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ABSTRACT
Computational advertising (CA) is a rapidly growing field, but there are numerous chal-
lenges related to measuring its effectiveness. Some of these are classic challenges where CA
offers a new aspect to the challenge (e.g., multi-touch attribution, bias), and some are
brand-new challenges created by CA (e.g., fake data and ad fraud, creeping out customers).
In this article, we present a measurement system framework for CA to provide a common
starting point for advertising researchers to begin addressing these challenges, and we also
discuss future research questions and directions for advertising researchers. We identify a
larger role for measurement: It is no longer something that happens at the end of the
advertising process; instead, measurements of consumer behaviors become integral
throughout the process of creating, executing, and evaluating advertising programs.

Computational advertising (CA) presents an unprece-
dented opportunity for measuring the short- and
long-term effectiveness of advertising. Simply defined,
CA is personalized communication that uses compu-
tational power to match the right ads and advertisers
with the right consumers at the right time in the right
place with the right frequency to elicit the right
response. Computational advertising—and the myriad
digital media through which it is delivered—offers an
explosion in the volume, variety, and velocity of data
available; therefore, it provides new fuel for today’s

more powerful machine learning and analytical tech-
niques. At the same time, CA is being deployed in
environments where highly increased personal identi-
fication and tracking across touch points, formats,
and media create an opportunity to measure effective-
ness at a personal level across disparate elements of a
campaign and over time. The nature of these touch
points presents new types of data and presentation
opportunities, from geotemporal data, search histories,
and voice interaction to personalized placement
opportunities embedded in other media. Together,
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these changes allow us to incorporate the diverse metrics
from fields such as social media (e.g., Peters et al. 2013),
recommender systems (e.g., Herlocker et al. 2004), and
mobile advertising (e.g., Narang and Shankar 2019) to
augment more traditional advertising and marketing
metrics (e.g., as surveyed by Farris et al. 2010) and fur-
ther extend these metrics to look at the broader context
and scope of the full campaign, full brand, and
full consumer.

Indeed, the entire nature of metrics is changing.
No longer simply used to evaluate past performances,
metrics today are an integral part of the algorithmic
apparatus through which advertisements are targeted
and delivered and are the basis for optimizing the per-
formance of the advertisements generated and deliv-
ered by these algorithms. In 2018 eMarketer reported
that more than 80% of digital desktop and mobile ads
were sold and delivered through programmatic algo-
rithms and auctions (eMarketer 2018). These plat-
forms succeed or fail based on the data they
incorporate to make these placement decisions. Yet as
enterprises spend increasing amounts on advertising,
marketing, and their technologies (AdTech/Martech),
the reality is an increasing lack of trust in marketing
effectiveness (Odden 2018). That lack of trust has led
to challenges to the dominant players in CA, the
duopoly of Google and Facebook. Behind their walled
gardens, they deliver measurement and reporting, but

their metrics have been strongly questioned, such as
in one case being fined for misrepresentation
(Spangler 2019). The wisdom of enterprises investing
$273 billion annually in online advertising has also
been questioned, alongside challenges to the rigor of
measurement and whether online advertising is effect-
ive at all (Frederik and Martijn 2019). Thus, in this
article, we necessarily look at metrics from both per-
spectives: measurement to facilitate better perform-
ance and measurement to evaluate that performance
to make business decisions (and to support research
on advertising itself).

Our vision is not new. When Claude Hopkins first
published Scientific Advertising in 1923, he outlined a
vision where advertising investments could be more
predictable and accountable, insights more strategic
and actionable, and experimentation more accessible
and affordable. Today’s CA systems bring us close to
the vision he stated nearly a century ago: “The time
has come when advertising has, in some hands,
reached the status of a science. It is based on fixed
principles and is reasonably exact. The causes and
effects have been analyzed until they are well under-
stood” (Hopkins 1968, p. 6). But our goal is more
ambitious yet: to bring this power not just to “some
hands” but to advertisers and marketers in general.

To achieve these goals, we start with a framework of
the CA process and its context (see Figure 1). Through

Figure 1. Computational advertising measurement system.
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this framework, we see the relationship between the CA
system as a whole and its constituent parts, revealing
the opportunities for measuring effectiveness at both
computational and human points in the system. The fig-
ure shows a CA engine at the center of the system, and
in turn highlights the dual optimization struggle of all
such machine learning systems: They seek to exploit the
data they have to deliver better performance today (i.e.,
delivering the right advertisements to the right people at
the right time and location), while also seeking to
explore the data they receive to be better able to
improve performance tomorrow (i.e., delivering adver-
tisements specifically to learn how recipients react rather
than with confidence about their effectiveness). After we
discuss this framework, we address the challenges for
CA measurement.

A Computational Advertising
Measurement System

Measurement of Strategic and Tactical
Effectiveness in Computational Advertising

As with traditional advertising, marketers should
begin with their business objectives (financial and
business planning; see Figure 1), which will guide
strategic and tactical choices. Moreover, agreeing on
objectives is necessary to evaluate the success of a
campaign. After establishing objectives, the marketer
develops strategies (i.e., how to achieve the objective),
and the strategies give rise to tactics (i.e., how to execute
the strategy) to identify customers with a high return on
investment (targeting) across media (touch points) and
through communications. The strategy itself is increas-
ingly informed by the data, algorithms, and models, lev-
eraging data on consumer attitudes and brand
perceptions. Today, as Figure 1 makes clear, digital data
provide rich sources of information on consumer atti-
tudes, in particular from social media and review sites
(Maslowska et al. 2019). CA is, therefore, playing an
increasing role in strategic planning and tactical execu-
tions. In addition, data-intensive CA generates feedback
loops, with continuous feedback from tactics to improve
both strategy and tactics, from the signals in the market-
place that inform the enterprise about consumer
response to their advertising.

Advertising tactical execution of advertising com-
prises several dimensions: targeting, messaging, con-
sumer journey planning, channel delivery, and sales
distribution (see Figure 1). Tracking the customer jour-
ney through the purchase funnel can further help to
determine the optimal combination and sequence of
content and touch points (see Van Noort et al. 2020).

As stated by Perlich et al. (2012), “We want to address
the right browser with the right message at the right
moment and preferably at the right price” (p. 805).
Although purchase paths are less linear nowadays, it can
be argued that customers still go through different stages
(e.g., awareness, consideration, purchase, postpurchase)
and have different communication needs at each stage
(Batra and Keller 2016). The algorithms and models of
CA were initially focused on targeting the right messages
to the right consumers. With developments of new con-
sumer interfaces, the role of computation has expanded
to embrace planning of the “end-to-end” consumer
journey through the purchase funnel and the measure-
ment of “omnichannel” marketing campaigns across
digital touch points. The tactical delivery of messages
and content is increasingly driven by computation.
Advertising messages that were once delivered with
mass media are now personalized to individual consum-
ers, regional markets, and social communities. While
personalization has been possible for many years, it is
increasingly done in real time with better data that have
been collected or purchased about the target customer
(Segijn and van Ooijen 2020). In addition, the decisions
about whom to target, when, and with what message
are made more quickly in CA compared to traditional
advertising (Malthouse, Maslowska, and Franks 2018).

Data for the Computational Advertising
Measurement System

A main difference of the CA framework compared to
a framework for traditional advertising is the multiple
information sources and data types that feed into the
computational engine at the heart of CA (Figure 1).
We classify four data types. First, there are advertising
investments and media activities, which include all
investments and resources at the command of adver-
tising—in other words, ad spend (paid, owned, and
earned media), activity/volume, campaigns, and pro-
motions. Second, there is brand and curated content
in multiple formats, which include all investments and
resources at the command of marketing to improve
the brand—in other words, communication themes
and topics, messaging, and customer experience (CX),
including service. Third, we have brand health and
consumer perceptions, which include measures of
brand and corporate attitudes which have historically
come from surveys and qualitative research but are now
often computed from social media. Finally, there are
consumer profiles, media audiences, and context. These
consumer 1:1 data consist of first-, second-, and third-
party data (for an overview, see Malthouse, Maslowska,
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and Franks 2018) about customers. A newer category of
data is “zero-party” data, which are data that an organ-
ization gathers directly from consumers, for example,
through questionnaires or quizzes.

In addition to different types of data, advertisers and
marketers need to take the context of data into account.
Context refers to the current circumstances of the con-
sumer receiving the ad message, such as time of day,
location, or device. Malthouse, Maslowska, and Franks
(2018) discuss context as who is with the consumer at
the time of exposure, what the person is currently doing,
what time of day it is (when), where the consumer is
physically, how the consumer is experiencing the touch
point (e.g., type of device), and why the consumer is
doing what he or she is currently doing. Note that this
definition of context is broader than that of contextual
targeting, where advertisers match their ads to the sur-
rounding media context, for example, placing car ads
next to articles about cars. Adomavicius and Tuzhilin
(2011) provide a thorough literature review of contextual
personalization, discuss context-aware recommender sys-
tems, and identify three different algorithmic approaches
to handling context. Herlocker and Konstan (2001)
hypothesized that the inclusion of knowledge about the
user’s task into the recommendation algorithm in cer-
tain applications can lead to better recommendations.

Computational Advertising Measurement and
Stakeholders

Within CA, various pieces of the aforementioned data
are used in the processes of business and planning,
advertising strategy, and tactical execution. In Table 1
we set out CA metrics that are outputted when these

processes, combined with CA data, make their way
through the CA measurement system.

As shown in Figure 1, we classify metrics into three
levels: business and brand value; revenue, sales, and
profitability; and consumer behaviors, actions, and
interactions. This classification enables us to focus on
the needs of multiple stakeholders internal or external
to an enterprise. Different stakeholders have different
objectives for the enterprise’s investment in advertis-
ing and therefore require different metrics to be meas-
ured to evaluate CA’s effectiveness. These metrics are
typically related to the effects of advertising over time.
As a reference, a spokesperson for a leading CA plat-
form has similarly proposed an impact matrix
(Kaushik 2019), in which different metrics are calcu-
lated and reported for different intervals: real time/
weekly, monthly/quarterly, and biannually.

The roles of different stakeholders in an enterprise,
the decisions they will take, and the time scale in which
success or otherwise is determined are all factors that
govern the metrics important to them. Researchers have
studied the shorter-term effects of advertising versus the
longer-term effects of offers and promotions (Blattberg,
Briesch, and Fox 1995). Practitioners have also studied
the balance between (longer-term) brand building and
(shorter-term) demand generation (Binet and Field
2013). The growth of CA means that advertising manag-
ers have immediate access to short-term metrics of cus-
tomer interactions, which may or may not always result
in revenue, margin, and profitability for the enterprise.
External stakeholders also have specific goals and met-
rics for the measurement of an enterprise’s advertising.
Figure 2 lists some exemplary metrics for internal and
external stakeholders.

Table 1. Data inputs and outputs in computational advertising.
Process Objectives Data Sources Metrics

Enterprise strategy Quantify the marketplace in which
the firm operates

Consumer culture, macroeconomics,
competition, regulation

Business and brand value (e.g., total
shareholder value, return on capital,
pricing power, brand equity, customer
loyalty, lifetime value)

Quantify the firm’s business
objectives for advertising

Business objectives, short- and
long-term key performance
indicators (e.g., return on
investment for multiple
stakeholders)

Quantify the firm’s financial metrics
for investment decisions

Financial objectives (e.g., internal
rate of return, organizational
competencies, resources,
constraints)

Advertising strategic
planning

Define the strategic plan (e.g.,
consumer insight, brand
communications, media paid/
owned/earned)

Advertising investments, media
activities Brand health and
consumer perceptions

Revenue, sales, and profitability (e.g.,
revenue, sales margins, customer
acquisition, retention and cross-selling,
channel, audience, and campaign
return on investment)

Advertising tactical
execution

Define the tactical executions (e.g.,
targeting, messaging, consumer
journeys, channel delivery, sales
distribution)

Consumer profiles, media audiences,
and context Brand and curated
content in multiple formats

Consumer behaviors, actions, and
interactions (e.g., traffic, responses,
likes, posts, shares, following, sign-ups,
registrations, comments, complaints)
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The Computational Advertising Engine

Part of the CA process is the use of various analytical
methods in the “computational engine” to optimize strat-
egy and tactics (Figure 1). In strategy development, com-
putational methods are being used to analyze the topics
of conversation in a marketplace and define future
opportunities of brands to compete (e.g., Fan and
Gordon 2014). In tactical executions, computational
methods are used to place a bid to expose some user,
recommend certain items to a user (Ekstrand, Riedl, and
Konstan 2011), or predict how likely the user is to churn
or convert (Burez and Van den Poel 2009; Li and Guan
2014). There are many different methods depending on
the stakeholders and their objectives. These methods fre-
quently involve the use of computational algorithms (for
an overview, see the editorial of this Special Issue).

The computational engine in Figure 1 leverages algo-
rithms and applies models based on these algorithms to
solve problems in general, measure the contributions of
data inputs, and evaluate the effects of multiple variables
in the CA system. The next step in the CA process is to
deliver messages to consumers through their connected
devices. Devices become channels around which prolif-
erating advertising and marketing technology solutions
have been created to deliver the message, manage and
analyze the data, and report the metrics (see the media
group paper in this special issue for more details). Every
channel results in specific consumer responses and

generates different metrics. Web analytics is based on
clicks, while social analytics is based on likes and shares.
However, a like on one social media platform may not
have the same impact as on another platform, or as a
retweet on Twitter.

The measurement challenges start here. Further,
while the measures that come from digital channels tend
to be behavioral, not all objectives map directly onto
behaviors that can be easily observed, and behavioral
measures may have to be supplemented by other
research designs, analytical methods, and models. For
example, attitudinal measures will be necessary to
understand the user’s cognitions, emotions, and beliefs
about touch points and the brand. In the next section,
we further elaborate on measurement challenges in CA.

Computational Advertising’s Measurement
Challenges

A key question for all organizations is what they should
be measuring. Before answering this question, an organ-
ization should consider why it should measure some-
thing. As mentioned in the introduction, two main
reasons for measuring variables are (1) to evaluate the
performance of advertising and manage ad decisions,
which is the more traditional reason for measurement,
and (2) to improve or optimize the performance of
advertising systems. As an example of the latter, a

Figure 2. Metrics important to different stakeholders. Order of boxes do not reflect importance.

450 J. T. YUN ET AL.



www.manaraa.com

retailer may choose to measure customers’ behaviors on
its website so that it can personalize future interactions
with customers, which will make the website more likely
to be effective. The measures that are tracked often
become the things that employees will optimize through
their decisions and actions, especially if the measures are
tied to their compensation. Thus, it is important to be
measuring the “right” things. This section discusses con-
siderations in deciding what to measure. The first part
focuses on evaluation of performance with an emphasis
on how CA affects these classic challenges with new
complexity, data, and/or opportunities. Our list is not
exhaustive, and we recognize that there are many other
difficult classic challenges in advertising measurement,
such as measuring the duration and cumulative effects
of ads, but we focus the discussion here on what is new
because of CA. The second part details challenges for
measuring variables to optimize performance.

Challenges in Evaluating Ad Performance Where
CA Offers Something New

Short- versus Long-Term Measures
Strategic business objectives are longer term, but in
CA campaigns the measurement starts immediately, in
real time. Yet many factors in advertising, in particu-
lar the measurement of creativity in shifting consumer
perceptions, affect long-term metrics and outcomes. A
common remedy for these problems is to decompose
the long-term goal into shorter-term activities that
lead up to the long-term goal, such as the purchase
funnel or hierarchy of effects. The decision on what
to measure depends on how to decompose long-term
goals into short-term goals and confirming their rela-
tionship with the long-term goal.

As an example, consider a business-to-business
(B2B) consulting firm that ultimately wants to sell
services to clients (a longer-term goal). However, its
sales cycles can last months or even years, and sales
are affected by multiple touch points and content over
time. Thus, the longer-term objectives need to be
achieved through development of shorter-term activ-
ities. These activities may use short-term metrics, but
they must also be evaluated for their contributions to
the longer-term objectives. It may start with making
clients aware of the firm, which is likely to require
mass-advertising approaches, such as TV ads
(Bronner and Neijens 2006; Dijkstra, Buijtels, and
Van Raaij 2005). A later goal might be to have a client
subscribe to the company newsletter so that the con-
sulting firm has permission to market directly to the
client. This phase likely involves more branded

content in the form of white papers, podcasts, and in-
person events, such as conferences or lunch presenta-
tions (Wang et al. 2019). A next step might be having
a sales call, then submitting a bid or request for pro-
posal (RFP), and so on. There are many steps along
the way to a sale. There may be even longer-term
objectives, such as repeat purchases and customer life-
time value (CLV) (Figure 2).

Just as long-term goals must be decomposed into
short-term ones, CLV, which is the discounted sum of
future cash flows due to the relationship, must also be
decomposed because it is a forecast rather than a met-
ric. Enterprises can (and should) measure factors that
indicate CLV, including retention rates, average order
amounts, purchase rates, and costs to serve the cus-
tomer, but they cannot measure CLV itself.
Furthermore, they should identify and measure lead-
ing indicators of these CLV determinants. In the B2B
consulting firm example, engaging with the firm’s
digital content marketing is such a leading indicator
of purchase (Wang et al. 2019).

There are several challenges. The first is confirming
that the short-term metrics have predictive validity in
that they are leading indicators of the long-term goal.
For example, Comscore and Pretarget ran an industry
study that looked at metrics such as ad clicks to see if
they were truly correlated with conversions to online
sales (Lipsman 2012). After analyzing 263 million
impressions over nine months across 18 advertisers in
numerous verticals, they found, surprisingly, that ad
clicks had no significant correlation to sales conver-
sions. Maximizing the short-term goal of clicks may
not lead to the long-term goal of conversions. CA
exacerbates this problem because so many things are
now easy to measure. The fact that something like
clicks is easy to measure does not mean that it is a
leading indicator of long-term goals, and the firm
should evaluate predictive validity when select-
ing measures.

A second challenge is to avoid the trap of optimiz-
ing against short-term objectives having a negative
impact on the long-term goal. For example, a service
provider (for example, a car mechanic) may have a
short-term goal of cross-selling other services, but the
service provider may realize that those buying these
other services are less likely to return in the future.
Optimizing against a short-term objective (cross-sales)
could harm longer-term objectives (e.g., repeat pur-
chase, CLV). Binet and Field (2013) have studied
long- and short-term marketing strategies and ques-
tion whether long-term objectives can be achieved by
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a series of short-term activities measured by short-
term metrics.

Multitouch Attribution
CA offers the ability to track exposures over time in
more detail than ever before, but another challenge is
multitouch attribution: There can be many touch
points (e.g., ad exposures) over time, and the problem
is determining which ones contribute to the outcome.
For example, a common practice is to attribute a sale
to the most recent touch point, where the last click
“wins.” The problem with this is that the last click
may not have happened if the consumer had not been
exposed to many other brand messages prior to seeing
the most recent message. Previous messages could
have made the consumer aware of the brand and
changed brand associations, which was necessary
before the consumer would buy the product. How
much credit should be given to the last contact versus
the previous ones?

A similar problem is that there is often a high cor-
relation between spending in different advertising
channels; for example, if there is an increase in the
overall ad budget, then a firm might allocate it pro-
portionally across channels, in which case channel
effects would be confounded. Naik and Peters (2009)
do not attempt to estimate individual channel effects
and instead use the principal component of offline
spend in different channels (TV, radio, magazines,
etc.) to handle multicollinearity. Using such an aggre-
gated measure may be the most defensible modeling
strategy for multiple channels unless it is possible to
run experiments with orthogonal designs.

Causation versus Correlation and Endogeneity in
Measuring the Effectiveness of CA
There are two broad categories of research designs for
assessing the causal effects of advertising: randomized
controlled trials (RCTs) and observational studies.
Observational studies include those with quasi-experi-
mental methods, such as difference-in-differences and
regression discontinuity designs, and those with statis-
tical/econometric models, such as regression and
choice models using time-series, cross-sectional, or
panel data. (e.g., Assmus, Farley, and Lehmann 1984;
Liu and Shankar 2015).

While RCTs are often held up as the gold standard
for testing causality because of their strong internal
validity, they are often expensive to execute. Firms
often have systems that are designed and optimized to
do one thing well, while RCTs require systems to
track and randomly assign customers to condition

groups over time and across multiple touch points. In
addition to the costs of executing RCTs, management
is often reluctant to risk losing additional revenue by
setting aside a control group. Furthermore, RCTs may
not be feasible in many situations because it may not
be possible to randomly assign advertising treatments
across a target audience. Given these issues, it is easy
to understand the appeal of observational studies.

The debate over the internal validity of observa-
tional approaches dates back to at least the 1950s
(e.g., studies on whether smoking causes lung cancer).
Endogeneity of advertising is a key concern that pre-
cludes the conclusivity on the causality of advertising
for nonrandomized studies. In observational studies,
endogeneity is typically controlled through instrumen-
tal variable approach, propensity scoring models, con-
trol function method, and copula techniques (e.g., Liu,
Shankar, and Yun 2017; Liu-Thompkins and
Malthouse 2017). DeKimpe and Hanssens (2000)
show the potential for time-series models to quantify
short- and long-term marketing effects. The increased
availability of customer behavior measures over time
in digital advertising environments enables more
widespread use of such models. While these
approaches can mitigate endogeneity concerns to a
considerable extent, they cannot substitute for RCTs.
Indeed, Gordon et al. (2019) compare RCTs with dif-
ferent methods in CA and find that observational
studies often fail to accurately measure the true effects
of advertising. Many of the critiques of current CA
measurement systems arise from a confusion between
correlation and causation.

However, the rate of adoption of such models by
mainstream practitioners has been slow. Kireyev,
Pauwels, and Gupta (2016) studied the influence of
display ads on search behavior, applying Granger
causality tests to separate correlation from causality
and measuring the spillover effects over time across
media to reach a true measure of the contribution of
two media. Their analysis reveals the challenges of CA
measurement as well as indicates a path forward for
future researchers. It is often easier to execute RCTs
with high internal and external validity in digital envi-
ronments than in the nondigital environments of the
past. The challenge for academic scholars is getting
access to and manipulating stimuli in these digital
environments, which tend to be controlled by compa-
nies and other organizations.

Incrementality
Another measurement issue is whether advertising
increases a criterion like sales. There are many situations
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where this is an issue. An older example comes from
retailing (e.g., Hansotia and Rukstales 2002). Suppose
that a retailer sends coupons to its customers. It is easy
to measure how many coupons are redeemed and how
much those redeeming them spend, but would the cus-
tomers have come into the store anyway? If so, the
effect of the coupon is only to reduce margins on a sale
that would have happened without the coupon. As a
trivial example, coupons given to customers who are
entering a restaurant will almost certainly be redeemed,
but the customers would have dined there anyway and
paid full price. More modern examples include paid
search. For example, a retailer might buy its brand
name as a search term, but a customer who searches for
the brand name online may find the brand without
the retailer having to pay for the search term. See the
work of Lewis and Reiley (2014); Johnson, Lewis, and
Nubbemeyer (2017); and Olaya, Coussement, and
Verbeke (2020) for recent surveys and benchmark-
ing studies.

Challenges around Optimizing Advertising
Contact Points

One answer to the question of what to measure is to
measure first-party variables that improve the effect-
iveness of some marketing contact, often through
improved relevance (personalization) or targeting. The
behavioral and contextual factors discussed in the pre-
vious section are prime candidates. Another reason to
measure something is if it has value to other actors
(second-party data); a firm may be able to charge
other firms for the information it has on its customers
(Line et al. 2020). There are many research areas that
arise because of such data.

Multiple Objectives and Metrics
Advertising has often focused on a small set of objec-
tives, such as changing an attitude or increasing
awareness. Designing digital CA environments that
create user experiences usually involves managing
trade-offs between many competing objectives, which
often arise because of multiple stakeholders. Firms
need to consider the different stakeholders and design
measures to reflect their needs. For example, a retailer
recommending items to consumers on its website
must consider the users’ utility for different items, as
well as whether the manufacturer will pay to be a
sponsored recommendation, the item’s profit margin,
and perhaps strategic considerations such as expand-
ing its presence in some category. Likewise, a media
website recommending news stories must consider the

user’s utility for stories, but also the needs of its
advertisers. For example, if automotive stories are
never recommended, then there will be lower traffic
to such stories, and auto advertisers may not obtain
the exposures they seek from the website. It may have
other objectives around not creating filter bubbles or
expanding the interests of the user.

Fake Data and Ad Fraud
Malthouse and Li (2017) discuss fraud in CA via auto-
mated computational bots or low-paid click-farm
workers that generate fake clicks on online ads, espe-
cially if those ads are using a pay-per-click pricing
system. Encountering fake data generated in an effort
to boost pay-per-click ad revenue has been a challenge
for CA measurement systems. Fulgoni (2016) also dis-
cusses advertising fraud. More recently, a Pew study
found that 66% of tweets are from “automated
accounts” (Wojcik et al. 2018), and there are similar
concerns around fake reviews. A free browser exten-
sion called AdNauseam was released (Howe and
Nissenbaum 2017) that blocks ads and trackers.
However, it also stores ads that users have been sent
so that they can review their history of ads; in add-
ition, it floods online ads with fake clicks. The crea-
tors suggest that their open-source project is driven
not by a desire for financial gain but rather by a
desire for greater societal privacy. Their reasoning for
including a fake click function on top of an ad blocker
was their attempts at both technologically protesting
the current state of CA as well as technically upending
CA. Although technical solutions are likely to be built
to counteract fake data (e.g., machine-learned detec-
tion of fake click patterns), one stream of solutions
would be opt-in ads (e.g., permission marketing, zero-
party data collection), as AdNauseam shows how soci-
ety is pushing back on privacy issues.

Expanded Set of Data Measured
Current CA approaches profile customers through
numerous means such as website cookies, data mined
from social media profiles, or data purchased from
third-party sources. Technological advancement will
continue to bring new avenues of customer data col-
lection and allow for measurement of CA effective-
ness. For example, wearable technologies such as
virtual reality headsets, augmented reality glasses, and
even Elon Musk’s investment into a brain implant
technology called Neuralink (Scaturro 2019) should
enable new ways to collect customer data, behavioral
metrics, and even psychological metrics to measure CA
effectiveness. Voice-enabled smart speakers, such as
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Google Home and Amazon’s Alexa-enabled Echo prod-
ucts, can also open up new avenues of CA measurement
and metrics. Amazon started testing audio ads via its
Alexa products this year (Sloane 2019), thus opening up
the opportunity to connect an audio ad “impression” to
a sales conversion on whatever e-commerce site is being
advertised. In addition, bringing together previous
research on vocal tone and emotions (Devillers,
Vidrascu, and Layachi 2010) and response latency’s
correlation with attitude strength (Bassili 1993), voice-
enabled smart speakers can open up even more oppor-
tunities for CA behavioral (e.g., audio ad impression to
sales conversion) and psychological measurement (e.g.,
vocally detected emotion and/or attitude strength).

At the same time, Google recently announced that
they would phase out all third-party cookie tracking on
their Chrome browser for advertising (Graham 2019);
social media platforms are tightening privacy controls of
people’s profile data; and recent research has shown that
customer profiles built from purchased third-party data
may not be worth the cost, due to the black-box nature
of how profiles are created (Neumann, Tucker, and
Whitfield 2019) and ethical concerns (Strycharz et al.
2019). Future data access research questions need to
consider the ethics behind all of this.

Creeping Out Consumers
Technological advancements will create more sophisti-
cated techniques that can be used to collect customers’
personal data and to more accurately distribute mes-
sages to customers (Malthouse, Maslowska, and
Franks 2018; Segijn and van Ooijen 2020). As men-
tioned, CA is assumed to further improve the effect-
iveness of a message because it will be personalized.
However, at the same time personalization may be
perceived as invasive to a customer’s privacy, may cre-
ate discomfort, and may increase feelings of being
watched (McDonald and Cranor 2010; Segijn and van
Ooijen 2020; Smit, Van Noort, and Voorveld 2014).
In turn, how customers feel toward messages that are
personalized can influence the effectiveness of those
messages (Aguirre et al. 2015). Therefore, marketers
have to balance between accurately matching the mes-
sage with the consumers’ needs without creeping
them out by being accurate all the time—also known
as the accuracy trade-off (Segijn 2019). Eventually,
technological advancements may become so sophisti-
cated that, at a certain point, machines can learn
when to make a random “mistake” on purpose to
appear to not know too much on a personal level and
avoid creeping out customers, which will result in the
most effective strategy. However, this would work

only when input about the effectiveness of the cam-
paign accurately reflects reality. Thus, optimizing the
measurement of metrics is important because it will
serve as input to optimize the effectiveness of the CA-
driven campaign.

Behavioral versus Psychological Data
Another challenge is related to the distinction between
behavioral and psychological metrics Hofacker,
Malthouse, and Sultan (2016, p. 93). By behavioral
metrics, we mean records of the customer’s actions.
By psychological metrics, we mean measures of the
customer’s thoughts, feelings, or beliefs. The goals of
advertising, especially in the upper funnel, are often
psychological in nature, such as changing an attitude
or making consumers aware of something. There are
problems in measuring such psychological phenomena
with behavioral metrics. Psychological metrics are typ-
ically gathered with self-reported surveys on a sample
of customers and possibly noncustomers, although
neuro measures and machine-learned detection (e.g.,
Yun, Pamuksuz, and Duff 2019) are being explored.
The digital environment in which CA takes place gen-
erates an abundance of behavioral data for all custom-
ers who interact in the environment. Behavioral
measures could be called a convenience census of cus-
tomers, in that measures are known for all customers
who visit but are usually not observed for noncusto-
mers. There are additional challenges in that observed
actions may come from different time periods and
have different levels of completeness, in that less is
known about customers who rarely visit. While previ-
ous behaviors are often a good indicator of future
ones, thoughts, emotions, and beliefs are more malle-
able in that they can be altered with persuasive mes-
sages. Therefore, it is desirable to have a complete
understanding of both the cognitions and behaviors
of customers.

Bias in Data and Algorithms
Sampling and measurement biases have long been a
challenge in advertising measurement. The biases,
however, are somewhat different in CA compared to
non-CA, but they do exist. In the past, advertising
scholars were concerned about the validity of self-
reports and the representativeness of different panels.
In contrast, CA scholars worry about issues including
convenience censuses, algorithmic biases, and the
effects of nonhuman (i.e., bot) traffic. There has been
a recent movement in the computational creation of
advertisements through which social media profiles
and behaviors (Dragoni 2018) or browsing behaviors
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(Deng et al. 2019) are used to generate creative con-
tent using artificial intelligence (AI). Although such a
practice may provide benefits (e.g., less stress for
humans to create millions of different advertisements
for real-time bidding (RTB) marketplaces, Deng et al.
2019), relying on AI for automatic content creation
and recommendation can have detrimental effects
from underrepresentation and bias standpoints. Bias is
a major concern in the design of AI systems (e.g.,
Abdollahpouri et al. 2019; Shankar et al. 2017).
Previous research in underrepresentation within
advertising shows that certain ethnicities, such as
Latinos (Taylor and Bang 1997), and age groups, such
as the 50-and-older group (Carrigan and Szmigin
1998), were highly underrepresented in advertising.
This bias poses a problem with the movement toward
AI and computational content creation and content
recommendation. For example, Google received nega-
tive reactions when its AI algorithms within its
Google Photos product mislabeled Black people as
gorillas, but this was a result of underrepresentation
of people of color within their image collections, as
well as a lack of racial diversity within Silicon Valley
as a whole (Guynn 2015). Most of the images of peo-
ple used to train Google’s AI were White, thus the
algorithm learned that “people” are best recognized by
“white” skin tone. If CA algorithms are being trained
by data from previous advertisements that largely
show young, non-Latino people, the majority of AI-
generated creative content will contain young, non-
Latino models. Some potential research questions for
the challenge of biased data include the following:
What are some ways that CA data representativeness
can be measured? How does the concept of biased
data change or remain the same when CA is highly
customized to an individual? How can CA bias be
measured and addressed?

Future Research and Conclusions

We now discuss some future research topics that ad
scholars should consider. These research topics will
inevitably affect CA measurement. One question we
can consider: How can data-driven decisions be
blended with human expertise? As a rough rule of
thumb, machine learning tends to excel when there
are ample historical data and the business environ-
ment is stable, while humans tend to have an advan-
tage in handling ambiguous or quickly evolving
situations without much data. Designing hybrid ad
systems that leverage the strengths of each will be a
new frontier in ad research. A related topic is

designing ad programs to accomplish long-term goals
when data are scarce for training models. For
example, what actions should an advertiser take each
month/quarter/over the next three years to achieve
some strategic goal, especially when historical data
have limited relevance? This situation likely requires a
parsimonious model with a small set of ad decision
variables and theoretical understanding of the ad
effects. The advertising literature is replete with theo-
ries that would be useful in developing such systems,
but developing such systems also requires skills from
machine learning and management/marketing science.

Another area for future research is improving advertis-
ing by using information about the consumer’s context, as
availability of contextual information will continue to
increase as more digital devices are invented and consum-
ers adopt them. Devices will increasingly come with
microphones, cameras, heart-rate and body-temperature
monitors, eye trackers, and other new ways of monitoring
sensory variables. Likewise, there will be methodological
improvements for inferring individual consumer attitudes,
emotions, and beliefs. How will the availability of such
measures change advertising? How do organizations cre-
ate trust and avoid consumer backlash? As such data pro-
liferate, there will be a need to develop ethical guidelines,
modes of consent, codes of practice, data-selling/owner-
ship laws, and other standards. There will be a need for
research on how to earn the trust of consumers and not
unnerve them with overly personalized contact points. As
a consequence of the SARS-CoV-2 pandemic that began
in early 2020, the effects of which cause the disease known
as COVID-19, this area is especially dynamic and there-
fore in need of research. Consumer attitudes toward data
collection and monitoring will likely evolve when it is
used to create benefits for consumers, such as contact
tracing and predicting where the next outbreaks will hap-
pen. We see a natural experiment occurring across
Europe, the United States, and China, with the govern-
ments implementing different monitoring practices.

Advertising scholars are not the only people work-
ing on these issues. Other fields studying similar
issues include recommender systems (Harper et al.
2005), persuasive computing (human–computer inter-
action and computer-mediated communication), mar-
keting science, data mining, and machine learning.
This is an opportunity for advertising scholars to
come together with people working on the same prob-
lems but with different methods and approaches.
Beyond answering specific questions about the effects
of advertising, CA scholars can learn from other
research communities that are steeped in data, such as
computational biology, genetics, and epidemiology.
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We also note that other business functions, such as
manufacturing, supply-chain management, financial
and insurance management, and firm valuation, have
been transformed by data. Consumer behaviors in
other areas such as traffic patterns and medicine have
also been subject to intense data analytics. Researchers
can test whether CA meets the same rigor and stand-
ards as these other communities and explore methods
and practices that they can adopt and adapt from
these disciplines.

There is an argument that advertising is “special”
because it is a discipline that is both behavioral and psy-
chological. Yet the fact that we are still discussing the
same age-old questions (e.g., “Is half my advertising is
wasted?”) in an age of big data and computation sug-
gests challenge areas for researchers that are of vital
importance: What metrics exist today? Are they of
value? What metrics are missing? What methodologies
to assess advertising effectiveness are used today? Are
they appropriate for the goals of firms and needs of a
consumer-led marketplace? Why is there not more
experimentation? Why is there a divide between survey-
based metrics and behavioral metrics?

Finally, there is a risk that CA is “failing” because of
manipulation by bad actors that results in consumer dis-
affection and fraud. While this issue is not the focus of
this article, we believe adoption of the right metrics and
methodologies can be mitigating factors. If digital adver-
tising is annoying, we can measure opt-outs and ad
blocking at the same time as we measure clicks and
sales. Machine learning optimizes a user-specified object-
ive. If the wrong objective (e.g., maximizing clicks) is
pursued, machine learning will be very good at optimiz-
ing it, but it might do more harm than good. The cur-
rent advertising landscape holds many well-defined
challenges for researchers.

We conclude by reiterating the importance of
measurement and methodology for CA. CA is the
basis for the success of several of the most valuable
firms today. CA has also contributed to Schumpeter’s
creative destruction of enterprises at a scale and pace
never seen before. As we move forward, CA will likely
assume greater importance. The measurement, met-
rics, methods, and models, including experimentation,
of CA will continue to evolve in ways not experienced
before. Measurement is not just the final box on the
side of an advertising flow diagram; it is an integral
component of the systems themselves.
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