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Abstract. In programmatic advertising, firms outsource the bidding for ad impressions to
ad platforms. Although firms are interested in targeting consumers that respond positively
to advertising, ad platforms are usually rewarded for targeting consumers with high over-
all purchase probability. We develop a theoretical model that shows if consumers with
high baseline purchase probability respond more positively to advertising, then firms and
ad platforms agree on which consumers to target. If, conversely, consumers with low base-
line purchase probability are the ones for which ads work best, then ad platforms target
consumers that firms do not want to target—the incentives are misaligned. We conduct a
large-scale randomized field experiment, targeting 208,538 individual consumers, in a dis-
play retargeting campaign. Our unique data set allows us to both causally identify adver-
tising effectiveness and estimate the degree of incentive misalignments between the firm
and ad platform. In accordance with the contracted incentives, the ad platform targets con-
sumers that are more likely to purchase. Importantly, we find no evidence that ads are
more effective for consumers with higher baseline purchase probability, rendering the ad
platform’s bidding suboptimal for the firm. A welfare analysis suggests that the ad plat-
form’s bidding optimization leads to a loss in profit for the firm and an overall decline in
welfare. To remedy the incentive misalignment, we propose a solution in which the firm
restricts the ad platform to target only consumers that are profitable based on individual
consumer-level estimates for baseline purchase probability and ad effectiveness.
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1. Introduction

purchasing of ad impressions. This service is called pro-

Firms serve millions of digital ad impressions to con-
sumers every month. Digital ad spaces are usually sold
via auctions in ad exchanges, in which advertisers bid
for the opportunity to show an ad to a consumer. This
high-frequency process requires firms to place an indi-
vidual bid for every available ad slot they are interested
in. Most firms do not have the capacity to participate
in these auctions directly and thus outsource the bid-
ding process to an ad platform. Ad platforms provide
ad allocation tools that firms can use to automate the
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grammatic advertising. In programmatic advertising,
most opportunities to display an ad are auctioned off,
and the ad platform decides, on behalf of the firm, how
much to bid for an ad impression. This decision is based
on massive amounts of data on individual consumers’
characteristics and online behavior.

Contracts in the digital ad industry have evolved so
that ad platforms only receive payment when specific
user behavior—usually a click or purchase—can be linked
to an ad impression (Feng and Xie 2012). Advertisers
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have moved from paying for ad impressions (CPM) to
paying only for when consumers click on ads to reach
their websites (CPC) to eventually paying ad platforms
only when consumers addressed with ads conduct a pre-
defined target action (CPA), usually a purchase (Hu et al.
2016)." Firms have now commonly implemented CPA-
based contracts, in which they set their willingness to pay
for each purchase from a consumer addressed with
advertising. However, not all purchases by consumers
targeted with ads correspond to actual value created
through advertising: some consumers would purchase
even without being served an ad.

The value of advertising—that is, the increment in
profits caused by advertising—although well defined
from a conceptual point of view, is difficult to assess
in practice, especially for firms. Causally identifying
the value of advertising requires platforms to run
sophisticated randomized experiments using data not
easily available to firms (Johnson et al. 2017a). Besides,
ad platforms typically report only aggregate success
measures such as the absolute number of purchases or
clicks associated with an ad, which do not capture the
actual benefit of advertising to firms, as they confound
the causal impact of advertising with consumers’
baseline probability to respond positively to ads.

In this paper, we build a stylized model to highlight
the potential incentive misalignments between firms
and ad platforms in CPA contracts and empirically
assess this misalignment with the help of a large-scale
field experiment. Our model shows that, although
firms are more interested in addressing consumers
who are more receptive to digital advertising, ad plat-
forms are rewarded for targeting consumers with high
overall purchase probability. If consumers with high
baseline purchase probability are those for which ads
work best, then the firm and ad platform agree on
which consumers should be targeted, and the incen-
tives are aligned. If, on the other hand, consumers with
low baseline purchase probability are the ones for
which ads work best, then the ad platform will target
consumers that the firm does not want to target—the
incentives will be misaligned. Although some studies
have found evidence consistent with a positive relation-
ship between baseline purchase probability and ad
effectiveness (Johnson et al. 2017a), others have found
no such pattern (Blake et al. 2015). Thus, the magnitude
of the incentive misalignment between firms and ad
platforms depends on the relationship between con-
sumers’ baseline purchase probability and ad effective-
ness and is ultimately an empirical question.

To assess this relationship empirically, we run a large-
scale randomized field experiment in ad retargeting.
We partnered with a European e-retailer and randomly
allocated 208,538 individual consumers to being served
either retargeting ads of the e-retailer or orthogonal
charity ads, also called public service announcements

(PSAs). This way, we can identify the causal impact of
retargeting advertising on consumers’ purchase proba-
bility. Using these data, we estimate the difference in ad
effectiveness for consumers who are more or less aggres-
sively retargeted by the ad platform. We find that the ad
platform acts according to the contracted incentives and
hence systematically targets consumers who are more
likely to purchase. Although advertising does generally
increase consumers’ purchase probability, we do not
find evidence that consumers that are more aggressively
targeted by the ad platform are more receptive to ads:
there is no significant relationship between a consumer’s
baseline purchase probability and the increase in pur-
chase probability caused by ads. This renders the ad plat-
form’s targeting strategy suboptimal for the firm.

This work contributes to the literature on digital
advertising: we follow the calls for more research from
the areas of information systems (Choi et al. 2020) and
marketing (Gordon et al. 2021) by expanding the under-
standing of incentives specified in CPA contract designs
and assessing the economic implications of these incen-
tives for firms and ad platforms. First, we extend the
understanding of the implications of incentives specified
in CPA contracts for firms and ad platforms. Although
previous research indicated that CPA contracts are
unfavorable for firms (Johnson and Lewis 2015, Xu et al.
2016), our work provides a more nuanced picture of con-
tracted incentives by unraveling that the implications of
CPA contracts are contingent on consumers’ baseline
conversion probability, the incremental effect of ads, and
the relationship between these two concepts. Our model
clarifies that the assessment of the incentive misalign-
ment requires firms to understand the distribution of
consumers in the two-dimensional space of baseline pur-
chase probability and advertising effectiveness.

Second, our empirical case allows us to investigate the
contingencies that determine the implications of the in-
centives specified in CPA contracts. Our unique data from
a large-scale randomized field experiment allows us to
observe variation in the bids placed by the ad platform’s
optimization algorithm under a CPA contract without
introducing selection bias into treatment and control
group, overcoming a major issue for the identification
of ad effectiveness discussed in related work (Johnson
et al. 2017a, Gordon et al. 2019). Our analysis provides
an empirical example of how firms are affected by CPA
contracts contingent on consumers’ baseline purchase
probability and advertising effectiveness. Therefore, this
analysis represents a clear translation of our theoretical
evaluation of the problem to an actual empirical case.

Third, we provide an economic assessment of the
incentive misalignment by estimating consumers’ loca-
tion in the two-dimensional space of baseline purchase
probability and advertising effectiveness. Our welfare
analysis provides evidence that the currently con-
tracted incentives lead to a decrease in overall welfare,
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compared with a contract design that incentivizes ad
platforms to target consumers based on the effectiveness
of advertising. While related research discusses a move
toward cost per incremental action (CPIA) contracts as a
solution to the presented problem (Johnson and Lewis
2015, Lewis and Wong 2018), we provide evidence that
ad platforms are likely to have no interest in switching
to such a contract design. Under the current incentive
scheme—that is, CPA contracts—ad platforms may be
appropriating revenue from firms that CPIA contracts
cannot compensate.

Fourth, we develop and describe a novel solution to
the incentive misalignment in CPA contracts, namely
restricted cost per action targeting (RCPA). In contrast to
previously suggested solutions (Johnson and Lewis
2015, Xu et al. 2016, Lewis and Wong 2018), our solu-
tion can be implemented on the firm side without
intervention from the ad platform. Our solution can
help firms in restricting ad platforms to solely target-
ing consumers that are profitable to both the ad plat-
form and the firm. Our theoretical description and
empirical evaluation of the solution shows that this
solution can lead to a significant improvement in re-
turn on investment (ROI) on ad spend for firms.

In summary, our work is the first to simultaneously (1)
provide a clear theoretical framework and explanation for
the incentive misalignment between the ad platform and
the firm; (2) show that the actual magnitude of the incen-
tive misalighment is contingent on the relation between
baseline purchase probability and ad effectiveness; (3)
delineate and execute an empirical strategy to recover the
structural parameters of the theoretical framework and
assess the actual incentive misalignment in a real-world
empirical setting; (4) provide an estimate of the welfare
loss due to such misalignment; and (5) propose a solution—
inspired by the theoretical framework—that is feasi-
ble to be implemented by the firm, that is, without
requiring an intervention of the ad platform.

This work has significant practical implications for the
digital advertising industry. Although programmatic
advertising and CPA-based contracts with ad platforms
have become very popular, we show that they are likely
not beneficial for firms. We show empirically that ad
platforms follow the incentives specified in CPA con-
tracts and target high-purchase-probability consumers
to increase their profits. This behavior is harmful when
firms pay more for ad impressions that are not more
effective. Therefore, we present evidence showing that
the current contract structure does not adequately serve
firms’ interests.

2. Related Literature

2.1. Advertising Effectiveness and Retargeting

In retargeting, ad platforms use consumers’ browsing
behavior on firms” websites to readdress consumers

with relevant products on external sites (Lambrecht
and Tucker 2013, Bleier and Eisenbeiss 2015). Com-
pared with nontargeted banner advertising, using the
observed browsing behavior of consumers presents
advertisers with two main advantages. First, con-
sumer browsing behavior allows advertisers to gener-
ate insights into what consumers are interested in.
Using these insights, advertisers can present more rel-
evant, personalized, advertising to consumers (Arora
et al. 2008). Second, by only targeting consumers that
have previously visited the firm’s website, advertisers
become less likely to address uninterested consumers
with ads, potentially leading to a more efficient allo-
cation of advertising budget (Schumann 2014). Both
personalization and targeting can lead to more posi-
tive responses to advertising from consumers (Arora
et al. 2008).

Studies on advertising effectiveness aim to answer
the following question: how much more profit does a
firm make when advertising than when not advertis-
ing (Lewis et al. 2015). In practice, the task of causally
assessing the effect of advertising on firm perform-
ance is challenging because of three main factors.
First, applying a method to identify the effect of
advertising correctly remains technically challenging
(Johnson et al. 2017a). Second, the ad-serving process
involves multiple parties, creating difficulties for firms
to access the information required to estimate ad effec-
tiveness (Johnson and Lewis 2015). Third, the effect of
advertising is usually small and explains only a frac-
tion of the observed variation in consumer behavior,
making it hard to estimate ad effectiveness precisely
(Lewis and Reiley 2014b, Lewis et al. 2015).

In the advertising industry, contracts in which firms
reward ad platforms for observed consumer actions,
such as clicks, are common practice. Nonetheless, such
an approach to success attribution introduces several
issues. Ads can also affect consumers that do not click
them. Tying ad effectiveness to clicks can result in an
underestimation of ad effectiveness (Lewis et al. 2015).
Next to that, some consumers would have returned to
the advertiser’s website without seeing and clicking on
an ad, leading to an upward bias in the advertiser’s esti-
mate of advertising’s contribution to generate website
traffic (Johnson et al. 2017a). Another common pitfall in
the industry is to tie rewards to the last click before the
purchase, assuming that all advertising effectiveness
comes from the last clicked ad. This may lead to an
upward bias in the estimate of the ad effectiveness of the
focal ad while underestimating the contribution of other
advertising (Lewis et al. 2015). Related research has
pointed out the existence of externalities between ads
when displayed simultaneously (Agarwal and Mukhopad-
hyay 2016). Some firms try to overcome the limitations of
observational approaches to assess ad effectiveness
by taking advantage of quasi-experiments. Here, some
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consumers are targeted with ads, whereas others are
not. However, these quasi-experiments often cannot
guarantee that consumers in the treated group are not
systematically different from consumers in the untreated
control group, introducing selection bias into estimates
for ad effectiveness (Gordon et al. 2019).

To overcome the limitations of observational approaches
in assessing advertising effectiveness, research has moved
to apply randomized field experiments in which con-
sumers are randomly allocated to being exposed to
advertising or not (Blake et al. 2015). Although random-
ized trials offer a more accurate and unbiased way to
estimate ad effectiveness, implementing such experi-
ments is still challenging. Lewis and Reiley (2014b)
show that achieving precision in estimating ad effec-
tiveness requires a large sample since the economic
effects of ads are small. Adding covariates to model
specifications and reducing noise in the control group
by excluding observations for consumers that would
not have been treated, can improve the precision of esti-
mates (Johnson et al. 2017b). From a technical perspec-
tive, consumers in the control group can commonly not
be identified when not confronted with ads, leaving the
researcher with no counterfactual (Sahni 2015). One
way to overcome this technical challenge is to serve ads
to members of the control group that are assumed to be
orthogonal to the firm’s ads (commonly charity ads),
whereas the rest of the consumers are exposed to the
firm’s regular ads. The difference between consumers’
purchase probabilities in the treatment and control
groups can then be interpreted as the causal effect of
advertisements on consumers’ purchase probabilities
(Johnson et al. 2017b).? Johnson et al. (2017a) propose a
new methodology—called ghost ads—in which ad plat-
forms run hidden auctions for consumers in the control
group to determine which consumers would have seen
an ad if treated and should, therefore, be included in
the control group. Although this methodology allows
for saving costs associated with displaying orthogonal
ads for the control group, it needs to be implemented
on the ad platform’s side. Furthermore, although ad
platforms start to provide firms with information on
campaign-level estimates for advertising effectiveness,
it remains difficult for firms to access individual-level
consumer data from well-designed experiments that
allow for the estimation of heterogeneous treatment
effects.

2.2. Heterogeneous Advertising Effectiveness

Heterogeneous treatment effects describe a significant
variation in the effect an experimental treatment trans-
mits on an outcome variable contingent on other pre-
treatment variables (Athey and Imbens 2017). Translated
into the advertising context, heterogeneous ad effects
describe a significant difference in how consumers
respond to ads based on variables that are not influenced

by or collected before the confrontation with advertis-
ing. Relevant pretreatment variables could be con-
sumers’ gender or visit frequency to the advertiser’s
website before the experiment. Interestingly, these
pretreatment variables are often also good predictors
of consumers’ baseline conversion probability. For
example, consumers that visit an e-retailer’s website
more often are more likely to purchase from the
e-retailer independent of advertising.

Blake et al. (2015) find—with the help of a large-scale
field experiment—that search engine advertising is only
effective for new and infrequent users compared with
the effect on frequent purchasers. Sahni et al. (2019) find
that the effectiveness of retargeting in making consum-
ers return to the advertiser’s website decreases with an
increase in the time since a consumer has last visited the
advertiser’s website. Zantedeschi et al. (2017) show in
the context of direct marketing that targeting the most
responsive customers compared with targeting custom-
ers based on previous purchases, significantly increases
returns to advertising. Johnson et al. (2016) find that the
effectiveness of ads decreases with an increase in the dis-
tance between consumers’ place of residence and an
advertiser’s physical stores. Lewis and Reiley (2014a)
find that older consumers’ in-store sales are more
affected by display advertising. Other work investigates
heterogeneity of ad effectiveness contingent on the ad
creative (Schwartz et al. 2017; Simester et al. 2020a, b).

In our work, we investigate the presence of hetero-
geneous treatment effects of advertising contingent on
a consumer’s baseline purchase probability. Related
research often investigates the presence of heterogene-
ous treatment effects conditional on pretreatment var-
iables that are predictors for consumers’ baseline pur-
chase probability. Our research focuses on a more
direct assessment, by recovering consumers’ baseline
purchase probability from the bids placed by an ad
platform on behalf of the firm.

2.3. Auctions, Contract Design, and Incentives in
Programmatic Advertising
Auctions are used in a wide variety of contexts, rang-
ing from spectrum licenses, electricity markets, flow-
ers, and other consumer goods (Adomavicius et al.
2012; Lu et al. 2016, 2019). Similarly, most digital adver-
tising slots are nowadays auctioned off in so-called
real-time bidding auctions, in which advertisers—or ad
platforms on their behalf—bid for the right to display
an ad on a specific slot. Real-time auctions allow adver-
tisers to better adjust the allocation of their marketing
budget according to current traffic patterns or market
conditions compared with the upfront purchase of
advertising space (Balseiro et al. 2014). Ad platforms
usually use second-price auctions to sell off their ad
space (Edelman et al. 2007). The optimal strategy in
second-price auctions is to bid in accordance with your
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true valuation (Vickrey 1961, Clarke 1971, Groves
1973). Therefore, these auctions result in an efficient
allocation of ad spaces as the advertiser that values the
ad slot the most wins the right to display an ad’
(Arnosti et al. 2016).

In programmatic advertising, firms outsource the ad
allocation process to ad platforms. These outsourcing
relationships are governed by contracts that commonly
aim to incentivize ad platforms to maximize the out-
come of marketing campaigns. Nevertheless, over the
last years, a discussion has emerged around whether
these incentives are specified in firms’ actual interest.
Both practitioners and researchers have started to ques-
tion whether ad platforms “cherry-pick” consumers
likely to convert independently of the effect of advertis-
ing (Johnson and Lewis 2015). In technical terms,
“cherry-picking” implies that ad targeting has become
focused on distinguishing between consumers who
buy and consumers that do not buy instead of targeting
consumers who are more affected by advertising.

Dalessandro et al. (2012) discuss the issue of both ad
effectiveness measurement and attribution and suggest
that a good attribution system needs to align the incen-
tives of both firms and ad platforms that are contracted
to serve ads. Last-click attribution, that is, assigning the
credit for a conversion to the ad platform that served
the ad the consumer clicked last in the purchase proc-
ess, is an example of these misaligned incentives. Here,
advertising outlets have an incentive to confront con-
sumers with ads as late as possible in their purchase
process without taking into account an increase in con-
sumers’ purchase probabilities. Depending on the con-
tract, ad platforms can then charge a fee from the
advertising firm for reported conversions.

Related work has suggested incentivizing ad plat-
forms to optimize the bidding for ad impressions based
on actual contributed uplift in purchase probabilities (Xu
et al. 2016). Other work focuses on the pricing models
currently implemented in contracts between firms and
ad platforms in which ad platforms are rewarded based
on the wrong absolute outcome, instead of the incremen-
tal increase in the outcome variable (Johnson and Lewis
2015). More recently, technical solutions to optimize the
bidding for ad impressions based on the incremental
effect of advertising have emerged (Lewis and Wong
2018).

Previous research provides theoretical insights on
whether firms should choose CPM- or CPC-based
contracts (Asdemir et al. 2012) or on the social welfare
implications of CPC- and CPA-based contracts for
firms and publishers (Hu et al. 2016). In contrast, we
focus on the implications of CPA-based contracts for
firms and ad platforms from both a theoretical and
empirical perspective. Our work extends the literature
on contract design in the context of digital advertising,
by presenting a stylized model that reveals the potential

for incentive misalignments contingent on which con-
sumers a contracted ad platform targets on behalf of the
firm.

Although previous studies have highlighted the exis-
tence of an incentive misalignment in CPA contracts
between the ad platform and the firm (Johnson and
Lewis 2015, Xu et al. 2016), the focus of our work lies
on investigating whether the incentives specified in
CPA-based contracts lead to a de facto misalignment,
and if so, in quantifying it. Our work furthers the litera-
ture by unraveling that the implications of CPA con-
tracts are contingent on consumers’ baseline conversion
probability and its relationship to the incremental effect
of ads. We make clear that—to assess the economic
implications of CPA contracts—firms need to under-
stand consumers’ distribution in the two-dimensional
space of baseline purchase probability and advertising
effectiveness. In contrast to previous research (Lewis
and Wong 2018, Xu et al. 2016), we propose a new solu-
tion to remedy the incentive misalignment that can be
implemented on the side of the firm without further
intervention from the contracted ad platform and with-
out the need to adjust contracted incentives (Johnson
and Lewis 2015).

3. Model on Ad Targeting and Incentive

Misalignments
In this section, we present a model of how advertising
affects consumers’ purchase probability and how this is
related to both the firm’s and ad platform’s interest to
target consumers, given the CPA contract design com-
monly implemented in programmatic advertising.
Consumer s utility for a product, u;, can be expressed

by
Uu; =Ui+£ld,"9i+€i,

where v; represents consumer i’s valuation of the prod-
uct independent of being served advertising for the
product, and 0; represents the increase in utility caused
by advertising. This increase in utility can come from,
for example, lowering a consumer’s search costs or pro-
viding useful information for the advertised product.
The parameter ad; denotes whether a consumer is
exposed to advertising or not. If the firm decides not to
advertise to the consumer (ad; = 0) the consumer’s util-
ity consists of only v; and €;, which is the idiosyncratic
error component of a consumer’s utility. We assume
that €; is independent and identically distributed (i.i.d.).

In the context of programmatic advertising, firms
outsource the ad allocation—that is, the decision to
which consumers to advertise—to ad platforms. Ad
platforms act as intermediaries in the relationship
between firm and consumer, and ad; becomes the deci-
sion variable for the ad platform in programmatic
advertising.
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Firms and ad platforms usually write CPA-based
contracts, where ad platforms are rewarded for pur-
chases by consumers that have been addressed with
advertising. In these contracts, firms agree to pay the
fee f to ad platforms for every purchase by a consumer
i that has been addressed with at least one ad. Com-
monly, fis chosen uniformly for all purchases and not
differentiated between different purchase instances.
This means that for every purchase reported, the ad
platform is rewarded with £.*

3.1. Ad Platform

Given the incentive structure of the CPA contract, the
expected profit realized by the ad platform, IT¢, when
serving an ad to a consumer i is a function of the con-
sumer’s inherent valuation of the advertised product,
v;, and the effect of advertising, 0;:

E[HA(lei,Ui, 61) | lei = 1] = Pi’(y =1 | ﬂdi =1,0; 61) 'f/

where Pr(y =1|ad;,v;, 0;) is consumer i’s overall pur-
chase probability, which consists of the consumer’s
inherent valuation of the advertised product, her base-
line purchase probability v;, and the effect of advertis-
ing, 0;.

In case the ad platform does not serve advertising to
consumer i, the ad platform’s expected profit is g,
which represents the expected profit of serving the
next best ad to consumer i (i.e., the ad of another firm):

E[11%(ad;, v;, 0;) | ad; = 0] = q.

Therefore, the ad platform wants to serve advertising
to a consumer if its expected revenue from advertising
for the focal firm is higher than the opportunity cost
of serving other ads to the same consumer, g. The ad
platform is willing to serve the ad to consumer i if and
only if (iff)

E[TT(ad;, v;, 0;) | ad; = 1] > E[TT*(ad;, v;, 6;) | ad; = 0].

For simplicity, we assume the consumer’s utility is lin-
ear”:
Pr(y = 1 | adi/ Ui, 91) =0; + adi9i~

Then, the ad platform is willing to serve the ad to con-
sumers for which the expected profit of serving the ad
is greater than the expected profit of serving the next
best ad:

(0i+0)-f=q. ey

Equation (1) makes the incentive misalignment in
CPA-based contracts explicit. The ad platform has
incentives to target consumers based on their overall
purchase probability: consumers’ baseline purchase
probability together with the effect of advertising
on their purchase probability (v;+0;). In contrast,
the firm derives benefits solely from the increase in

purchase probability caused by advertising (6;). Equa-
tion (1) also makes clear that the CPA contract design
allows the ad platform to extract rents from the firm it
did not create. The fee paid by the firm to the ad plat-
form has two components: one associated with the
added value created by advertising, 0;f, and one asso-
ciated with the consumer’s intrinsic likelihood to pur-
chase, which would have been realized independent
of the ad, v;f. This latter component is appropriated
by the ad platform without having contributed to the
creation of the respective value.

3.2. Firm

The firm is interested in targeting consumers that are
positively affected by the ad, that is, consumers with
high 6;. Under a CPA-based contract, the firm’s expected
profit for a consumer i, IT, targeted with advertising
(ad; = 1) can expressed by

E[TT (ad;, v;,0;) | ad; = 1] = Pr(y = 1| ad; = 1,0, 0;) - (r — )
=(vi+0;)-(r—f),

where r represents the profit that the firm can extract
from a consumer that purchases.® Logically, the firm
will always choose f < r. Otherwise advertising cannot
have a positive return on investment for the firm. The
expected profit from consumers that are not targeted
can be expressed by

E[IT (ad;, v;, 0;) | ad; = 0] = Priy=1|ad; =0,v;,0;)-r=v;-1.

Therefore, from the firm’s perspective, consumer i
should be served advertising if the expected profit
generated when advertising to this consumer is higher
than when this consumer is not addressed with adver-
tising, that is, iff

E[I1"(ad;, v, 0;) | ad; = 1] > E[I1" (ad;, v, 0;) | ad; = 0] =
(Vi+6)-(r=f)=vi-r. ()

When restructuring this equation, we see that the firm
only wants to advertise to a consumer i when the cost
of advertising for this consumer (c;):

Cci = (?Ji + 91) f

is smaller than the return on advertising for this con-
sumer, 0, - r:

i <0;-r.

The firm wants to target only consumers for which
the benefits of advertising overcome the cost imposed
by the ad platform. These costs are based on the over-
all purchase probability (v; + 0;) and not on the incre-
ment in purchase probability caused by advertising
(07). Next to that, this equation shows that contracting
with the ad platform based on 0,, instead of v; + 0,
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would solve the problem and align the incentives.
However, 0; is usually assumed noncontractible, as
the ad platform is frequently the only player poten-
tially able to properly estimate its value.”

3.3. Incentive Misalignment

From Expressions (1) and (2), it follows that the ad

platform and the firm are interested in targeting dif-

ferent sets of consumers. To visualize the incentive

misalignment, we solve Equations (1) and (2) for 0;.
This leaves us for the ad platform with the targeting

boundary

q
0;>—-v, 3)
f
and the for the firm with the targeting boundary
6> o @
r—f

To visualize the conflicting interests in targeting
between firm and ad platform, we plot the targeting
boundaries (3) and (4) in the (v;, 0;) space. Figure 1
shows which consumers should be targeted in the
interest of the firm and in accordance with the incen-
tives for the ad platform.

Region 1 encompasses consumers that both the ad
platform and the firm want to target. Region 3 encom-
passes consumers that neither the ad platform nor the

Figure 1. Regions with Targeting Conflicts
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firm want to target. Incentive misalignments arise
when consumers are located in regions 2 and 4.
Region 2 encompasses consumers that the ad platform
targets but that the firm does not want to target. While
these consumers are profitable to target for the ad
platform, the added value from targeting them is
lower than the cost of targeting them for the firm.
Region 4 encompasses consumers that the ad platform
does not target because of their low overall purchase
probability but that the firm would like to target
because of their relatively high sensitivity to ads.

The magnitude of the misalignment is a function of
how consumers are distributed in the presented (v;, 0;)
space. The monotonically increasing targeting boun-
dary of the firm shows that if the impact of advertising
on consumers’ purchase probability (0,) is increasing
with an increase in their baseline purchase probability
(v;), there might be no consumers that are interesting to
target for the ad platform but not for the firm (region
2). If there are no consumers located in region 2, there
is no negative effect of the incentives specified in the
contract between firm and ad platform. We address
this question empirically. With the help of a random-
ized field experiment, we can identify the effect of
advertising on consumer’s purchase probability. At the
same time, we observe the ad platform’s targeting
behavior and analyze its implications on firms’ benefits
from advertising and overall welfare.
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4. Empirical Strategy

Our empirical analysis has two goals. First, we are inter-
ested in estimating the effect of advertising on consum-
ers’ purchase probability. Second, and the focus of this
paper, we want to measure the extent to which the
potential incentive misalignment plays a role in our
empirical setting, by assessing the relationship between
0 and v.

We address our first goal by conducting a random-
ized field experiment. To assess the effect of advertising
we need to induce random variation in whether con-
sumers are addressed with advertising or not and
observe their purchase behavior. As mentioned previ-
ously, the decision of whether to address a consumer
with an ad (ad;) is determined by the ad platform and
thus endogenous. Moreover, because of the way pro-
grammatic advertising works, the ad platform only
provides information to the firm for those consumers
for which it has served the ad (ad; = 1). Therefore, to
identify the effect of advertising on consumers’ pur-
chase probability, we create exogenous variation in ad,.

Practically, we induce this variation by randomly
assigning consumers to seeing ads of the firm or ads
for a charity organization, also called public service
announcements (PSAs). Importantly, this variation is
not the variation originating in the ad platform’s deci-
sion to advertise to a consumer or not but rather varia-
tion within the group of consumers for which the ad
platform has decided to advertise. Our identifying
assumptions are as follows: (1) the charity ad is
orthogonal to the firm’s ad in its effect on consumers’
purchase probability, meaning the charity ad does not
affect consumers’ propensity to purchase from the
focal firm; (2) the ad platform assumes the same ad
effectiveness for real ads and charity ads and does not
select different types of consumers to see the firm’s
ads and charity ads; and (3) the ad platform does not
adjust its estimate for ad effectiveness asymmetrically
for treatment and control group; that is, it does not devi-
ate in its targeting strategy between treatment and con-
trol group over time. Although we are unable to test
assumption (1) directly, the approach of using charity
ads and assuming they are orthogonal to the firm’s ads
has been widely used in the literature and is common
practice in identifying ad effects in digital environments
(Hoban and Bucklin 2015, Lewis and Rao 2015, Sahni
2015, Johnson et al. 2017b). We test assumption (2) by
performing randomization checks on multiple covari-
ates of interest and checking whether the allocation
probability to the treatment remains constant across dif-
ferent heights of bids (see Online Appendix C). We test
assumption (3) by comparing whether the ad platform
adjusts its bidding for ad impressions differently be-
tween control and treatment group over time. Results in
Online Appendix D support this assumption and point

toward a symmetric optimization of the bidding for con-
sumers in the treatment and control group.

The second goal of our empirical analysis relates to
assessing the potential incentive misalignment for firms.
This incentive misalignment is contingent on both the
targeting behavior of the ad platform, as well as the rela-
tionship between v; and 0; We assess the targeting
behavior of the ad platform by observing how much the
ad platform bids for ad impressions for different con-
sumers. To assess the relationship of v; and 0, we
assume that 6; is a linear function of v;:

6,’ = ﬁZ + 5301'. (5)

Imposing this structure allows us to rewrite the equa-
tion for consumers’ purchase probability and reduce
the number of degrees of freedom: we now have only
one unobserved variable, v;. We estimate the probabil-
ity that a consumer purchases (y = 1) as a function of
how much s/he values the product, v;, and how sensi-
tive s/he is to the ad, 6;:

Pr(y = l | adi/ i, 61) = 0; + adiei.

Given our assumption that 0; is a linear function of v;,
we get

Pr(y =1 ad;, v, 6;) = v; + p,ad; + pzadv;. (6)

In this specification, ff, represents the effect of serving an
ad on the purchase probability, and f5 represents the
change in 0; contingent on v;. The 5 coefficient also rep-
resents the extent to which there is an incentive mis-
alignment between the ad platform and the firm. If §3 is
positive, consumers with a higher valuation for the
product are also those that are more sensitive to adver-
tising. Consequently, the consumers with higher 0; that
the firm wants to target are also those with higher
v; + 0;. This would result in a relatively low degree of
incentive misalignment. If, on the contrary, 5 is nega-
tive, the incentive misalignment is significant.

To estimate Equation (6), we would need to know
v;.. As we do not directly observe this value, we take
advantage of our setting and indirectly use the ad
platform’s own estimate, 9;, to estimate our parameter
of interest, f3. We do so by leveraging the fact that the
ad platform’s bid is a function of the ad platform’s
own estimate of v; and fs.

Most online ad impressions are auctioned off in
second-price sealed-bid auctions (Arnosti et al. 2016),
resulting in an efficient outcome from the ad platform’s
perspective: the ad with the highest expected return is
the one that is displayed to the consumer. For these auc-
tions, the optimal bid equals the bidder’s true valuation
of the impression (given that one ad is auctioned off at a
time; Edelman et al. 2007). In other words, the ad plat-
form’s optimal bid for an ad impression for a consumer
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can be expressed by
bid! = ﬁr(y =1|ad? =1,v,0))-f, )

in which ﬁr(y =1|ad® =1,v;,0,) is the purchase proba-
bility of consumer i estimated by the ad platform
assuming the ad is served, and ad?' represents the deci-
sion by the ad platform of whether to serve the ad or
not. We distinguish between ad?, that is, whether the
ad platform has decided to serve the firm’s ad, and ad,,
that is, whether the firm’s ad is actually served. Other-
wise, the consumers see PSA ads. We simplify the nota-
tion and assume bid is normalized with f= 1.5

Our empirical context allows us to observe the bid
placed by the ad platform on behalf of the firm. From
this, we can recover the ad platform’s estimate for
how much the consumer values the product, 9;, as a
function of the bid, and the ad platform’s estimates
for the parameters f, and f33, [%2 and ‘3’3, respectively.’
The ad platform bids under the assumption that it is
serving a valid ad on behalf of the firm, that is, that
ad;“ =ad; =1 for all ads served. Therefore,

bid} =B, + (1+p3)bi=
1
;= —— bid? — ﬁZA .
1+8, 1+8,
Replacing v; with the expression for 9; in the equation
for consumers’ probability of Purchase (6), we get

Pr(y=1|adl-):— ﬁz,\ +#bld:4+ ﬁz—ﬁ:a—ﬁ,\z Eldi
1+, 1+p; 1+p,

v P _ad vian,
1 3

or
Pr(y =1|ad;) = ¢, + @, bid? + @,ad; + p,ad; - bid?, (8)

where ¢, =—f,/(1+p5), P1= /(1 +B3), 92 =B, = B3b,/
(1+B;),and @, =B, /(1+ ;).

Assuming that the ad platform’s estimates for the
parameters of interest, namely 8, and 3, are consistent,
we get @ =—PB,/(1+83), @1 =1/(1+B3), @, =p,/(1+
By), and @, =p,/(1+p,). With these, we can estimate
Equation (8) and recover the structural parameters from
the reduced-form parameters. In general, just estimating
Equation (8) and naively interpreting the reduced-form
parameters as the structural parameters lead to a bias in
the estimates for f, and S5 proportional to the magni-
tude of 5. This bias can result in attenuation (when
B5 > 0) or inflation (when g, <0). If B3 is close to zero,
this bias is negligible.

Although the ad platform has an incentive to target
consumers when (v; + 0;) - f > g, it is likely that the ad
platform considers only v; when deciding whom to

target. This assumption seems plausible as the magnitude
of ad effectiveness has been found to be small in digital
advertising (Lewis and Rao 2015) and is likely to be rela-
tively small compared with v;."°

If the ad platform only takes consumers” valuation,
v;, into account, or, in other words, if the ad platform
assumes f3, = 3, = 0, then Equation (8) is reduced to

Pr(y =1|ad;) = bid? + Bad; + Bad; - bid. ()

For the reasons mentioned previously, the reduced-
form equation can provide a good approximation to
the structural parameters. However, there’s no struc-
tural interpretation for the parameters ¢, and ¢, in
the reduced-form regression. In fact, only ¢, and ¢,
have a structural meaning and can be identified.

5. Experiment and Analysis

We conducted a large-scale randomized field experi-
ment in collaboration with a major European e-retailer
focusing on selling consumer electronics. The firm sells
a wide range of products including home appliances,
laptops, smartphones, and cameras and follows an
online-first strategy: the vast majority of their sales hap-
pen online, with their physical stores being used mostly
for customer service. The firm is a major player in the
regions it operates. To protect our partner firm’s ano-
nymity, we refer to our partner only as the “firm.”

The firm’s main goal for the experiment was to investi-
gate the effectiveness of its display retargeting advertising
campaigns to generate sales. Retargeting uses consumers’
browsing behavior on the firm’s website to show prod-
ucts that a consumer has browsed on external sites (Lam-
brecht and Tucker 2013, Bleier and Eisenbeiss 2015). This
ad targeting strategy focuses on consumers that have
already shown interest in the firm’s products. This con-
text is especially valuable to investigate a potential incen-
tive misalignment between the firm and the ad platform.
Ad platforms have rich data on these consumers, which
can be used to inform the targeting of consumers and
optimize the bidding for ad impressions.

The experiment ran in late spring in 2016 for 49 con-
secutive days. Consumers who had visited at least one
product category page of our partner firm’s website
within the last 14 days were eligible to participate. This
time window was updated on a rolling basis, meaning
that consumers could leave or re-enter the experiment
based on their activity. Participating consumers were
randomly allocated to either being treated with retarget-
ing ads (80% probability of assignment) or with PSAs
(20% probability of assignment) that advertised the don-
ation to a charity. Ads and PSAs were displayed on
third-party websites. A total of 208,538 consumers, iden-
tified by cookies, participated in the experiment. Con-
sumers remained in the same treatment group for the
whole duration of the experiment.
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Table 1. Descriptive Statistics

Variable Observations Mean Standard deviation Minimum Maximum
Purchase 208,538 0.05547 0.22890 0 1
Visit 208,538 0.36744 0.48211 0 1

Ad 208,538 0.80031 0.39977 0 1

Bid 208,538 0.01344 0.01790 0.00016 0.09124
Cost 208,538 0.00419 0.00554 0.00001 0.09082
Impressions 208,538 20.10890 15.80474 1 221

Our partner firm decided on the 80%-20% split
between treatment and control group to keep the experi-
ment costs low, as PSAs cost the same as retargeting ads
but generate zero return." PSAs are assumed to be
orthogonal to our retargeting ads in their effect on con-
sumers, allowing us to measure the causal impact of
retargeting ads (Johnson et al. 2017a)."?

Our partner firm used a tool made available by the
contracted ad platform that allowed for user segmenta-
tion based on cookies. The contracted ad platform is
among the largest ad platforms in ad inventory and
revenue and is representative of the market in terms of
its practices. The tool allowed for a random allocation
of consumers that visit our partner’s website to either
treatment or control group, by placing the respective
cookies on consumers’ devices. Upon a retargeting
opportunity, the ad platform was placed a bid to serve
an ad on behalf of the firm. Crucially, the tool does not
use information about whether a consumer is in the
treatment or control group when determining its bid
for an ad impression. Although individuals were ran-
domly assigned to either treatment or control groups,
the optimization was done jointly, thus making these
consumers comparable in all dimensions.

To assess the firm’s advertising effectiveness, we
obtained data on purchases by consumers and whether
they returned to the firm’s website after being treated.
For our analysis, we aggregate two main data sources.
An impression-level data set gives us information on all
impressions displayed per individual consumer, how
much the ad platform bid for an ad impression, and
how much the impression cost, the second-highest bid.
An activity-level data set provides information on the
consumer’s activity on the firm’s page. Table 1 presents
the descriptive statistics for our consumer-level data
set.

The purchase variable is a binary variable indicating
whether a consumer purchased after seeing an ad (or

PSA for the control group). The visit variable is a binary
variable indicating whether a consumer returned to the
firm’s website after seeing an ad. ad is the binary treat-
ment indicator, with ad; = 1 if a consumer is in the treat-
ment group. bid represents the first successful bid
placed for a consumer and cost the cost of the first ad
impression."® impressions gives the number of impres-
sions a consumer received throughout the experiment.

Table 2 shows the count statistics for our experi-
ment split for treatment and control group. Model-
free evidence shows that consumers that are treated
with advertising are significantly more likely to pur-
chase (AMPehase = 0.0024, t = 1.9633, p = 0.0496). Fur-
thermore, we find that advertising has a significant and
positive effect on consumers’ probability to return to the
firm’s website (AM”" = 0.0178, t = 6.7868, p < 0.0001).

In Table 3, we compare treatment and control groups
along a number of variables that can serve as random-
ization checks. We find no significant difference between
treatment and control group for the bid, the cost for the
first ad impression, or the number of impressions served
to a consumer over the experiment’s duration. We also
compare consumers in the treatment and control group
along a number of variables related to consumers’
behavior before the first ad impression. We compare the
number of tracked activities, visits, and activity duration
before the first ad treatment and find no difference
between control and treatment groups. We also investi-
gate whether there is a difference between consumers
regarding the types of pages visited before the start of
the experiment. We find no difference in the number of
visited product categories, visited product pages, and
the number of shopping cart visits. This supports our
assumption that consumers are randomly allocated to
treatment and control groups.

The histogram in Figure 2 shows a significant varia-
tion of the bid placed by the ad platform, with a coeffi-
cient of variation (ratio of standard deviation to mean)

Table 2. Count Statistics for Control and Treatment Group

Group Assignment probability Consumers Impressions Purchases Visits
Treatment 0.8 166,895 3,355,613 9,339 61,918
Control 0.2 41,643 837,856 2,229 14,708
Total 1.0 208,538 4,193,469 11,568 76,626
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Table 3. Comparison Control and Treatment Group: Randomization Checks

Mean
Variable Control Treatment t statistic p value
Bid 0.0134 0.0134 0.2403 0.8101
Cost 0.0042 0.0042 0.6282 0.5298
Impressions 20.1200 20.1061 0.1610 0.8721
Activities 5.8074 5.8515 0.8757 0.3812
Visits 1.3580 1.3618 0.6063 0.5443
Activity duration 7.1067 7.0947 0.1400 0.8887
Number of visited product categories 1.7877 1.7994 0.6643 0.5065
Number of visited product pages 2.8329 2.8849 1.9236 0.0544
Number of shopping cart visits 0.1115 0.1098 0.3210 0.7482

larger than one (CV = 1.332). This variation is crucial
for our identification strategy.'*

We move forward to estimating our theoretical
model. We assess whether the ad platform behaves
according to the incentives laid out in the theory sec-
tion and how consumers with different baseline pur-
chase probabilities react to advertising.

5.1. Main Results
We first estimate the reduced-form linear probability
model (LPM) from Equation (9):

Pry = 1| ad;) = @, + @ bid} + p,ad; + pyad; - bid? + e,

where bid? represents the first successful bid for the
opportunity to display an ad to a consumer i placed
by the ad platform in Euro, ad; represents a binary var-
iable indicating whether a consumer was addressed
with retargeting ads (ad; = 1) or PSA ads (ad; = 0), and
€; represents the idiosyncratic error term. The interac-
tion between bid? and ad; represents the focal aspect of
this analysis. Under the assumption that the ad platform
optimizes its bidding based only on consumers’ baseline
purchase probability (and not on the ad effectiveness),
the coefficient ¢, has the same interpretation as in

Figure 2. Histogram Bid
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200001

Frequency

10000

Equation (5): it represents the relationship between
baseline purchase probability and ad effectiveness. If
this coefficient is positive, then we can conclude that
consumers with a higher likelihood of purchasing are
also those that are most receptive to ads. This means
that optimizing only based on purchase probability is
not necessarily bad, as it goes hand in hand with ad
effectiveness. If, on the other hand, this coefficient is
zero or negative, it means that targeting based on pur-
chase probability is not in line with the firm'’s interest.

Columns (1) and (2) in Table 4 show the results of the
linear probability model estimates. We find that the ad
platform bids higher for consumers that are more likely
to purchase, as visible by the positive and significant coef-
ficient for bid. We also find evidence for a positive effect
of the ad treatment (ad;). This effect is significant at the
10% level when we omit the interaction between ad and
bid (column (1)) and significant at the 5% level when
including it (column (2)). We find a negative but not stat-
istically significant effect for the interaction between ad
and bid."” This outcome stands against the notion that
consumers with a higher baseline purchase probability
(and higher bid) are more affected by advertising.'
When estimating ad effectiveness operationalized as con-
sumers’ probability of returning to the firm’s website after
seeing an ad, an upper-funnel success measure, we find
consistent results (see Online Appendix E).

Strictly speaking, and according to our theoretical
model, the bid represents an endogenous decision made
by the ad platform, which means its coefficient is not
identified."” The coefficient should be considered only as
an additional control variable. In line with the model
derived in the theory section, we also run our estimation
using the specification from Equation (9) by constraining
the coefficient for bid. These estimates, presented in col-
umn (3) of Table 4, are very similar to those in column
(2), with the main difference being that the coefficients
for ad effectiveness and interaction with bid are now
statistically significant at the 1% level. We find again
that although advertising has a positive impact on con-
sumers’ purchase probabilities, consumers that receive
higher bids seem to be less receptive to ads.
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Table 4. Reduced-Form and Structural Regressions LPM

Dependent variable: Purchase

Reduced form

Structural form

1) )

(©) (4) )

Bid (¢,) 0.8328*** 0.9310***
(0.0371) (0.0839)
Ad (B2) 0.0024* 0.0041**
(0.0012) (0.0016)
Ad x bid (B3) -0.1227
(0.0935)
Constant 0.0423%** 0.0410%**
(0.0012) (0.0014)
Observations 208,538 208,538
R? 0.004 0.004
Adjusted R? 0.004 0.004

1 0.9310*** 1
(constrained) (0.0839) (constrained)
0.0050*** 0.0036*** 0.0016
(0.0013) (0.0012) (0.0015)
—0.1917*** —0.1093 0.0741
(0.0414) (0.0742) (0.0968)
0.0401*** 0.0410*** 0.0410***
(0.0011) (0.0014) (0.0014)
208,538 208,538 208,538
0.004 0.004 0.004
0.004 0.004 0.004

Note. Robust standard errors in parentheses.
*p < 0.10; **p < 0.05; **p < 0.01.

As mentioned, these findings can only be inter-
preted under the assumption that the ad platform
does not take the ad effectiveness (0;) into account
when deciding on its bids. Although this assumption
seems plausible, we move forward by considering the
case where the ad platform targets consumers based
on both consumers’ valuation of the product (v;) and
the ad effectiveness (0)).

Considering that the ad platform takes 0; into account
when deciding whom to target leads us to Equation (8).
We estimate this equation with the help of a nonlinear
least-squares estimator. We start by allowing parameter
@, to be free and then repeat the estimation with a con-
strained ¢, (columns (4) and (5) of Table 4, respectively).

Again, we find no evidence for a positive 3. Although
structural estimates are imprecise for the constrained
structural specification (column (5)), the unconstrained
structural specification shows a statistically significant
coefficient for ad effectiveness at the 1% level. The inter-
action coefficient remains negative and not significant.
Moreover, the coefficients in the unconstrained struc-
tural estimates (column (4)) are very close to the coeffi-
cients of the respective reduced-form estimates (column
(2)). This similarity is an indication that f3; is not causing
a large bias in the results of the reduced-form estimates.
This means that even when giving the ad platform “the
benefit of the doubt,” that is, that it takes the ad effec-
tiveness (0;) into account when deciding how much to
bid for consumers” ad impressions, we find no evidence
that the targeting is beneficial for the firm.

Although our specification in column (3) yields a
negative and statistically significant interaction effect
between ad and bid, both the reduced-form and unre-
stricted structural estimates are imprecise. A power
analysis for our experiment indicates that while we
are sufficiently powered to detect the effect of adver-
tising, we are underpowered to detect the respective

effect for the interaction of ad and bid (see Online
Appendix G). The lack of precision of these estimates
is in line with studies that have shown the difficulty
of estimating the effects of digital advertising (Lewis
and Rao 2015). This lack of precision makes it difficult
to interpret our results, especially our coefficient of
interest, 3.

Therefore, we move toward the interpretation of
the confidence interval of the effect of advertising con-
ditional on the bid placed by the ad platform and the
economic interpretation of this confidence interval.
We create a visual representation of our reduced-form
estimates along with 95% confidence intervals that
allow for a more intuitive economic interpretation of
our findings.

Figure 3(a) depicts the estimated purchase probability
for treated and control users as a function of the ad plat-
form'’s bid. The positive slopes of the estimated purchase
probabilities for both treatment and control group cor-
roborate the idea that the ad platform targets consumers
with higher absolute purchase probability—the ad plat-
form can predict and bid higher for consumers with a
higher purchase probability. According to our estimates,
the ad effectiveness is positive and statistically signifi-
cant for consumers that receive low bids. As visible in
the crossing of the lines for the estimated purchase prob-
abilities and the overlap in confidence intervals for
higher bids, the ad effect vanishes for consumers that
received higher bids. Although the ad platform targets
consumers that are likely to purchase independently of
the firm’s advertising by bidding higher for their impres-
sions, the targeted consumers seem to be unaffected by
the firm’s advertising.

Figure 3(b) shows the estimates for the consumer-
level ad effectiveness (0;) as a function of the baseline
purchase probability (v;). This line corresponds to the
difference between treatment and control estimates
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Figure 3. Visualization of Ad Effectiveness
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presented in Figure 3(a) but displayed in the (v;,6;)
space.'® We notice that the magnitude of the ad effec-
tiveness is small compared with the baseline purchase
probability (Figure 3(a)), on average a 4.5% increase in
consumers’ purchase probability. This figure shows
that ad effectiveness is positive and statistically signif-
icant for consumers with very low baseline purchase
probability (low v;). The point estimate for ad effec-
tiveness decreases and loses significance with an
increase in consumers’ baseline purchase probability.
Moreover, the estimated upper bound of the 95% con-
fidence interval for the ad effectiveness remains virtu-
ally unchanged. Moving beyond the interpretation of
the nonsignificant estimate of the coefficient for 55 by
considering the visualization of the confidence inter-
val, it is highly unlikely that ad effectiveness increases
with baseline purchase probability. Thus, although
our estimates for ad effectiveness are relatively impre-
cise, by integrating baseline purchase probability with
ad effectiveness, we see that these two quantities are
unlikely to have a positive relationship.

5.2. Robustness Checks and Additional Analyses
We conduct several robustness checks and additional
analyses to ensure the robustness of our main results
presented in Table 4. First, we repeat the estimation
process using a logit link function. In Online Appen-
dix A, we present the respective equations and the
estimations. The results are qualitatively similar to
those obtained with the LPM estimates.

To further assess the robustness of our findings, we
explore the possibility that we do not find a significant
interaction effect in our analysis because our ex-
periment has low power. We assess the functional
form of the relationship between bids placed by the

ad platform and the increase in consumers’ purchase
probabilities (see Online Appendix H). We find no
evidence for an increasing trend in the relationship
between bids placed by the ad platform and ad effec-
tiveness for both purchases and visits. This finding
gives us confidence that the reason for not finding a
significant coefficient for the interaction between bid
and ad is not an under-powered experiment.

To strengthen the argument that there is no significant
correlation between consumers’ baseline purchase prob-
ability and the increase in purchase probabilities caused
by ads, we build a predictive model estimating consum-
ers’ purchase probabilities prior to the ad treatment (see
Online Appendix I). The purpose of this analysis is to
investigate the relationship between consumers’ baseline
purchase probabilities, instead of the bid placed by ad
platforms, and the increase in purchase probabilities
caused by ads more directly. We use these predicted
purchase probabilities to test whether consumers with a
higher predicted purchase probability react more posi-
tively to our ad treatment. Consistent with our claim, we
find no evidence for consumers with higher predicted
purchase probabilities being influenced more positively
by the ad treatment.

We run additional robustness checks in which we
analyze the relationship between the mean bid, the max-
imum bid, the median bid, and the cumulative bid
placed for an ad impression for consumer i and their
impact on consumers’ purchase probability (see Online
Appendix J). When using a different operationalizing of
the ad platform’s targeting behavior, that is, the ad plat-
form’s bidding for ad impressions on behalf of the firm,
our results remain robust.

Notably, auction participants do not pay their
actual winning bid to serve an ad impression but are
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charged the second highest bid in the ad auctions.
Our results remain robust when analyzing the impact
of the cost of the first impression, the average cost of
an impression per consumer, and the overall cost for
impressions per consumer (see Online Appendix K).

One explanation that would justify the ad platform’s
bidding behavior is that the ad platform’s optimization
algorithm incorporates consumers’ profit contributions
() into its optimization. In case the profit contribution
is negatively correlated with the increase in consumers’
purchase probabilities, corr(r, 6;) <0, there might be a
valid reason for the algorithm to not bid higher for
more receptive consumers but instead target consum-
ers with higher profit potential. In Online Appendix L,
we provide evidence indicating that the ad platform
does not refrain from targeting high 0; consumers for
the sake of targeting consumers with high profit
potential.

To further assess the robustness of our findings, we
re-estimate our main model and include dummy varia-
bles to control for the ad format and ad placement of the
first ad impression to account for the fact that the ad
platform might bid differently contingent on the ad
quality. Additionally, we re-estimate the model includ-
ing time controls for hour of the day, day of the month,
and day of the week of the first impression as dummy
controls to control for heterogeneity in ad attractiveness
based on timing. Online Appendix F presents these
results. The focal coefficient estimates remain practically
unchanged when controlling for heterogeneity in for-
mats and timing of ads.

6. Welfare Analysis and Economic

Implications

In this section, we perform a welfare analysis to pro-
vide an economic interpretation of the structural
parameter 3, which is the parameter for the relation-
ship between v; and 0,. We estimate the differences in
profits and total welfare between a regime in which
consumers are targeted according to the firm’s interest—
hereafter the firm regime—and the status quo in CPA
contracts, in which the ad platform decides which con-
sumers to target—the ad platform regime.

To perform the welfare analysis, we need to under-
stand which consumers would be targeted under the
firm regime and which consumers would be targeted
under the ad platform regime. To do so, we need to
estimate the position of each consumer in the (v;, 0;)
space. Furthermore, we need the values of the CPA fee
f that the firm pays to the ad platform per reported pur-
chase, the average profit r the firm attains per sale, and
the opportunity cost g of targeting a consumer (see tar-
geting boundaries in Figure 1). We populate these val-
ues with the information from our empirical case.

To protect the financial information of our partner
firm, we standardize financial variables by dividing
them by the standard deviation of the firm’s revenue
generated from purchases by consumers participating in
the experiment. This linear transformation allows us to
interpret percentage changes in the monetary outcome
variables without revealing the firm’s absolute revenue
and profit figures. The firm pays about 2% of a standard
deviation of the firm’s revenue per reported purchase
(f = 0.02). The average profit per purchase is about 27%
of a standard deviation of the firm’s revenue (r = 0.27).
We use the median ad cost in our data as value for the
ad platform’s opportunity cost (g = 0.003)."

We recover v; from the ad platform’s first bid in line
with Equation (8). Without further assumptions, we
would be unable to recover 6;. Therefore, we use our
estimate for f3;, the correlation between v; and 6; and
assume 0; is normally distributed around this estimate
with a standard deviation of 0.02,* approximately
two times the standard deviation of the baseline pur-
chase probability, v,.*'

Figure 4 shows how the average profit and total wel-
fare per 1,000 consumers are affected by moving from
targeting only the consumers the firm wants to target
(firm regime) to the consumers the ad platform targets
(ad platform regime). Importantly, the welfare analysis
takes into account profit from purchases conducted by
consumers that would have happened independent of
being confronted with advertising, related to consum-
ers’ baseline purchase probability v, The horizontal
axis of the figure distinguishes between the two stake-
holders—the ad platform and the firm—and the total
welfare. The differently colored bars represent results
from the different regimes and their difference in per-
cent of the total welfare. Moving from the firm regime
to the ad platform regime leads to an increase in the ad
platform’s profit, at the expense of the firm’s profit.
Interestingly, the move leads to a decrease in total wel-
fare. More specifically, the move to the ad platform
regime results in a welfare loss of about 6% when com-
pared with the firm regime. The currently common ad
platform regime, that is, CPA contract design, leads to
an inefficient outcome. The welfare loss originates from
the fact that the ad platform regime—that is, a typical
CPA contract—leads the ad platform to target consum-
ers that are more likely to purchase, not those for which
the ads are more effective. This results in an inefficient
allocation of the ads—as they are not delivered to the
consumers that would benefit the most from them—
leading to an overall lower effect of advertising and
consequently to an overall loss in welfare. The firm is
the sole bearer of this loss, as the ad platform is actually
better off in this regime.

Finally, we assess the profitability of our specific cam-
paign from the perspective of the firm. Given the differ-
ence of 0.24 percentage points in conversion rates
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Figure 4. Welfare Analysis—Comparison of Average Profit and Total Welfare per Consumer Under Firm and Ad Platform
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between treated and nontreated consumers, and an
average profit per sale of 0.27 of a standard deviation of
the firm’s revenue, we find that the extra sales corre-
spond to an increase in the firm’s profits by about 0.66
of a standard deviation per 1,000 treated consumers or a
total of 110.88 standard deviations of the firm’s revenue.

However, the ad platform charged a fee of 0.02 of a
standard deviation of the firm’s revenue per reported
purchase, which represents an average fee of 1.24
standard deviations per 1,000 treated consumers, or a
total of 206.96 standard deviations of the firm’s reve-
nue for the treated consumers in the experiment. This
means that the firm lost a total of 96.09 standard devi-
ations of its revenue. Thus, from the total of 206.96
standard deviations appropriated by the ad platform
in this campaign, only 53.6% correspond to value cre-
ated by the ad platform itself. The remaining 46.4%
correspond to fees paid to the ad platform originating
in purchases that would have happened anyway.**

7. Restricted CPA Targeting

In this section, we propose a strategy to mitigate one of
the sources of the incentive misalignment presented in
our theoretical framework. Although the firm cannot
influence the misalighment that originates from the ad
platform not targeting consumers the firm wants to tar-
get (region 4 in Figure 1)—that is, the firm is not directly
able to force the ad platform to target consumers the ad
platform does not want to target—we propose a strategy

that helps the firm to mitigate the misalignment caused
by the ad platform targeting consumers the firm does
not want to target (region 2 in Figure 1). We call this
new strategy restricted CPA targeting (RCPA).

RCPA requires having access to two main sources of
data: (1) user-level pretreatment characteristics (e.g., CRM
data, demographics, email campaigns, user clickstream
data on the website, etc.) and their purchase behavior;
and (2) an experimental context in which consumers are
randomly allocated to either the treatment or control
groups with respect to whether they are exposed to the
real ad or the PSA. The first source of data—user-level
characteristics and purchase behavior—is readily avail-
able to many firms, especially in the context of retarget-
ing, as consumers have usually already revealed some of
their information and behavior to the focal firm (adver-
tiser). One could also imagine a setting in which firms tar-
get already existing customers making use of information
from a customer relationship management (CRM)
system. The second source of data—the experimental
context—can be the same as the one used by our focal
firm in our study, which is readily available from the
most popular ad platforms. Thus, firms do have access to
this tool, making it possible to collect all the information
required to implement our proposed solution.

Under RCPA, the firm uses information about the
baseline purchase probability, v;,, and the ad effective-
ness, 0, for each individual consumer to technically
restrict™ the ad platform in which consumers are eligible
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to be targeted.** To identify the consumers in region 2 of
Figure 1, that is, the consumers that are profitable to tar-
get for the firm, the firm needs to take both the cost and
benefit of targeting consumers into account. The firm’s
cost of targeting a consumer i with advertising is

Ci = (Ui + 61) f

The firm’s benefit, 7t;, of targeting a consumer i, that
is, the additional profit generated because a consumer
is addressed with advertising, is

;=07

The firm should allow the ad platform to only target
consumers for which

Tt > Cj.

To determine which consumers the firm should allow
the ad platform to target, the firm needs to estimate
consumers’ baseline purchase probability, v;, and how
consumers are affected by advertising, 9;. Using these
parameter estimates, the firm can predict the cost of
addressing a consumer, ¢;, and the benefit of address-
ing a consumer, 71;.>> The accuracy of these estimates
determines to what extent the firm is able to success-
fully restrict the ad platform from targeting consum-
ers in region 2 of Figure 1.

We empirically test RCPA by simulating how the ad
allocation would play out under RCPA. First, we build
machine learning models that predict consumers’ base-
line purchase probability and ad effectiveness based on
information available to the firm.?® To avoid overfitting,
we train our machine learning models to predict the
two decision parameters on a randomly selected train-
ing data set and assess the effectiveness of the restric-
tions on a separate evaluation data set. This approach
resembles a firm using historical data to predict which
consumers to target in the future. Next, we simulate
the impact of RCPA by distinguishing between three
restriction approaches. The distinction between three
RCPA approaches allows us to get further insights into
the impact of cost- and benefit-based restrictions and
the impact of their combination.

More specifically, for the (1) heterogeneous baseline
purchase probability with average treatment effect (HBAT)
restriction, the firm assumes a constant average treatment

Table 5. Overview and Comparison of RCPA Approaches

effect for all consumers while estimating their profit-
ability based on predicted, heterogeneous baseline pur-
chase probabilities. For the (2) average baseline purchase
probability with heterogeneous treatment effect (ABHT)
restriction, the firm assumes to be targeting homogene-
ous consumers with equal baseline purchase probabil-
ities while estimating consumers’ profitability based on
predicted, heterogeneous ad effectiveness. For the (3)
heterogeneous baseline purchase probability with heterogene-
ous treatment effect (HBHT) restriction, the firm com-
bines the two restriction strategies estimating based on
both predicted, heterogeneous baseline purchase prob-
ability and ad effectiveness, which consumers are prof-
itable and should be targeted.

Our data set allows us to assess the effectiveness of
the different RCPA approaches for our empirical case.
Table 5 compares the results of the currently imple-
mented unrestricted CPA targeting with the results
from the different RCPA approaches from our simula-
tions.”” We standardize all financial variables by
dividing them by the standard deviation of the firm’s
revenue generated from purchases. For fair compari-
son with the unrestricted CPA targeting, we calculate
the overall profit, cost, and return taking the data for
all 166,895 consumers that were targeted with the
firm’s advertising in the field experiment into account.
In contrast, we calculate the average profit and cost
per consumer based only on the evaluation data set to
avoid performance gains from overfitting.

Our results allow us to directly observe empirically
whether the restrictions applied by the firm would
move the targeting into the desired direction. We see
that HBAT, as intended, restricts the ad platform to tar-
get consumers with low overall purchase probability,
that is, consumers that are cheaper to target. Nonethe-
less, this RCPA approach is not profitable as consumers
targeted under HBAT possess a low average advertising
effect. Although the ROI of this strategy is lower than
for unrestricted CPA targeting, the firm loses less money
in absolute terms. When focusing on targeting consum-
ers that are especially affected by advertising while
assuming a homogeneous baseline probability (ABHT),
we find that we target consumers that are especially
affected by advertising (ATE = 0.00963). Given that these
consumers possess a similar average overall purchase

Percent Standardized Standardized Standardized Standardized Standardized
Targeting  targeted® ATE AP Pr(y = 1ad = 1) AC profit cost return ROI
CPA 100.00% 0.00243 0.00066 0.05596 0.00124 110.88 206.96 -96.09 —46.43%
HBAT 74.17% 0.00008 0.00002 0.00744 0.00016 2.68 20.41 -17.73 —86.88%
ABHT 43.92% 0.00963 0.00263 0.05480 0.00121 192.82 89.01 103.80 116.61%
HBHT 44.59% 0.01066 0.00291 0.04790 0.00106 216.70 78.98 137.72 174.36%

Note. ATE, average treatment effect for consumers targeted with respective targeting strategy; standardized AP, standardized average
incremental profit per consumer caused by advertising; standardized AC, standardized average cost per consumer, Pr(y = 1lad = 1)f.
“Percentage of consumers targeted of overall targeted population (11,4=1 = 166,895).
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probability as the consumers in the unrestricted CPA
targeting, this approach is profitable. When combining
the two restriction approaches in HBHT, we find that
we can target consumers that are highly affected by
advertising, generating more profit for the firm. Addi-
tionally, the consumers targeted under HBHT also have a
lower overall purchase probability, being cheaper to tar-
get. This makes the combination of restriction approaches
the most profitable type of RCPA. HBHT is also in abso-
lute terms the most profitable strategy, as visible in the
highest value for the standardized return.

An advantage of RCPA, compared with previously
suggested remedies to incentive misalignment in pro-
grammatic advertising (Johnson and Lewis 2015, Xu
et al. 2016, Lewis and Wong 2018), is that RCPA is
implemented by the firm and does not require further
intervention from the ad platform. This decreases
issues of moral hazard that have been pointed out as
significant problem in the relationship between firms,
ad platforms, and publishers in related research (Ber-
man 2018). We provide guidelines for firms on how to
implement RCPA in Online Appendix N.

8. Discussion
In this work, we provide a detailed description and
assessment of the incentives specified in CPA contract
designs for firms and ad platforms. In our theoretical
model, we see that the presence and severity of an
incentive misalignment in the context of CPA con-
tracts is contingent on how consumers are distributed
in the two-dimensional space of baseline purchase prob-
ability (v;) and ad effectiveness (0;). In addition, our
model uncovers aspects of the CPA contract design that
have not been considered in previous studies. For exam-
ple, from the perspective of the firm, common sense
would tell us that only ad effectiveness matters when
deciding which consumers to target: the firm should be
interested in targeting all consumers for which ad effec-
tiveness is above a certain threshold. However, our
model reveals that is not the case: the higher the baseline
purchase probability (v;), the higher the ad effectiveness
(0;) needs to be to make a specific consumer a profitable
target for the firm. A higher baseline purchase probabil-
ity leads to a higher expected fee the firm needs to pay
to the ad platform (v;f), even before considering the ad
effectiveness. This fee increases with the baseline pur-
chase probability, v;, and can be thought of as a tax the
firm needs to pay the ad platform to target a consumer,
irrespective of ad effectiveness. Therefore, from the per-
spective of the firm, it is only worth paying such a tax if
the extra revenue from ad effectiveness (0;(r — f)) is large
enough to cover this tax.

Ultimately, assessing the incentive misalignment
requires an empirical analysis with the aim to pinpoint
consumers’ position in the (v;,6;) space. Firms face

significant empirical challenges in their endeavor to
assess the misalignment empirically: the experimental
identification of ad effectiveness (Johnson et al. 2017a),
limitations in the precision of estimates that require
large sample sizes (Lewis and Rao 2015), and the need
for symmetric targeting conducted by the ad platform
to not introduce selection bias into the treatment group
(Gordon et al. 2019). We overcome these challenges in
the best possible way and assess the misalignment
between firm and ad platform for our empirical case.
Our findings suggest that the ad platform is currently
able to appropriate profit that is not generated through
advertising but would have been generated by the firm
independently of addressing consumers with ads.

The reason why the ad platform can appropriate
profit from the firm beyond the profit contributed by
advertising is related to the discrepancy between overall
purchase probability (v; + 0;) and the incremental effect
of advertising (0,). For the treated consumers, the firm
observes 9,339 purchases. These purchases generate a
profit of 2,549 (measured in the firm’s revenue standard
deviations). Importantly, the ad platform contributes
only 4.35% of this profit generation, whereas the rest of
the profit would have been generated without advertis-
ing. Nonetheless, the ad platform charges about 8.12%
of the generated profit. The gap between overall profit
generation from consumers addressed with ads and the
actual contribution of profit from advertising allows the
ad platform to appropriate profit without the firm—and
maybe even the ad platform—directly noticing. In con-
trast, if the costs for the ad campaign would exceed the
overall profit generated from 9,339 purchases, the mis-
alignment would be directly evident to the firm.

How consumers are distributed in the (v;, ;) space is
likely to differ contingent on the degree to which a firm
is established. Figure 5 showcases the distribution of
two exemplary firms: an unestablished new firm and an
established well-known firm. The unestablished new
firm is likely to face mostly consumers with low baseline
purchase probability v;, as consumers are unaware of
the firm’s product before seeing an ad. At the same time,
for this firm, advertising might prove to be especially
effective as it creates an awareness of the firm’s exis-
tence. The effectiveness of advertising for this firm is
likely to be dependent on how consumers actually value
the advertised product and how well the product value
is communicated in advertising. Such a firm is suffering
from a misalignment as the ad platform, based on the
contracted incentives, does not target consumers in
region 4 that the firm wants to target. In contrast, an
established well-known firm is likely to face a lot of
consumers with high baseline purchase probability v;
especially when the firm has a large share of returning
customers that value the firm’s product. Established
firms might not be able to advertise very effectively, as
these returning customers are likely to conduct repeat
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Figure 5. Example of Targeting Conflicts for Established and Unestablished Firm
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purchases independent of advertising. The description
of ad effectiveness for such an established firm is in
line with findings from related research (Blake et al.
2015). The misalignment for an established firm origi-
nates in the ad platform targeting consumers in region
2 that the firm does not want to target. Given the dif-
ference in firms and their prospective customers, the
experiment campaign conducted in collaboration with
our partner firm is limited in its generalizability.
Nonetheless, our analyses provide valuable insights
and help to clarify the implications of CPA contracts
for firms and ad platforms.

Recent studies have put forward solutions to address
the issue of how to measure ad effectiveness in a pre-
cise and unbiased fashion (Johnson et al. 2017a), how to
design contracts to align incentives (Johnson and Lewis
2015), and how to design and implement bidding based
on the incremental effect of advertising (Xu et al. 2016,
Lewis and Wong 2018). Although we see more ad plat-
forms providing information on ad effectiveness, we
observe little progress in the industry to move toward
contracts with aligned incentives and ad bidding based
on incremental ad effectiveness. Our work provides
insights on why the transition to these more efficient
solutions is challenging for the involved stakeholders.
This transition is slowed down by both technical and
empirical challenges but also by the risk for ad plat-
forms to reduce their revenue stream when moving to
a return on advertising-based incentive scheme. More-
over, we bring forward a remedy to the inventive mis-
alignment in CPA-based contracts by describing and
evaluating a solution to the incentive misalighment
that can be implemented on the side of the firm, namely

RCPA. We find that if the firm can successfully restrict
which consumers the ad platform is targeting, the ROI
on ad spend can increase, making advertising more
profitable for the firm.

8.1. Limitations

Our work does not come without limitations. In the data
set used for our empirical analysis, we only observe bids
for ad auctions won by the focal firm. As lower bids are
less likely to win an auction for an ad impression, our
data could be truncated at the lower end of bids. In
theory, such a truncation could keep us from finding
that consumers that receive higher bids are more recep-
tive to ads compared with consumers that receive lower
bids, as these data might not be in our data set. Nonethe-
less, we believe this issue is of limited nature in our case.
First, the coefficient of variation (ratio of standard devia-
tion to mean) for the bid variable is higher than one (CV
= 1.332), indicating sulfficient variation in the variable
that can be exploited for our analysis. Second, we inves-
tigate the effectiveness of advertising for different bids
in the context of retargeting. Consumers need to have
visited our partner firm’s website to be eligible to partici-
pate in the experiment. These consumers have higher
purchase probabilities compared with consumers that
have not visited the partner firm’s website. The ad plat-
form should have little interest in bidding systematically
low for this type of consumers. Last, when looking at
the distribution of bids placed by the ad platform (Fig-
ure 2), we see that the bids we observe are clustered rela-
tively close to zero, whereas we observe fewer high bids.
This suggests that our data are not severely affected by
truncation at the lower end of bids.
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Another potential limitation of this paper is that our
experimental design does not take the so called
“defensive effect” of ads into account. The defensive
effect of advertising describes that ads draw effective-
ness not only from their direct impact on consumers’
purchase probabilities but also from the fact that they
prevent competitors from displaying their ads (John-
son et al. 2017a). Using PSAs to technically identify
consumers in the control group does not represent the
true counterfactual that encompasses the possibility
that consumers are confronted with ads of competi-
tors. There are two empirical challenges related to this
limitation. First, because we do not observe the defen-
sive effect with our design, we might underestimate
the overall impact of ads on consumers’ purchase
probabilities. This issue seems to have limited impact
on our study as we do find evidence that ads have a
positive impact on both consumers’ purchase and visit
probability. Second, in case the defensive effect is not
symmetric for different heights of bids, for example,
smaller for lower bids and bigger for larger bids, we
might not be able to detect a significant increase in ad
effectiveness with an increase in the bid. We conduct
an additional analysis in which we control for the
competition for the opportunity to serve advertising
to consumers (see Online Appendix O). When control-
ling for absolute and relative competition in our anal-
ysis, we find results in line with our main analysis.
This makes us confident that not being able to con-
sider the defensive effect of ads in our analysis is not
affecting the contributions of our work.

Given the difficulty to receive data with the right
characteristics to analyze the implications of incen-
tives specified in CPA-based contracts, we can analyze
these implications only for our focal firm that con-
ducts a retargeting marketing campaign. The specific
implications of CPA-based contracts are likely to dif-
fer when investigating them for a different firm and
context. We encourage future research, if access to
such data can be achieved, to investigate the presence
and degree of an incentive misalignment for other
firms and contexts.

9. Contributions and Managerial

Implications
This study contributes to research in the area of eco-
nomics of advertising. We investigate the implications
of commonly used incentive schemes in program-
matic advertising contracts. In our stylized model, we
show that some consumers are profitable to target
from the ad platform’s point of view but not profitable
for the firm. In practice, the magnitude of this poten-
tial incentive misalignment depends on both the
actual targeting (i.e., bidding) behavior of the ad plat-
form and the distribution of consumers in the two-

dimensional space of baseline purchase probability
(v;) and ad effectiveness (0;). Our field experiment
allows us to identify the causal impact of digital
advertising on consumers’ purchase probabilities
while simultaneously exploiting the variation intro-
duced in the bids for ad impressions by the ad plat-
form. We find evidence for the presence of an incentive
misalighment. Although ads do generally increase con-
sumers’ purchase probabilities, the ad platform targets
consumers with higher baseline purchase probability
and not those that are more receptive to ads. This find-
ing renders the ad allocation process suboptimal for the
firm. A welfare analysis for our empirical case provides
further insights on the efficiency loss of the commonly
implemented CPA-contract design. This work is the first
to provide actual empirical evidence for the presence of
an incentive misalignment between firms and ad plat-
forms in programmatic advertising. With new advances
in machine learning technologies, ad platforms will
likely continue to improve their capability to identify
consumers with high baseline purchase probability.
Although this improvement helps ad platforms to gener-
ate more revenue under the currently contracted incen-
tives, this will likely contribute to a stronger incentive
misalighment between firm and ad platform.

Beyond a clearer description and assessment of the
presented incentive misalignment, our work contrib-
utes to the literature by clarifying that the incentive
misalignment is not caused by a lack of information
on the ad platform’s side. Although it is very difficult
for ad platforms to target consumers based on ad
effectiveness, our model shows that the incentive mis-
alignment is contingent on the distribution of consum-
ers in the two-dimensional space of baseline purchase
probability (v;) and ad effectiveness (0;). This is the
case independent of the ad platform’s information
about the distribution of consumers in such a space,
that is, even if the ad platform has perfect information
and can predict consumers’ ad effectiveness. Thus, the
difficulty to predict ad effectiveness is not the reason for
the presence of a misalignment. In a contract design with
aligned incentives, if the ad platform is not able to detect
a difference in ad effectiveness for different consumers, it
should target all consumers equally, that is, bid the same
for the opportunity to serve ads to consumers.

To remedy the incentive misalignment between firm
and ad platform, we propose a novel solution to the
incentive misalignment in CPA contracts, namely
RCPA. For this solution, firms restrict ad platforms in
which consumers can be targeted by the ad platform,
based on the profitability to target these consumers for
the firm. The advantage of this solution is, that in con-
trast to previously suggested solutions (Johnson and
Lewis 2015, Xu et al. 2016, Lewis and Wong 2018), our
solution can be implemented on the firm side without
intervention from the ad platform. Our empirical
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evaluation of the solution shows that firms can drasti-
cally improve their ROI on ad spend with RCPA.

Our research clearly points to the fact the firms need
better data and better contracts to align their incentives
with the incentives of ad platforms. Incentivizing ad
platforms based on the number of absolute purchases
does not lead to serving effective advertising.
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Endnotes

' CPM stands for cost per mille (a thousand impressions), CPC for
cost per click, and CPA for cost-per-acquisition and cost-per-action,
which are used interchangeably in the ad industry. This evolution
of ad contract structures was possible because of technological
developments, most notably cookie technologies, that allow ad plat-
forms to track clicks and target actions on firms’ websites.

2 Although this approach has been criticized for being expensive,
making firms spend money on ads for consumers in the control
group that do not contribute to the firm’s success, it is still a reliable
option to assess the causal effect of ads (Johnson et al. 2017b).

3 Hinging on advertisers knowing their true valuation of an ad
impression.

4 In our model, fis assumed fixed in the short run, that is, exogenous.
Nonetheless, in the long run, the ad platform could adjust this fee,
leading to potentially interesting dynamics between the ad platform
and the firm. Those analyses are out of the scope of this paper.

5 This approximation is valid if the purchase probabilities are rela-
tively small and close to each other as it seems to be the case. In
Online Appendix A, we present our model estimating the purchase
probability with a logistic link function. The results and insights are
qualitatively similar.

8 For simplicity, we assume this profit, 7, to be the same for every
purchase instance.

7 Related research has referred to contracts that incentivize ad plat-
forms to target consumers based on ad effectiveness as cost per incre-
mental action (CPIA) contracts (Johnson and Lewis 2015). In Online
Appendix B, we present a more detailed theoretical description of
how CPIA contracts would solve the incentive misalignment.

8 This simplification seems plausible as the firm chooses one f for all
purchases reported by the ad platform. In our notation, f does there-
fore represent the denominator in a linear transformation.

9 We assume that the ad platform can consistently estimate the val-
ues of B, and fs.

1® There is an additional reason why the ad platform’s estimates of
ad effectiveness may be attenuated. The ad platform optimizes the
bid for all consumers, in both treatment and control group, at the
same time, that is, the ad platform is “blind” to which consumer is
in the treatment or control group. This joint optimization can bias
the ad platform’s (post hoc) estimate of the ad effectiveness and
consequently lead to a lower bid. However, the estimate that gets
biased is the ad platform’s estimate and not the researchers’

estimate. From Equation (8), this means that 5, and f, are not con-
sistent. More specifically, these estimates are attenuated by a factor
y corresponding to the proportion of consumers served the actual
ad (y = 0.8 in our case): f, LVﬁz? Bs l’yﬁa. As y approaches zero,
we get closer to our ideal situation in which we would be estimat-
ing Equation (9).

" Online Appendix C shows that the allocation to treatment and
control group does indeed follow a 80%-20% split, independent of
the bid, as expected.

12 We follow this approach of serving PSAs to the control group for
both technical and methodological reasons. Technically, we need to
place a cookie on consumers’ devices in the control group to identify
them as consumers in the control group. Importantly, just identifying
consumers by the cookie placed on their computers as consumers
allocated to the control group is insufficient. As for the treatment
group, not all consumers assigned to the intent-to-treat group are
treated. This can be the case because some consumers have no opportu-
nity to display an ad or the ad auction is not won and no ad is dis-
played. To ensure that our control group is comparable to the treatment
group (and not representing an intent-to-control group), the ad platform
needs to win impressions for these consumers in auctions and record
these consumers and their subsequent purchase decisions in the system.
This way, we avoid introducing a bias in our estimates by comparing
our treatment with an intent-to-control group. The treatment with the
PSAs essentially represents a placebo treatment.

'3 n all our analyses in the main section of this work, we use the first bid
of the ad platform per consumer as an operationalization of the bid varia-
ble. We do this to overcome potential endogeneity arising from within-
consumer learning throughout the experiment by the ad platform.

* Whereas our data includes only winning bids, this is not a prob-
lem in the context of our paper. First, we focus on a retargeting cam-
paign—that is, all the relevant consumers have visited the firm’s
website within 14 days before the first bid. In essence, these con-
sumers are more attractive to be served ads from the focal firm than
from a competing campaign, decreasing the concern that there is a
sizeable number of missing observations because of systematically
low bids. Second, the observed first bids vary over a wide range of
values, which provides enough variation with respect to how much
the platform values consumers (we can assess the value of advertis-
ing over a wide range of values for the bid). These two factors taken
together ensure us we can properly estimate our parameters of
interest—average ad effectiveness and the respective relationship
between ad effectiveness and consumer baseline purchase probability—
for the population of consumers that would win the bids.

5 An F test on the direct effect of advertising (8,) and the interac-
tion effect (B3) for our reduced-form model (column 2; F(2, 208534)
= 3.41; p = 0.033) indicates that the joint significance of including
the direct and conditional effect of the advertising treatment is simi-
lar to the significance of including the main effect of the advertising
treatment (column 1), with a p value of 0.051. This confirms the
expectation that the aggregate effect of ad is statistically significant.

'8 Our estimates’ precision is not qualitatively affected by adding
covariates controlling for ad characteristics, that is, format and
placement, and time controls, that is, hour of the day, day of the
month, and day of the week (see Online Appendix F).

17 Despite the coefficient of bid being endogenous, its interaction
with an exogenous variable—in this case, ad—is identified by OLS
under mild assumptions and can be interpreted causally (Bun and
Harrison 2019).

18According to our model (Equation (8)), the baseline purchase
probability is a linear function of the ad platform’s first bid. The
95% confidence intervals of the difference between treatment and
control are calculated using the formula for the difference between
two independent normal variables: 04 = y/o? + 02.
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19 We perform a sensitivity analysis for the opportunity cost g by
varying it between the minimum and the maximum observed val-
ues for the cost of the first impression in our data. We find that the
estimated welfare loss does not change substantially with this
parameter (see Online Appendix M).

20We perform a sensitivity analysis by varying this parameter
between zero and 0.04, that is, four times the standard deviation
observed for the baseline purchase probability. For very low levels
of dispersion of ad effectiveness, the ad platform regime is benefi-
cial to the ad platform, at the expense of the firm’s profit but with a
smaller loss on total welfare. (see Online Appendix M).

21 As a result of the random draws for 6, some consumers end up
having a total purchase probability outside the interval [0,1]
(v; +0; €[0,1]). We adjust the total purchase probability in these
cases so that remains within the [0,1] interval. Alternative
approaches—such as removing these consumers or keeping their
total purchase probability outside the [0, 1] interval—result in quali-
tatively similar outcomes.

22 We consider only the profits and costs for the 166,895 treated con-
sumers. Although targeting control consumers with PSAs also had
costs, these correspond to the costs of implementing the random-
ized experiment. For completeness—and under the assumption that
PSAs have no effect on the consumers’ purchase likelihood—targeting
20% of the consumers with PSAs cost the firm 1.19 standard devia-
tions per 1,000 consumers, or a total of 49.40 standard deviations of
the firm'’s revenue.

22 The firm is technically able to exclude an individual consumer
from being targeted by setting a flag that is stored in a tracking
database and linked to a consumer identifier, that is, cookie.

24 Although this is not the ideal targeting strategy from the firm’s
perspective—the firm would want to target consumers in both
regions 1 and 4—it is a compromise in which only consumers that
are valuable for both ad platform and firm are targeted. This does
not mean this is a suboptimal solution. To determine whether a sol-
ution is optimal, we need to identify the efficient outcome. The rea-
son why consumers in region 4 are not targeted with the ad from
the focal firm, is because the ad platform prefers to serve other ads
to these consumers. This means that these consumers are likely
being served the ad they value the most, leading to an efficient
outcome.

25 For simplicity we assume a constant profit contribution, 7, for all
consumers. This is for example the case for a firm that sells a single
product. For firms with a heterogeneous product portfolio, the aver-
age profit contribution can serve a sensible proxy.

26 Online Appendix I presents details on the machine learning mod-
els used for RCPA.

27 These economic implications of the different RCPA strategies
will differ from empirical case to empirical case as they depend on
consumers distribution in the v;-0;-space.
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