levels, we proceed recursively from the last slot. Since there are only n advertising slots, the rest of the players do not have an incentive to invest, therefore their valuation is qn+1 = q0 . Subsequently, we obtain  1 γn (s − c) 1−c+s ≤ k − γn   1   1 γn (s − c) 1−c+s γn−1 (s − c) 1−c+s = q0 kn − γn k − γn−1 



qn+1 = q0 ≤ qn = q0 qn−1



≤ qn−2 = ...



(1)



One can check that this is an equibrium since players do not have an incentive to change quality investment so much that they get into different positions.



Proof of Corollary 1 We know from Proposition 1 that qi∗ = ∗ qi+1







γi ∆ k − γi







1 1+∆



Differentating with respect to ∆ yields 



γi ∆ k − γi







1 1+∆



1 + ∆ − ∆ log







γi ∆ k−γi



(1 + ∆)2 ∆



 .



This function only intersects 0 in one point changing from positive to negative, therefore   1+∆ γi ∆ = log ∆ k − γi



APPENDIX A. PROOFS Proof of Proposition 1



Transforming this to



Since the players are identical, any asymmetric equilbrium has to be invariant to reordering the players. For notational simplicity let us exmamine the equilibrium in which player i



yields the defintion of the Lambert W-function for 1/∆. Since the Lambert W-function is increasing, we get ∆∗1 ≤ ∆∗2 ≤ . . . ≤ ∆∗n .



exp(1/∆) γi = ∆ (k − γi )e



Proof of Proposition 2 When n = 1, Π∆ A is clearly decreasing in ∆ and is lower than Π0A . We continue with the case n ≥ 2. Since Π∆ A is continuous in ∗ 0 γi for every i, it is enough to show that Π∆ A > ΠA if γi = γ for every i. In this case, Π0A = q0 γ



n X



1



i=1



and Π∆ A = q0 γ



 n  X γ∆ k−γ i=1



n−i−∆ 1+∆



One can check that when ∆ is low enough the latter expression exceeds the former.
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