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Abstract

The authors investigate the impact of online news content on the effectiveness of display advertising. In a randomized online
experiment, participants read news articles randomly paired with brand advertisements. Leveraging nonintrusive eye-tracking
technology, the authors measure individual attention to both articles and ads. The authors then measure ad recall, and partici-
pants choose between cash and brand-specific vouchers. Heightened attention to articles results in “spillover” attention to ads on
the same page, which, in turn, increases both brand recall and purchase probability. The authors also consider the effect of news
content type, differentiating between “hard” and “soft” news. They find that advertising next to hard news is at least as effective
as advertising next to soft news. This provides evidence against the blunt implementation of “block lists” for sensitive news topics
by advertisers. The authors discuss the implications of attention spillovers for firms contemplating investments in engaging news

content within the digital advertising landscape.
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Spring 2020, the beginning of the COVID pandemic in the
United States, was characterized by an unusual dynamic for
digital advertising. While visits to online media sites and
news consumption increased by almost 50% (Weitman 2020),
digital advertising—a rapidly growing area of spending for
companies over the last two decades (Statista 2023 )—experi-
enced a 25%-35% decline (eMarketer 2020). Part of this dip
is explained by the overall uncertainty of companies due to
the pandemic, but it was also largely driven by “block lists™:
advertising companies actively avoiding placing ads on pages
with pandemic-related news content (Willen 2020). Such
avoidance of “hard news” (i.e., news that is thought to be poten-
tially sensitive and upsetting to some readers) is driven by the
perception on the part of advertisers that placing ads with
hard content could lead to negative associations with their
brand, hurting the brand’s image and dissuading readers from
purchasing the advertised brand. In turn, this practice discour-
ages news publishers from investing into “hard news” stories,
leading to a potential underprovision of content that could
have high societal benefits (e.g., IAB UK 2020; Sweney 2020).

We examine the effect of news content on the effectiveness of
advertising via an online experiment that uses nonintrusive eye-
tracking technology. By “ad effectiveness” we mean the incre-
mental impact of an additional second of attention to ads on the

probability of brand recall and purchase. In our study, participants
were exposed to a random sequence of online articles from well-
known news outlets. Individuals were also shown realistic ads for
well-known brands. Importantly, the pairing of ads and articles
was also randomized. Articles were selected to cover different
news topics (“hard” and “soft” news). Eye tracking allows us to
directly measure the attention paid by individuals to articles and
to the ads placed next to them. After reading the articles, individ-
uals were asked to recall the advertised brands and make purchase
decisions (choose between a voucher for each advertised brand
and cash). The purchase decision was incentivized: individuals
received the outcome of one of their choices, selected at
random. Since articles vary in how interesting they are for each
user, random matching of articles to ads created experimental var-
iation in the attention paid to each ad; we use this variation to

Andrey Simonov is Gary Winnick and Martin Granoff Associate Professor of
Business, Columbia Business School, Columbia University, and Affiliate,
Centre for Economic Policy Research (CEPR), UK (email: as5443@gsb.
columbia.edu). Tommaso Valletti is Professor of Economics, Imperial College
London, UK; Adjunct Professor, Norwegian School of Economics (NHH),
Norway; and Fellow, Centre for Economic Policy Research (CEPR), UK (email:
tvalletti@imperial.ac.uk). Andre Veiga is Assistant Professor of Economics,
Imperial College London, UK (email: a.veiga@imperial.ac.uk).


https://doi.org/10.1177/00222437241256900
https://doi.org/10.1177/00222437241256900
mailto:as5443@gsb.columbia.edu
mailto:as5443@gsb.columbia.edu
mailto:t.valletti@imperial.ac.uk
mailto:a.veiga@imperial.ac.uk
https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/mrj
http://crossmark.crossref.org/dialog/?doi=10.1177%2F00222437241256900&domain=pdf&date_stamp=2024-08-02

Simonov et al.

295

determine the impact of ad attention on brand recall and
purchases.

We consider an empirical model of attention where individ-
ual attention devoted to articles can “spill over” to ads, and vice
versa. We allow these spillovers to be positive or negative. For
instance, if a reader’s eyes randomly move between articles and
ads, more time spent on the article increases exposure to the ad
(a positive spillover). Alternatively, if individuals are focused
on an interesting article, more time might imply less attention
devoted to the ad (a negative spillover). The attention consum-
ers devote to ads ultimately can impact ad recall and purchase
probabilities of the advertised brand.

Our estimates show that the attention readers devote to arti-
cles has a positive spillover effect on the attention to ads dis-
played on the page. Moreover, this incremental attention to
ads increases ad recall and purchase probability (i.e., the proba-
bility of choosing a brand-specific voucher over a cash reward).
Thus, more captivating news content—one that attracts more
attention from readers—increases recall and purchase probabil-
ities of brands whose ads are shown on the same page.

Based on our preferred specification (ordinary least squares
[OLS], using the entire sample), one additional second of atten-
tion to a brand’s ad results in a 3.4 percentage points higher
probability of recall and .7 percentage points higher probability
of choosing that brand’s gift card over cash. The latter estimate
is confirmed by an instrumental variable (IV) specification
where we only use the incremental attention to ads generated
by spillovers from the attention to news content.

We further show that at least some “hard news” content—arti-
cles about the COVID-19 pandemic or the Black Lives Matter
(BLM) movement in the summer of 2020 that we use in the
study—does not detectably impact ad effectiveness. We find
that readers spend less time on articles covering hard news—
and because of this, devote less attention to ads shown next to
hard news articles. However, ad effectiveness (the effect of incre-
mental attention to ads on recall and purchases) is 18%—43%
higher (albeit not significantly different) when article content is
“hard news” compared with “soft news,” which is confirmed
throughout all OLS and IV specifications. On balance, this
higher ad effectiveness compensates for the lower amounts of
attention that readers devote to ads next to hard news articles.
In summary, we find no evidence that advertising next to hard
news is less effective than advertising next to soft news.

Our results have important implications for both news pro-
ducers and advertisers. Regarding news producers, we show
that the key dimension to be optimized is how captivating
news content is, whereas the content of articles is less impor-
tant. Similarly, on the advertisers’ side, we show that a key
metric to keep in mind when allocating display advertising is
the overall engagement of users with the web page, not neces-
sarily the specific content on the page. As a result, our results
suggest one should revisit the practice of blunt “block lists”
of hard articles, providing an opportunity for optimizing ad
allocation decisions for advertisers and marketing managers.

Apart from the substantive results, we provide a novel
empirical strategy to measure advertising effectiveness using

nonintrusive eye-tracking tools that have recently become
more widely available. These tools enable us to run eye-
tracking studies through a standard laptop or smartphone web
camera, greatly reducing the costs of eye-tracking studies that
are typically done in lab settings. This approach allows us to
study how users engage with online content in a realistic way.

Related Literature

This article contributes to the vast literature that studies the
effectiveness of online advertising. Relative to that literature,
we make three key contributions.

Our first contribution is to show how more captivating news
content creates attention spillovers toward ads and increases ad
effectiveness. Two sets of papers are similar to ours. First, we
build on the substream of the literature that has examined
how the time spent on a web page with an ad affects users’
memory and ad recall (e.g., Danaher and Mullarkey 2003;
Goldstein, McAfee, and Suri 2011, 2015; Uhl, Nabout, and
Miller 2020)." Compared with these studies, we use eye track-
ing to explicitly show the spillover from attention to web page
content toward the ads presented. Separately measuring the
respondents’ eyesight “dwell” on article text and on ads
allows us to rule out reverse causality as an alternative explana-
tion (Becker and Murphy 1993; Tuchman, Nair, and Gardete
2018). We are also able to link the incremental attention users
devote to ads to user willingness to pay for brands, going
beyond the more upstream metric of ad recall.

Our work is also related to the eye-tracking literature that
examines advertising effectiveness. However, to the best of our
knowledge, there is no evidence of the effect of news content
on advertising effectiveness. A substream of this literature lever-
ages eye tracking to study the psychological mechanisms behind
advertising effectiveness (e.g., Aribarg, Pieters, and Wedel 2010;
Higgins, Leinenger, and Rayner 2014; Wedel and Pieters 2000;
Wedel, Pieters, and Liechty 2008). Another substream studies
how different features and designs of advertisements increase
viewers’ attention (e.g., Lee and Ahn 2012; MacKenzie 1986;
Nixon 1924; Pieters and Wedel 2004; Pieters, Wedel, and Batra
2010; Pieters, Wedel, and Zhang 2007; Scott, Green, and
Fairley 2016; Zhang and Yuan 2018). A third substream discusses
how viewers’ involvement and familiarity with the brand (effects
typically grouped by the literature as “top-down”) affect attention
to advertising (e.g., Pieters and Wedel 2007; Rayner et al. 2001;
Treistman and Gregg 1979).

! Other related papers include literature that links online engagement and adver-
tising effectiveness (see, e.g., Calder, Malthouse, and Schaedel 2009; Kilger and
Romer 2007).

2 Apart from these areas of inquiry related to advertising effectiveness, eye
tracking has been used in the marketing literature to further our understanding
of consideration set formation (e.g., Chandon et al. 2009), how consumers
search and choose products (e.g., Janiszewski 1998; Lohse 1997; Meifner,
Musalem, and Huber 2016; Russo and Leclerc 1994; Shi and Trusov 2021),
and survey design (e.g., Redline and Lankford 2001). More broadly, eye track-
ing has been used in many fields, including marketing, psychology, and
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Our contribution relative to this literature is that we employ
eye-tracking data to examine how readers’ attention to news
content spills over to the advertising presented on the same
page, allowing us to measure the causal effects of news
content on attention to ads and thus assess the importance of
investment in high-quality engaging content.> We present an
empirical model of attention allocation to interpret this spillover
effect and to disentangle this effect from consumers’ ad avoid-
ance. We also connect this incremental attention to ads to sub-
sequent ad recall and willingness to pay for the advertised
brands, thereby providing a needed link between the incremen-
tal visual attention and a downstream brand choice measure,
called for by Wedel and Pieters (2007).* Our analysis is
further related to Brasel and Gips (2008) and Teixeira,
Wedel, and Pieters (2010), who use eye-tracking data to
examine the determinants of attention to TV commercials.”

Our second contribution is to examine the effect of the news
content on ad effectiveness. We find that more engaging news
content increases the amount of attention the reader devotes
to display advertising, adding to the results on the effect of tar-
geting on ad effectiveness (e.g., Deng and Mela 2018; Goldfarb
and Tucker 2011; Johnson, Shriver, and Du 2020; Rafieian and
Yoganarasimhan 2021). Yet, beyond the effect of devoting
more attention to the news page, news content does not have
any detectable additional effect on ad effectiveness.® In other
words, once one statistically controls for attention to the
article, whether the article is “hard news” or not has no
impact on purchase. This result cautions against the practice
of blank blocking certain news content for the purposes of tar-
geted advertising (e.g., Sweney 2020). Our results on the
drivers of attention to online news contribute to the broader lit-
erature researching what makes people engage with news (e.g.,
Berger, Moe, and Schweidel 2019; Holmqvist et al. 2003;
Kazai, Yusof, and Clarke 2016; Lagun and Lalmas 2016;
Pitler and Nenkova 2008).

The third contribution of this article is to validate ad visibil-
ity—the amount of time that each ad is visible on the consum-
er’s screen—as a reliable proxy of attention. For this, we first

economics, to study individual choices (e.g., Armel, Beaumel, and Rangel
2008; Brasel and Gips 2008; Brocas et al. 2014; Camerer et al. 1993;
Ghaffari and Fiedler 2018; Knoepfle, Wang, and Camerer 2009; Parnamets
et al. 2015; Reutskaja et al. 2011). See Wedel and Pieters (2007) and Wedel
(2015) for reviews.

3 One mechanism behind the spillover of attention can be a visual distraction
(e.g., Navalpakkam, Rao, and Slaney 2011). Such distraction has a negative
effect on news content consumption (Yan, Miller, and Skiera 2022).

* See the discussion on page 144 of Wedel and Pieters (2007). Treistman and
Gregg (1979) is the most similar paper that compares the designs of two com-
mercials and links higher attention to more sales. Zhang, Wedel, and Pieters
(2009) show that ad features (e.g., size, color, and location of the ad) influence
product sales by affecting consumer attention (measured through gaze duration),
and Van der Lans, Pieters, and Wedel (2021) show that online advertising can
speed up product search by visually suppressing competing products.

5 Other recent studies of attention to TV ads include McGranaghan, Liaukonyte,
and Wilbur (2022) and Liu, Shum, and Ueteke (2021).

© This suggests a limited interplay of information diagnosticity and accessibility
between news content and ads (e.g., Lynch, Marmorstein, and Weigold 1988).

measure attention using scalable and nonintrusive eye-tracking
technology and validate its precision on both desktop and
mobile devices. We then show that our main analysis is
robust to using attention metrics based on ad visibility
metrics. While eye tracking is a more accurate measure of con-
sumer attention, ad visibility is significantly more likely to be
available to researchers and practitioners, expanding the poten-
tial application of our research.

More broadly, our work is related to other papers that have
shown connections between user exposure to ads and later pur-
chase choices. Several papers link exposure to users becoming
aware of the ad (e.g., Danaher and Mullarkey 2003; Elsen,
Pieters, and Wedel 2016; Wilson, Baack, and Till 2015).
Other articles explore the link between exposure, awareness,
and purchase (e.g., Hoyer and Brown 1990; Khurram,
Qadeer, and Sheeraz 2018; Macdonald and Sharp 2000;
Martins et al. 2019). Another stream of literature examines
the effectiveness of online advertising on product sales using
natural experiments (e.g., Jeziorski and Moorthy 2018;
Narayanan and Kalyanam 2015; Rutz, Bucklin, and Sonnier
2012; Simonov and Hill 2021) and field experiments (e.g.,
Gordon, Moakler, and Zettelmeyer 2023; Hoban and Bucklin
2015; Johnson, Lewis, and Nubbemeyer 2017a, 2017b; Lewis
and Reiley 2014; Sahni 2015; Simonov, Nosko, and Rao 2018).

Experimental Setting

In late July and early August 2020, we recruited 1,013 individ-
uals, stratified evenly across two countries (the United
Kingdom and the United States) and two device types
(desktop and smartphone). Respondents matched the U.K./
U.S. online population in terms of age, gender, income, and
location. They were recruited via a specialist supplier of
research panels, Panelbase.’

The experiment proceeded as follows. First, we confirmed
participants’ consent. At the start of the experiment, participants
were told only that they were a part of “an academic study about
media consumption,” but were not given additional details. At
this stage, participants were asked to report their age, education,
income, gender, and postal code.

Each participant was then invited to read articles from two
online newspapers. In each country, we chose outlets with a
wide online readership: The Guardian and The Daily Mail for
U.K. participants, and The New York Times and USA Today
in the United States.

We presented each individual with nine articles. All articles
had been published in the short time window prior to the exper-
iment taking place, to maximize the probability that the articles
were relevant and interesting. Within each newspaper, articles
were split between soft and hard news. To select the latter,
we followed the advice of industry experts and focused on arti-
cles about the COVID-19 pandemic and the BLM protests of
the summer of 2020, two topics frequently blocked by

7 See https:/www.panelbase.net/.
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advertisers.® The text of the articles shown on desktop and
mobile was the same. However, in our analysis, we consider
these to be different articles, since the format of the text is
quite different across devices.

Eight out of nine articles were accompanied by ads from
well-known and widely available brands; one of the articles
was randomly shown with blank spaces in the location
where ads would be otherwise shown. In each country, we
chose eight prominent brands (see Web Appendix A). All
ads accompanying a given article were for the same brand,
inserted at fixed points along the article’s page. We included
one horizontal “billboard” ad before the text of the article and
two smaller “side” ads on the side of the article text (desktop)
or between paragraphs of the text (mobile). Our goal was to
approximate, as much as possible, the typical reading
experience online.

Each participant was exposed to all nine articles and all eight
brands. Each article and brand was shown only once. We ran-
domized the order in which articles were presented to individ-
uals and the pairing between articles and brands. Individuals
were allowed to read the articles at their preferred pace.

For each individual, we obtained two measures of the atten-
tion devoted to each article and ad. First, the amount of time the
article and the ad were visible on screen, which does not require
eye tracking. Second, we recorded, via eye tracking, the time
that each individual’s sight dwelled on each article and ad,
referred to as dwell time.

After reading all articles, individuals were asked if they
could remember the brands whose ads they had seen.
Individuals were presented with a list containing the eight
brands shown and eight “decoy” brands, in a random order.
The decoy brands were chosen to be well known in each
country and of the same industries as the shown brands. All
brands (shown and decoy) were presented to the participant
simultaneously, and participants selected which of the 16
brands they remembered seeing.’

After the recall task, participants were asked to make pur-
chase decisions. For each of the brands whose ads were
shown, individuals were offered to choose between (1) an
e-voucher worth £10 (in the United Kingdom) or $10 (in the
United States) specific to one of the brands shown, or (2) a ran-
domized amount of cash (£3—£7 in the United Kingdom and
$3-$7 in the United States). Individuals were informed that
one of their e-voucher versus cash choices—selected later on

8 We provide article titles and links to the articles we used in Web Appendix A.
We validate our categorization of articles as “hard” or “soft” news using an
independent survey on Amazon Mechanical Turk, described in Web
Appendix B.

° Immediately before collecting this “aided” recall measure, we also collected a
measure of “unaided” recall, where we asked participants to write the names of
the brands they recalled seeing. These two measures of recall are highly corre-
lated (65%), and all results are robust to using either measure. For brevity, we
only report results using the aided recall measure. The robustness of our results
to an unaided recall measure suggests that additional attention to ads leads to
short-term memory activation; unaided recall requires participants to remember
the advertised brands.

at random—would be sent to them. As a result, purchase deci-
sions were incentivized.

In addition to the voucher/cash reward, participants were
paid a fixed participation fee. Participants were anonymous to
the research team, with all payments delivered via the recruiting
firm. The study protocol received ethical approval prior to the
start of the experiment (see Web Appendix A.4).

We do not use a standard between-subjects experimental
design. This is because our main goal is not to measure the
extensive margin (i.e., the effect of the presence of ads relative
to their absence). Instead, we aim to study the intensive margin:
how incremental attention to articles results in incremental
attention spillovers to ads. In our experiment, exogenous varia-
tion in attention to ads was induced by the random pairing of
articles and ads. Some articles are more interesting than
others, leading participants to devote more attention to those
articles, which then influences the attention devoted to the ads
placed next to them. It is this exogenous variation in attention
to ads that we use to discuss the causal effect of attention on
recall and purchase. This method for identifying the causal
effect of attention to ads closely tracks our research
question—the possible complementarity of the news
content and ads—and is, to our knowledge, a novel way to
measure ad effectiveness. '

For the purposes of this study, an online experiment provided
several advantages. It allows for a large data collection effort,
across multiple countries and devices, at a relatively low cost. It
also allows us to show recently published articles to a large
number of individuals, which would have been challenging in a
lab environment. Our setting is also closer to the conditions
under which individuals normally engage with online content.

The eye-tracking technology used was supplied by Lumen
Research, a specialist advertising research agency.'' The tech-
nology employs software that uses the camera of a desktop or
mobile phone to measure where on the screen the participant’s
retina focused. No additional hardware is needed. See Web
Appendix A for more details on the eye-tracking technology,
its calibration, and validation.

The heat map provided in Figure 1, Panel A, is an example of
how these metrics are constructed. The figure shows an article, as
well as the ads (a “billboard” ad and two “‘side” ads) for one
brand. The map highlights the regions on the screen that were
actively dwelled upon by the participant. In Figure 1, Panel B,
we present examples of heat maps for ads of two different brands.

Data

Variables

Table 1 presents summary statistics for our sample, which is at the
individual X article level. About half of the observations occur on

19 Goldstein, McAfee, and Suri (2011) also randomize pairings of articles and
ads in their first study, but they force ads to always be visible on the page
and do not measure attention to ads via eye tracking.

' See https:/lumen-research.comy/.
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Figure 1. Example of Heat Maps.

Notes: In the heat maps, the dark inner (red) parts signify more attention, and the lighter inner parts and heat map boundaries signify less attention.

desktops (56%), correspond to female participants (55%), are from
the United States (48%), and have “hard” news articles (55%).

Visibility measures. The variable Article Visible reports the
number of seconds any part of the article was visible on
screen (sample mean is about 2 minutes and 23 seconds),
while Ad Visible reports the total number of seconds that any
ad on the page was visible on the screen. To measure Ad
Visible, we used Media Rating Council standards: an ad is con-
sidered visible if at least 50% of the pixels of the ad are
displayed on the screen for 1 continuous second or more.
The sample mean is approximately 19 seconds per article.
These measures do not use eye tracking.

Eye-tracking measures. The variable Article Dwell is the total
time an article was actively being read, recorded via eye track-
ing. The sample mean is about 1 minute and 15 seconds per
article. Similarly, Ad Dwell reports the total time that all ads

associated with an article were actively viewed (i.e., the sum
of the dwell time of the three ads shown on each page). The
sample mean is just short of 3 seconds. Intuitively, Article
Dwell and Ad Dwell should be lower than Article Visible and
Ad Visible, respectively, since articles and ads can be present
on the screen but not actively viewed by the user.

Purchase. Participants in the United States (United Kingdom) were
offered choices between vouchers worth $10 (£10) for each of the
advertised brands and random amounts of cash. The amount of cash
offered to individuals is captured by the variable Price, since this is
the opportunity cost of choosing the voucher. For about 35% of
observations, individuals chose the voucher (measured by the
dummy variable Buy), while the rest opted for cash.

Recall. About 48% of observations had individuals recall the
associated brand (measured by the dummy variable Recall).
In contrast to brand purchase choices, recall was not
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Table I. Summary Statistics.

Statistic N Mean SD Min Max
Desktop 6,431 563 49 0 |
Female 6,431 556 497 0 |

us. 6,431 483 500 O |
Hard News 6,431 .550 498 0 |
Article Visible (s) 6,431 143.301 169.341 20.130 1,894.635
Ad Visible (s) 5,707 19.027 17.371 .000 291.905
Price (USD/GBP) 5,707 5.017 1.436  3.000 7.000
Recall 5,707 484 .500 .000 1.000
Buy 5,707 347 476 .000 1.000
Article Dwell (s) 4,426 74813 97918 A12 966.945
Ad Dwell (s) 3,925 2.755 3.161 .000 40.214

Notes: s = seconds. Each observation is at the individual X article level.

incentivized, but this measure is commonly used in the market-
ing literature (e.g., Danaher and Mullarkey 2003; Elsen, Pieters,
and Wedel 2016).

Individual demographics. We recorded the following individual-
level demographics: gender, age, education, income, country
and device type. We also asked individuals about their self-
report political leaning (liberal, conservative, or moderate) but
only at the end of the experiment, so as not to prime their
responses to the articles.'”> The sample characteristics are
similar when data is split by device type (mobile vs. desktop)
and country (United Kingdom vs. United States). In Tables
W12 and W13 in Web Appendix C, we replicate Table 1 for
mobile and desktop devices separately and find demographic
composition, news types, prices, purchasing, and brand recall
summaries to be consistent. The only notable difference is
that ads are more visible on desktop computers (average of
23.4 seconds) than on mobile phones (13.4 seconds). Ad
Dwell is around 2.7 seconds on average on both device types.
Consumers also spend more time reading articles on desktops
(average 83 seconds) than on mobile phones (65 seconds).

Article characteristics. The main article characteristic we con-
sider is whether the article constitutes “hard news.” As
described previously, for this purpose we selected articles
focusing on the COVID-19 pandemic and the BLM protests
during the summer of 2020. For some robustness checks, we
also use the article’s word count.

Final sample. Our final dataset comprises 6,431 observations at
the individual X article level. This is less than the originally tar-
geted 9 observations per person, for two reasons. First, due to con-
nectivity issues, no data were recorded for around 30% of
individual-article pairs. These missing observations are slightly
more prominent on mobile phones (43%) than on desktop com-
puters (13.5%), and in later steps of the study. We confirm this

12 For brevity, we omit most of the demographic variables from Table 1 and
present them in Web Appendix Figure W11.

does not introduce bias in our analysis by showing that there is
no selection bias in terms of which brands’ and articles’ observa-
tions experienced connectivity issues (see Web Appendix D).
Second, for a subset of participants, eye-tracking quality was
poor. High-quality eye tracking relies on minimal head movement
for continuous tracking of the individual’s retina. We only include
in our analysis individuals with high-quality eye-tracking data.
This explains why we have fewer observations (around 70%)
with eye tracking than visibility data. In our main sample, obser-
vations with low-quality eye-tracking data are identified using
metrics typically used by the eye-tracking technology provider.
Web Appendices A.3, D, and E provide additional information
about the final sample, show that there is no selection bias in
terms of brands’ and articles’ observations, and offer robustness
checks using alternative metrics of eye-tracking data quality.

Descriptive Statistics

Distributions of attention measures. Figure 2 compares our mea-
sures of attention (Ad Dwell, Article Dwell) and visibility (Ad
Visible, Article Visible).'* In the top section of the figure, we
present ratios of Article Dwell to Article Visible for each
country and device type. On average, Article Dwell is around
50% of Article Visible, indicating that an average reader
looks at the article 50% of their time when the page is loaded."*

The lower part of Figure 2 presents ratios of Ad Dwell to Ad
Visible. The average ratio is much lower compared with the
analogous ratio for articles (around 18% instead of 50%).
This is consistent with the finding in existing literature that
TV ads can be visible for around 55% of viewers—meaning
that viewers stay in the room for commercials—but only
7.7% of viewers actually devote visual attention to TV commer-
cials (McGranaghan, Liaukonyte, and Wilbur 2022). The ratio
of Ad Dwell to Ad Visible is slightly higher for mobile devices
(21%) than desktops (15%). This reflects different prominence
of display ads on desktop and mobile devices, and, in particular,
the difference in prominence of “side” ads: on desktops, side
ads are on the right side of the page, visible but easy not to
devote attention to, whereas on mobile phones they occupy
blocks between the text in the center of the screen.

Attention decreases throughout the experiment on both
mobile and desktop devices. Web Appendix Figure W6 illus-
trates Article Dwell and Ad Dwell for the nine experimental
steps (e.g., the third article shown corresponds to step 3). On
average, Article Dwell is 117 seconds on desktops in the first
step, decreasing to 64 seconds in the last step (99 to 42

13 Web Appendix Figures W3 and W4 present marginal distributions of atten-
tion (Article Dwell, Ad Dwell) and visibility measures (Article Visible, Ad
Visible) for all observations and averaged per consumer.

' The average is slightly lower for mobile devices (45%) as compared with
desktops (62%). This is largely explained by the desktop page design of USA
Today, which shows only a small fraction of the article at first and therefore
undercounts Article Visible. If we exclude US4 Today articles, the average
ratio of dwell-to-visible measures is 48% for mobile devices and 54% for desk-
tops. The desktop page design of US4 Today also explains almost all of the
(rare) cases where the ratio of Article Dwell to Article Visible is greater than 1.
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Figure 2. Dwell to Visible Ratios, by Country and Device.

Notes: The plots show the ratio between time spent dwelling and time visible, for both articles and ads, computed across all observations in the data.

seconds on mobile devices, respectively). Ad Dwell is approx-
imately 4 seconds in the first step on both device types, decreas-
ing to 2.2 seconds in the last step.

There is a robust positive correlation between attention devoted
to articles and their associated ads. Figure 3 displays a scatter plot
of Ad Dwell and Article Dwell. Across countries and device types,
we observe a positive correlation of .36.'> The correlation is more
pronounced for mobile devices (.65) compared with desktops (.16).
Web Appendix Figure W7 shows that this positive correlation per-
sists within each article. Even after controlling for country, device,
step order, and demographic fixed effects (hereinafter “FEs”), the
positive correlation between Article Dwell and Ad Dwell
remains robust.'® In Web Appendix E, we show that this positive
correlation is robust to a battery of checks accounting for potential
measurement error in attention.

Purchase and recall measures. Our key outcome measures are the
recall of the shown brand and participants’ choices in an incentiv-
ized “purchase” scenario. We ensure the meaningfulness of these
purchase choices by examining demand curves derived from ran-
domly assigned cash amounts (Web Appendix Figure W9).

'S This correlation is nearly identical (.35) if we drop observations with Ad
Dwell of 0 (5.5% of the sample).

16 Web Appendix Figure W8 presents a version of Figure 3 using only residual-
ized variation in attention measures.

Here, we describe the average share of U.S. and U.K. consumers
opting for the brand voucher over cash. On average, 52% of
U.S. consumers and 40% of U.K. consumers choose the brand
voucher over $3/£3. This preference diminishes as the cash
amount increases, with only 34% of U.S. consumers and 20% of
U.K. consumers selecting the brand voucher over $7/£7. In Web
Appendix Figure W10, we separately estimate demand curves
for each brand, confirming that this pattern is not influenced by
outlier brands.

In Figure 4, we examine how recall and purchase correlate
with attention devoted to ads, Ad Dwell. The percentage of
individuals who chose the voucher and recalled seeing the
brand increases with the amount of attention devoted to the ad.

Web Appendix C contains several additional data descrip-
tives, including marginal densities of our attention metrics,
attention by types of ads (side vs. top), how attention changes
with step order, demand curves for the different brands, and dis-
tributions of other individual characteristics (gender, education,
age, income, and political leaning).

Determinants of Attention Allocation

A Stylized Model of Attention Allocation

We first present a simple model to microfound how individuals
allocate their attention to articles and ads. We then discuss the
empirical specification that follows from the model.
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Figure 3. Positive Correlation in Article and Ad Dwell.

Notes: Correlation between attention to article and ad, split by country (United Kingdom and United States) and device type (desktop, mobile). Ad and
article dwell times are transformed into the logarithmic scale to improve visualization. The blue line corresponds to the best linear prediction of the variable
on the vertical axis by the variable on the horizontal axis. The gray area corresponds to 95% confidence intervals.

Consider a reader deciding how much attention to devote to
an article (x,¢) and display ads of a given brand shown next to
this article (X,q). The reader chooses Xy, Xaq t0 maximize utility
from examining the web page,

X2
U(Xart» Xad) = OXart — =

2

2

X
+1 (—me + OXad + YXartXad — %d> ¢))
Here, o captures the reader’s interest in the article. The indicator 1
describes whether the ad of the brand was shown next to the article
for that reader. The coefficient  is the reader’s disutility from
devoting attention to the article when an ad is shown next to it

(or utility if —p > 0). The coefficient  is the reader’s preference
for devoting attention to the ad. Finally, y determines whether
the reader prefers to spend more attention on the ad if they spend
more attention on the article, and vice versa (i.e., it measures the
complementarity or substitutability between the article and ad).
We capture the reader’s costs of devoting increasing attention to
the article and ad by including negative quadratic terms x2,/2
and x2/2, which ensure an interior solution while keeping the
setting simple.”

'7 The model can be easily extended to allow for an overall time constraint such
that X, + Xaq < X, and for differential costs of attention for ads and articles.
However, such extensions do not provide additional insights.
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Figure 4. Purchase and Recall Increase in Ad Dwell Time.

Notes: The panels show nonparametric regressions of purchase/recall on Ad Dwell, together with 95% confidence intervals. The automatic optimal bandwidth is
used. The range of the x-axis is capped at 7 seconds, which is approximately the 90th percentile of the distribution.

Maximizing utility with respect to X, Xaq, and denoting the
solutions as x, and x};, yields the following first-order condi-
tions:

Xaa =16 + vx}), @)

)

There are two main coefficients of interest: p and y. The sign of
p reflects whether the reader is an “ad avoider” or “ad lover.” It
is possible that individuals can be “ad lovers” (e.g., this might
be particularly likely in the context of car or beauty magazines;
Kaiser and Wright 2006). However, previous literature has
found that consumers are more likely to be ad avoiders (e.g.,
Huang, Reiley, and Riabov 2018; Wilbur 2008, 2016), so we
expect p > 0.

The coefficient y determines whether articles and ads are
substitutes or complements; a priori, both could happen. For
instance, as an individual reads the article, small movements
of the retina or peripheral attention might allow them to per-
ceive the ad next to it. If so, attention to articles creates positive
spillovers of attention to ads (y > 0), corresponding to a model
of “bottom-up” attention (Cerf et al. 2007; Itti, Koch, and
Niebur 1998; Koch and Ullman 1987; Milosavljevic and Cerf
2008; Pieters and Wedel 2007). Alternatively, if articles
absorb the individual’s attention, high attention to articles
would correspond to low attention to ads. Then, attention spill-
overs are negative (y < 0), corresponding to a model of
“top-down” attention (Dréze and Hussherr 2003; Simola et al.
2011; Stenfors, Morén, and Balkenius 2003).

Xy =0+ 1(—= B+ yx3).

Empirical Framework

We now extend the stylized model to our empirical specifica-
tion. Reader i decides to devote x%ﬁs seconds of attention to
article j, which is paired with an ad for brand k, in experimental

steps =1, ..., 9. Moreover, reader i also decides to devote x%‘]](s

seconds of attention to the corresponding ad. Following the

model above, we assume that x§, x%‘f(s are defined by the fol-
lowing set of simultaneous equations:
ad __ q.. . art ad

Xijks = Tijks(Biks + ¥ X Xijies + Eiiis)s

4)

Xijes = s + Tijis( = B+ v X Xgis) + €k 5)
Notice that, after reintroducing the notation referring to an indi-
vidual, article, brand, and step order (plus an error term),
Equations 4 and 5 correspond directly to the first-order condi-
tions 2 and 3 of the stylized model of attention.

The reader’s attention to the ad, x?jﬂs, is formed from three
components. First, 8; is individual i’s preference for devoting
attention to the ad of brand k in step s. We estimate &, as a flex-
ible function of individual characteristics, ad FEs, and experi-
mental step FEs. Controlling for individual characteristics
accounts for the fact that some types of individuals might be
more drawn to ads than others. Ad FEs account for the fact
that certain ads might be more appealing than others. We
control for the experimental step to account for the potential
fatigue of participants as the study progresses.

Second, the attention devoted to an ad can be influenced by
the attention devoted to the article, as captured by y. This cor-
responds to possible “attention spillovers” between articles and
ads. We assume that this effect is homogeneous across individ-
uals, articles, and ads.'®
Finally, e%‘f(s is an idiosyncratic error term that can impact the
attention the individual devotes to the ads. Since attention to an

'® This homogeneity assumption ensures that the direction of attention spill-
overs is the same for all individuals. This is necessary for using attention to
content as an instrument for the attention to ads (Angrist and Imbens 1995;
Moshary, Shapiro, and Song 2021), as we do subsequently in this article.
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ad is 0 when the ad is not present, Equation 4 is multiplied by
T;js—an indicator that equals 1 if the ad of brand k was shown
next to article j for participant i in step s, and 0 otherwise.
Therefore, to estimate Equation 4, we use only data for which
articles were matched with ads.

Similarly, there are three components that determine the
reader’s attention to the article, xf_‘iﬁs. First, ajjs captures reader
1’s interest in article j during experimental step s. Next, we
define ;s as a flexible function of individual characteristics,
article FEs, and experimental step FEs. The variable e%ﬁs is an
idiosyncratic error term that can affect the attention the individ-
ual devotes to the article.

Finally, if the ad is present (T, = 1), it affects the reader’s
attention to the article in two ways. First, the coefficient f is the
reader’s disutility of attention to the article when any ad is
shown next to it (or utility if —p > 0). This captures the fact
that ads can be distracting and therefore reduce the amount of
attention devoted to articles.'

The coefficient y captures the same “attention spillover”
between articles and ads as in Equation 4. For simplicity, our
main specifications assume that the attention spillover effect
is symmetric—an extra second of attention to the article leads
to y seconds of attention to the ad, and vice versa. This is a
natural assumption if attention spillovers are driven by periph-
eral attention or small movements of the retina due to distrac-
tions while looking at page elements. However, all our
subsequent results are robust to the spillover from ads to
news being of a different order of magnitude than the spillovers
from news to ads. We show that the incremental spillover of
attention from ads to articles is negligible because an average
respondent spends 27 times more time paying attention to
news (74.8 seconds) than ads (2.8 seconds), per Table 1.

Identification

There are two main coefficients of interest. The sign of p reflects
whether readers are “ad avoiders” or “ad lovers,” while y deter-
mines the sign and magnitude of attention spillovers.

The parameter y can be consistently estimated because of
the random matching between articles and ads. For a given
ad, our experimental design randomly pairs it with a
more or less interesting article. This creates an exogenous
shock to the amount of attention a consumer devotes to
the content paired with the ad, which we use to estimate
the spillover effect of attention to news on the attention to
ads.

We estimate y in two ways. First, to isolate exogenous atten-
tion to articles, we estimate Equation 4 instrumenting x§f; with
the average amount of attention devoted to that article by all

' We assume that f is the same for all individuals and articles. This is a sim-
plification since, in reality, some ads can be particularly distracting. In principle,
we could allow f to vary by article and ad. In practice, we are underpowered to
estimate those coefficients.

other individuals in the sample. We refer to this IV as the
“leave one out” (L10) mean of article attention.?’

Second, we show that an OLS regression of x{j; on x%is in
Equation 4 leads to statistically similar estimates of y as the
L10O IV regression. In a general setting, OLS estimates of y
from Equation 4 should be biased due to reverse causality,
since y is also present in Equation 5. However, in our
context this simultaneity bias is negligible. This is because
the true y is precisely estimated at around .008, and the
average consumer allocates around 27 times more attention
to the article (74.8 seconds) than to the ad (2.8 seconds).
Thus, the “feedback™ of attention spillovers from ads to arti-
cles is approximately .008 x 2.8 = .022 seconds, or .022/74.8
= .029% of the average attention individuals devote to an
article.

Given the estimates of 'y, the parameter f is identified by com-
paring attention to articles shown with and without ads after
controlling for the estimated § X x%‘f(s in Equation 5. Readers’
overall tastes for devoting attention to articles and ads (O,
aijs) are identified from the average attention consumers spend
on articles and ads at different experimental steps. Article, ad,
and individual FEs are not necessary for consistent estimates
of vy, B, but we show specifications where they are included to
check robustness of the estimates.

Estimation

We estimate the parameters described previously in two steps.
First, we use Equation 4 to estimate y and §;,. We estimate y
both by using the L10 IV (described previously) and by an
OLS regression, including varying sets of FEs (step, brand,
and individual) to increase precision and to check the robust-
ness of the estimates. To estimate Equation 4, we use only
observations when an ad is present on the page, since otherwise
x{ii, = 0 mechanically.

We then use Equation 5 to estimate ayj, B. We estimate an
OLS regression of x%ﬁs — Tijks X ¥ X x%‘li(s (i.e., attention paid to
the article net of spillover effects from the attention to ads) on
the indicator 1jj,. We use the entire sample including the arti-
cles shown without ads. Here, ¥ is the estimate of y from the
first step. In our empirical context, we find that the effect of
¥ X x%f(s on x%ﬁs is negligible due to both a low estimate of ¥
(around .008) and relatively low attention to ads relative to
articles, as discussed previously. Our estimates of o;; and f

would be virtually identical if we assumed ¥ = 0 or a value

20 This “jackknife” instrument is similar to the use of article FE as an instrument,
but eliminates the bias associated with including the current individual when
computing the FE, as discussed by Angrist, Imbens, and Krueger (1999) and
Kolesar (2013). This IV approach is similar to the “random judges” instruments
used in Dahl, Kostel, and Mogstad (2014) and Dobbie, Goldin, and Yang
(2018). In this case, each article is a “judge,” and ads are randomly assigned
to articles. Articles that vary in attractiveness play the role of judges who
vary in leniency. Our results are also robust to using only attention to articles
from individuals for whom the article was not paired with the same ad as the
target person.
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of § that is 10 times larger than what we estimate.”’ We
include varying sets of FEs (step, article, and individual) for
robustness. In both steps, we cluster standard errors at the indi-
vidual level.

Results

Table 2 presents the estimates under alternative specifications
of ajjs and Os. Columns 1-3 present the estimates using the
L10O IV for estimating vy in Equation 4. The first-stage relation-
ship is highly significant across all specifications, with an incre-
mental F-statistic of 65.9-128.2.

In Column 1, we assume that o;;s and 8y are only a function
of the experimental step. Formally, we assume that o;;s = o and
Sixs = S,. Parameters &; and &; show the attention devoted, on
average, to the article and ad shown to each individual in exper-
imental step s = 1. In the first article—ad pair presented, individ-
uals allocate on average approximately &; ~ 106 seconds of
attention to the article and 8; ~ 3 seconds of attention to the
ad. An extra second spent looking at the article increases the
amount of time individuals look at the ad by § =.008
seconds. Thus, the 106 seconds spent (on average) looking at
the first article creates a total of 106 x .008 = .848 seconds
of positive spillover attention to the ad, or a 100 x .848/3 =
28.2% increase in ad attention. The magnitude of the reverse
effect is very small: the 3 seconds of attention (on average)
devoted to the ad create 3 X .008 = .024 seconds extra attention
to the article, or a 100 X .024/106 = .02% increase. Having no
ad next to the article increases the amount of time readers
devote to the article by approximately P~ 7 seconds,
showing that the average consumer is an ad avoider.?

In Column 2 of Table 2, we allow ;s and ;. to vary across
articles and ads by including article and ad FEs: we assume o
= o + o5 and S = Ok + O. The baseline levels of & and S are
now subsumed by these FEs, so we omit them from Column
2. However, the estimates f and § are nearly identical to
those in Column 1.

In Column 3, we further allow ajs and ;. to vary across a
variety of individual characteristics and controls, denoted X;.
We include country-by-device FEs and sociodemographic
variables (e.g., income, age, gender) also included as FEs.*
We further include a quartic (fourth-order) polynomial of the
time each individual spent on an average article (measured
by how long each page was visible) to capture the fact

2! In particular, if y = 0 in Equation 5, we can estimate Equations 4 and 5 simul-
taneously, avoiding the plug-in estimator and allowing for the correlation in
error terms through the seemingly unrelated regression (SUR) model. In our
specification, the SUR model leads to identical estimates as separate regressions
4 and 5, since Article Dwell is on the right-hand side in one equation and an
outcome variable in another equation, making residuals in two models orthog-
onal by construction.

22 We omit the step-order FE estimates from Table 2 to improve readability.
Articles and ads shown in later steps of the experiment obtained less attention
from participants, as illustrated in Web Appendix Figure W6.

3 For instance, individuals reported their age in bins of ten years, so we include
an indicator for each such bin.

that some individuals read more slowly or are intrinsically
more engaged by articles than other individuals. In total, we
include 31 additional covariates in the regression. Again, the
estimates of ﬁ and § are statistically indistinguishable from
those in Column 1, while their precision is higher.

Further, our results are robust to adding individual FEs that
subsume X; (see Table W22 in Web Appendix F). Adding indi-
vidual FEs increases the number of controls by around 700
additional covariates, substantially reducing our statistical
power in a sample of approximately 3,900 observations.
Because of this, for our main analysis, we prefer a specification
with individual covariates as controls.**

The magnitude of ¥ estimated in Columns 1-3 implies that
reverse causality—the effect of attention to ads on attention
to articles—is negligible. To confirm this further, in Columns
4-6 we present the results of estimating Equation 4 by OLS.
The parameter estimates are statistically indistinguishable
from those in Columns 1-3.%°

Determinants of Recall and Purchase

So far we have estimated how individuals devote their attention.
After reading the articles, we asked individuals if they recalled the
advertised brands. We also asked individuals to make a purchase
choice for each brand they saw.?® Next, we estimate the effect of
ad attention on consumers’ brand recall and purchase decisions.

Empirical Framework

Consider whether consumer i recalls seeing an ad for brand k,
shown next to article j in experimental step s after devoting
attention xiaj‘f(s. Let 1ijs € {0, 1} be an indicator that takes
value 1 when recall is correct, and 0 otherwise. We assume
that this recall process follows the following linear probability

model (Heckman and Snyder 1997):
Tijks = 65 + i + HirX + PX%?(S + eirjks' (6)

The coefficients 0 are FEs for the experimental step s, captur-
ing the effect on recall of seeing an ad later or earlier in the
experiment.”” The coefficients 1 are brand FEs: some brands
might be more memorable than others. Finally, X; adds
individual-level controls similar to the ones used in Columns

24 We further note that all our results are robust to a higher- and lower-order
polynomial of the time individuals spent on an average article.

%5 For instance, Column 4 reports that an extra second of attention devoted to
the article increases the amount of time devoted to the ad by § =.011
seconds (SE =.002), statistically similar to the estimate of .008 seconds in
Column 1 (SE=.003).

26 We convert U.K. prices to U.S. dollars at purchasing power parity at the time
of the experiment (July 2020), £1 = $1.66. Recall that the price p;y is the random
amount of cash offered to individual i as an alternative to choosing the voucher
for brand k.

27 The effect is a priori ambiguous. Ads shown later may receive less attention
due to fatigue, but also might be more vivid in the participant’s memory at the
point when they are asked about their recall.
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Table 2. Estimates of Attention Spillovers and Ad Avoidance.

Ad Dwell
v OLS

Panel | M ) 3 ) ) )
5 3.083#+* 2.7 5%k

(.306) (.197)
¥ .008#+* .007%¥* .009#¥* O 1 O [F* ] oo

(.003) (.003) (.002) (.002) (.002) (.002)
First-stage incremental F-statistic 65.86 80.15 128.23
Observations 3,925 3,925 3,925 3,925 3,925 3,925
R? .135 .135 202 .145 .152 .205

Article Dwell—y Ad Dwell
OoLS

Panel Il n () A3) “4) (5) (6)
& 105.907++* 105.894+*
. (4.521) (4.521)
B 7.015*% 6.832% 7.906%* 7.024* 6.845* 7.913%

(3.919) (3.741) (3.536) (3.919) (3.741) (3.536)
Observations 4,426 4,426 4,423 4,426 4,426 4,423
R? .030 112 .500 .030 112 .500
FEs
Step order Y Y Y Y Y Y
Article N Y Y N Y Y
Brand N Y Y N Y Y
Country X Device N N Y N N Y
Demographic controls N N Y N N Y
Poly(Duration, 4) N N Y N N Y
<.l
*¥p <.05.
oty < 01

Notes: Y = yes; N = no. All specifications include step-order FEs, with step order = | normalized to 0. Estimates in Panel | represent coefficients from a regression of
Ad Dwell on Article Dwell. In the IV specification, Article Dwell is instrumented for by the average amount of attention devoted to that article by all but this

individual (L1O IV). Estimates in Panel Il represent coefficients from an OLS regression of Article Dwell on an indicator of whether the ad is present on the news
article. We subtract y Ad Dwell from Article Dwell in Panel Il to control for the attention spillover from ad to article. Demographic controls include income, gender,
education, age, and self-reported political leaning. Poly(Duration, 4) corresponds to a quartic polynomial in log of average time that an average article was visible for

by each individual. Standard errors are clustered at the individual level.

3 and 6 of Table 2—country-by-device FEs, sociodemographic
characteristics, and a proxy for each individual’s reading speed
(a fourth-degree polynomial in the average time taken to read an
article). Finally, e, captures other idiosyncratic shocks that
determine consumer i’s recall of brand k. Our main parameter
of interest is p, which captures recall ad effectiveness: the
effect of additional attention to the ad of brand k (x%‘f(s) on the
brand’s recall.

Similarly, let viis € {0, 1} be an indicator for the individual
purchasing the voucher for brand k. We assume that the prob-
ability that the individual purchases the voucher at a price pj.
after devoting attention x%‘f(s to the ad for brand k is:
Vijks = 0 + Mgy, + ™ + A + e ™
Equation 7 is analogous to Equation 6, with a few small dif-
ferences. As above, 0] are step-order FEs. In Equation 6, we

assume that price does not affect consumer recall. However,
in Equation 7, we allow for price to potentially affect pur-
chase decisions. Therefore, ng, —are brand xprice FEs,
which allow the price elasticity to vary flexibly along the
demand curve for each brand and allows demand curves to
differ across brands. Finally, € captures other idiosyncratic
shocks affecting the individual’s purchase probability. The
parameter A is the purchase ad effectiveness: the effect of
additional attention to the ad of brand k on the decision to
purchase that brand.

Identification and Estimation

We are interested in the effects of attention to advertising on
consumer recall and purchase decisions, captured by the param-
eters p, A in Equations 6 and 7. We rely on two empirical strat-
egies to estimate these parameters.
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First, we rely on accounting for potential sources of endo-
geneity biases by including several controls when estimating
Equations 6 and 7: step-order FEs, brand FEs, and individual
characteristics. These controls account for the same informa-
tion included in §;xs in Equation 4, capturing the main poten-
tial sources of endogeneity—for example, the experimental
step might be correlated with both ad recall and attention
due to respondents’ fatigue, and brand FEs account for poten-
tially higher-quality ads by the more popular brands.?® With
these controls, the residual variation in the amount of time
consumers allocate to ads, x%‘f(s, is plausibly driven by individ-
uals’ idiosyncratic decisions of how much attention to devote
to ads that appear randomly throughout our study. If this
residual variation in x%‘f(s is uncorrelated with the idiosyncratic
shocks that influence consumers’ recall and purchase out-
comes_ (eirjks, e}}ks), then OLS produces consistent estimates
of p, 4.

Second, we leverage the random pairing of ads and articles
in our experiment to further relax the assumption that xfjis is
uncorrelated with eirjks, eivjks conditional on controls. One pos-
sible remaining concern is reverse causality: perhaps individ-
uals devote more attention to ads of brands that they are
familiar with and particularly like, and therefore are more

likely to recall and purchase. Formally, high x%‘f(s is due to a
high e?jcll(s, which in turn might be correlated with €, €jy.

This argument is in line with the model of Becker and
Murphy (1993) and Tuchman, Nair, and Gardete (2018),
where advertising has consumption value and enters
viewers’ utilities.

To address these concerns, we instrument the amount of
attention a reader devotes to an ad (x%‘f(s) with the amount of
attention they devote to the article randomly paired with
that ad (x%‘ﬁs). In the previous section, we have shown that
there is a strong positive spillover in the consumer’s attention
from article to ads, making x%ﬁs a relevant instrument.
Moreover, we have also shown that the “feedback” effect of
ads on articles is minuscule and robust to using a L10 IV
strategy, validating the exogeneity of the instrument.
Therefore, this identification strategy uses only the incremen-
tal exposure to ads due to positive spillovers of attention from
randomly paired articles (which can be more or less interest-
ing to consumers) to measure the effect of ad exposure on
recall and purchase decisions. Finally, we assume that atten-
tion spillovers are the same for all individuals in our sample,
consistent with the monotonicity condition required for stan-
dard IV techniques (Angrist and Imbens 1995; Moshary,
Shapiro, and Song 2021).>’ In all specifications, we cluster

standard errors at the individual level.

28 While our main specification includes individual demographics as controls,
Web Appendix Table W18 shows that the estimates are robust to including indi-
vidual FEs.

29 Figure 3 and Web Appendix Figure W11 show that the relationship between
attention to articles and ads is positive across various articles, countries, and
device types, providing evidence in support of the monotonicity condition.

Results: OLS

We begin by presenting the results of OLS regressions. Table 3
shows the OLS estimates of the effect of ad attention—mea-
sured both with Ad Visible and Ad Dwell—on recall and pur-
chase. Column 1 reports the estimates of recall ad effectiveness
(p) based on all observations in the sample. Panel I considers
attention measured by Ad Visible. If a brand’s ad is visible
for 1 extra second, this increases the probability of the individ-
ual remembering that brand by about .32 percentage points. An
increase in Ad Visible of one standard deviation (17.37
seconds, from Table 1) is associated with an increase in recall
of 100 x .0032 x 17.37 = 5.55 percentage points. Panel II con-
siders attention measured by Ad Dwell. If the individual
devotes an additional second of attention to an ad, this increases
the probability of recall by 3.43 percentage points. An increase
in one standard deviation of Ad Dwell (3.16 seconds) increases
recall probability by 10.83 percentage points (relative to the
average recall probability of 48%). In line with intuition, the
magnitudes of the estimates are larger when attention is mea-
sured using the time individuals actually spend engaging with
the ad (which we measure using eye tracking). Ad Dwell
explains an additional 5.2% of the variation in recall than Ad
Visible: R? is .091 in Column 1 of Panel I and .143 in Panel
II. This highlights the value of eye tracking as a more direct
measure of attention.

Column 6 of Table 3 reports estimates of purchase ad effec-
tiveness, the effect of ad attention on the incentivized purchase
behavior (X). Panel I shows that, if an article is visible for an
extra second, purchase probability increases by .13 percentage
points. An increase of one standard deviation of Ad Visible
increases purchase probability by 2.26 percentage points (rela-
tive to the average purchase probability of 35%). If an ad is
actually looked at for an extra second, the probability of pur-
chase increases by .73 percentage points. An increase of one
standard deviation in Ad Dwell leads to a 2.31 percentage
points higher purchase probability. As in the case of recall,
Ad Dwell has a better predictive power of the outcome
measure than Ad Visible: R? increases from .130 in Column
6 of Panel I to .136 in Panel II.

News content type. Columns 4-5 and 9-10 of Table 3 report the
estimates of p and A separately for ads that were randomly
matched to “hard” and “soft” news articles. As discussed at
the outset, industry practitioners are wary of advertising
next to “hard news” articles because of the perceived nega-
tive effect on their brand. This should imply that, for
“hard” news, we should see smaller or even negative esti-
mates of p, A. In contrast, we find that estimates of the
recall and purchase ad effectiveness are qualitatively
similar across news types. If anything, we find that the mag-
nitudes of the estimates are slightly higher for ads shown
next to hard news. For instance, a 1 second increase in Ad
Dwell for ads next to hard news articles increases purchase
probability by .9 percentage points, whereas a similar esti-
mate for ads on soft articles is .5 percentage points.
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Table 3. Estimates of Advertising Effects on Recall and Purchase: OLS.

Recall (p) Purchase (i)
Device News Type Device News Type
All Mobile Desktop Hard Soft All Mobile Desktop Hard Soft

Panel | ) (2 3) 4 ) () ) 3 &) (10)
Ad Visible .003%** .003%** 004k 004 .0027%%* .00 1% .002%* .001* .00 1** .001

(.00l (-ootl) (ool (ool (.ool) (.ool) (ool (ool (.ool) (ool
Observations 5,707 2,495 3212 3,154 2,553 5,707 2,495 3212 3,154 2,553
R? 091 .103 .120 .102 .096 .130 164 .147 147 .147
Panel 11 ) 2 3) ) (5 (6) @ ®) ¢)) (10)
Ad Dwell 034k .028%** 036%** 04 Hk* .029%F* .007+* .009** .008** .009** .005

(.004) (-006) (.005) (.004) (.005) (.003) (.004) (.004) (.004) (.004)
Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R? 143 133 .188 167 139 136 .200 .153 .168 .159
<.l
**p <.05.
sty < 0]

Notes: All specifications include a quartic polynomial in log of average time that an average article was visible for by each individual, step order, and device X country
FEs, FEs for individual covariates (income, gender, education, age, and self-reported political leaning), and brand (for recall) or brand X price (for purchase) FEs.

Standard errors are clustered at the individual level.

Table 4. Attention and Hard News.

Measure of Attention:

Ad Ad Article Article
Visible Dwell visible Dwell
m () 3) Q)
Hard news —.9049%Fk  — 4902%Fk  —]0.1627*F*  —6.75|0%F*
(.3168) (.0828) (2.6201) (2.0077)
Observations 5,707 3,925 5,707 3,925
R2 4187 1461 .6355 4705
* <.l
*p < .05.

Notes: FEs for individual covariates (income, gender, education, age, politics),

step order, brand, and country X device. Includes a quartic polynomial in total
time an average page is visible for each individual. Includes a linear control for
number of words in article. Standard errors are clustered at the individual level.

To better understand the interaction between article content,
ad effectiveness, and the total amount of ad attention, we
regress our four attention variables (Ad Dwell, Ad Visible,
Article Dwell, Article Visible) on an indicator of whether the
article is classified as hard news. To keep the estimates consis-
tent, we include the same controls as in Table 3. Further, to keep
articles comparable, we control for their length by including the
number of words.>® Results are shown in Table 4.

30 This addresses the concern that “hard news” articles might systematically be
longer or shorter than other articles, which would mechanically affect attention.

Hard news articles, and the ads randomly shown next to these
articles, receive less attention than other ads and articles.
Individuals spend less time looking at the ads (Columns 1
and 2), and also less time looking at the article itself (Columns
3 and 4). In terms of Article Dwell, there is a reduction of
almost 7 seconds (about 10% of the median), and a reduction
of .49 seconds for Ad Dwell (about 15% of the median).

These results should be interpreted with caution. There
were many hard news stories on the topics of COVID and
BLM in the press at the time of the experiment (July 24—
August 6, 2020), so individuals may have already been
broadly informed about the topic in the articles we chose
(the experiment did not allow testing for preexperiment
knowledge). Alternatively, individuals might have grown
weary of such stories. We cannot say whether our finding is
due to participants disliking hard news or because they
were shown articles on topics they were already aware of,
resulting in quick skimming.

Importantly, even if we interpret the lower attention that
consumers devote to hard news as causal, our results
suggest that advertising next to hard news is still at least as
effective as advertising next to soft news. To determine
this, we combine the negative effects of hard news on the
amount of attention readers devote to ads (Table 4) and the
positive effect of incremental attention on purchases
(Columns 9 and 10 in Part IT of Table 3). From Table 1, the
average attention to ads (irrespective of news content type)
is 2.76 seconds. From Table 3, devoting this amount of atten-
tion to ads next to “soft news” articles increases the purchase
probability by .5 X 2.76 = 1.38 percentage points. For hard
articles, the same effect is .9 X (2.76 — .49) = 2.04 percentage
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points. Hard news articles on average induce .49 seconds less
attention to ads but have higher (.9 instead of .5) ad effective-
ness per second of devoted attention. On balance, this implies
that the benefits of advertising next to hard news are similar
to, if not higher than, advertising next to soft news articles.

Device type. Columns 2-3 and 7-8 of Table 3 report p, A sep-
arately for consumers participating in the experiment from
mobile devices and desktop computers. Across all subsamples,
estimates of the purchase and recall ad effectiveness are nearly
identical, validating the importance of advertising both on
mobile and desktop devices.

Robustness. We present three additional robustness checks of
the estimates. First, previous work has documented attention
fatigue and decay (Ahn et al. 2018; Goldstein, McAfee, and
Suri 2011). In Web Appendix Table W17, we test for this by
allowing outcomes to be a function of a quartic polynomial in
attention in Equations 6 and 7. We indeed find diminishing
returns to attention; for all specifications, the quadratic term
on the advertising attention is negative. However, within our
sample, the nonlinear effects on our main outcome variable
(incentivized purchase) are economically and statistically small.

Second, our estimates are similar (although less precise) in a
more demanding specification with individual FEs instead of
individual-level covariates (Web Appendix Table W18).

Finally, we replicate our main results in Table 3 with a logis-
tic model instead of the linear probability model (Web
Appendix Table W19). All estimates are robust and imply mar-
ginal effects of similar magnitudes as in Table 3. We discuss the
magnitudes in more detail in Web Appendix G.1.

Results: IV

Table 5 presents the estimates of p, A from IV regressions of
Equations 6 and 7, where we instrument for Ad Visible and
Ad Dwell with Article Dwell.*! Panel I presents the results
with Ad Visible as the measure of attention to ads. The first-
stage results are presented in the bottom part of Panel 1. For
all specifications, we have strong instruments: incremental
F-statistics vary from 12.8 to 79. The first-stage regressions
confirm strong positive attention spillovers between the article
and ads, described in Table 2. The second-stage IV estimates
are presented at the top part of Panel 1.

For the outcome of recall (Columns 1-5), the estimates p are
too imprecise to conclude that they are different from the OLS
estimates or 0. For instance, when we include all observations
(Column 1), p =.0003 is smaller than the OLS estimate of
.003—but the standard error is .002, making the difference stat-
istically insignificant.*?

31 We cannot use Article Visible as an instrument since it is mechanically influ-
enced by the attention to ads when both article and ad are visible on the page.
32 Table A1 presents both the IV and the OLS results next to each other, to sim-
plify the comparison of the estimates.

For the purchase outcome (Columns 6-10), the estimates of
A are positive and statistically significant—the spillover atten-
tion to ads due to an interesting article leads to a higher pur-
chase probability of the brand that was advertised. The
estimated magnitudes of A are larger for the IV case—although
differences between the IV and OLS estimates are only margin-
ally significant, due to larger standard errors of the IV estimates.
The fact that the IV estimate of & is larger than the OLS estimate
suggests that reverse causality is not a big concern in this case,
since consumer behavior a la Becker and Murphy (1993) and
Tuchman, Nair, and Gardete (2018) would lead to an upward
bias of the OLS estimates (and we find the opposite).

Panel II of Table 5 presents the results with Ad Dwell as the
measure of attention to ads. All conclusions are the same as in
the case of Ad Visible. The first-stage results confirm a strong
complementarity between attention devoted to articles and
ads. Incremental F-statistics are between 10 and 183 across
specifications, with the strongest relationship for mobile and
the weakest for desktop devices. The estimates p are imprecise
across the specifications (Columns 1-5), while the estimates of
A are positive and statistically significant (Columns 6-10). The
IV estimates of A are larger than the OLS estimates, but the dif-
ference is not statistically significant.

In Columns 7-10 of Table 5, A estimates are presented sep-
arately for different devices and news types, confirming find-
ings from the OLS analysis. For both mobile and desktop
devices, A estimates show no statistical difference when using
Ad Visible or Ad Dwell as attention metrics. Likewise, the
impact of advertising on recall and purchase for “hard” and
“soft” news is qualitatively similar. Furthermore, the estimated
magnitudes are slightly higher for ads displayed alongside arti-
cles featuring hard news.

Robustness. As an additional robustness check, we use the L10
article attention (the average amount of attention devoted to the
article by all other individuals in the sample) as an IV to instru-
ment for attention to ads. From Table 2, the L10O attention sig-
nificantly shifts the amount of time a consumer devotes to the
article, which in turn has a positive spillover effect on the atten-
tion to ads on the page. We present these results in Web
Appendix Table W20. Once again, the first-stage estimates
confirm the positive spillover of attention from articles to ads,
although the strength of the instrument is weaker (e.g., for Ad
Dwell as a measure of ad attention, incremental F-statistics
vary from 1.8 to 13.3). Because of the lower statistical power
of this instrument, the second-stage (IV) coefficients are also
estimated imprecisely, though, reassuringly, they have the
same magnitude as previous OLS and IV results.

Finally, we consider an alternative shifter of consumers’ atten-
tion to articles: the (mis)alignment between consumers’ and news-
papers’ political views. We construct a measure of political
alignment of consumers and news outlets by asking participants
about their political views. Independently, we classify news
outlets as left wing, center, or right wing. A misalignment strongly
predicts consumers’ attention to articles—going from fully aligned
views to completely misaligned views decreases the time people
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Table 5. Estimates of Advertising Effects on Recall and Purchase: Article Dwell IV.
Recall (p) Purchase (i)
All Device News Type All Device News Type
Mobile Desktop Hard Soft Mobile Desktop Hard Soft
Panel | ONC) @) @ & © O ®) O
Ad Visible .0003 .008 —.001 .001 —.0004 .006***  0]3** .004* .007*%%  .005%
(.002) (.007) (-002) (.003) (.003) (.002) (-006) (.002) (.003) (.002)
Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R? .105 .097 .138 122 .103 123 .128 .146 .148 .149
First Stage
Article Dwell O058FF 024k Q76%FFF  O57Fkx  Q59FKE 058FFE  026%FF  Q75%Fk Q57FFF Q59%FE
(.007) (.007) (-009) (.010) (.007) (.007) (.007) (.008) (.010) (.007)
Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R? 459 .282 .566 430 Sl16 467 .307 .582 A47 531
First-stage incremental F-statistic ~ 75.85 12.83 76.71 31.92 714 77.74 14.53 79.01 335 70.79
Panel Il U] ) 3) ) 5) () ) ®) ) (10)
Ad Dwell .001 .008 —.009 .005 —.002  .028%  Q]5%* .052 .036%  .025%
(.010) (.007) (.032) (.014) (.013) (ol (-007) (.037) (.016) (.013)
Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R? .107 122 117 .130 .100 119 .199 .079 .145 .143
First Stage
Article Dwell O peee 0220k 005*FF I ¥+ Q] ¥ 0] 6 023%FF  005%FKF Q] IFRE Q] RRE
(.002) (.002) (-002) (.002) (.002) (.002) (-002) (.002) (.002) (.002)
Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R? .205 A76 129 .208 232 .220 .500 .156 235 262
First-stage incremental F-statistic ~ 48.23 173.37 11.96 34.63 34.09 48.52 183.4 10.41 36.78 34.52
<.l
*kp <.05.

Notes: All specifications include a quartic polynomial in log of average time that an average article was visible for by each individual, step order and device X country
FEs, FEs for individual covariates (income, gender, education, age, and self-reported political leaning), and brand (for recall) or brand X price (for purchase) fixed

effects. Standard errors are clustered at the individual level.

read the article by around 15.7 seconds. This, in turn, decreases the
attention people devote to ads on the page, with ads becoming
visible for 1.25 seconds less (SE = .64 seconds) and attracting
.21 seconds less active attention dwell time (SE = .18 seconds).
The magnitudes match the previous results on attention spillovers
well (e.g., the first-stage results in Table 5 [Column 1] imply that
an extra 15 seconds of Article Dwell increase Ad Visible and Ad
Dwell by .87 and .17 seconds, respectively). However, the effect
of political mismatch on the attention to ads is too imprecise to
produce conclusive estimates of p, A. We present details of the anal-
ysis and discuss the results in Web Appendix G.3.

Managerial Implications

Our article has four sets of findings with managerial implica-
tions. First, attention to ads can be measured and leads to
higher ad recall and brand purchases, providing a way to
measure ad effectiveness and price display advertising.
Second, attention to articles has a positive spillover to ads
placed next to them, highlighting the value of high-quality

content. Third, “hard news” article content does not make ads
less effective, cautioning against the practice of blunt “block
lists” of advertisers. Fourth, ad visibility is a more imprecise
metric of consumer attention, but still a valuable one for
researchers. We consider each of these in turn.

We can use our results to calculate rough estimates of the
costs and benefits of online display ads. First, we discuss the
benefits. In our experiment, the ads on each page had an
average dwell time of about 2.76 seconds per individual
(i.e., the time individuals are attentive to the ad). At the
mean, this attention increases the probability of purchase by
2.76 x .007 ~ .02, or about 2%.**> In the United States,
for instance, the opportunity cost to individuals of acquiring
the voucher (the amount of cash individuals had to forgo, or
the “price” of the voucher) was on average $5. Therefore, we
take the revenue for the brand from purchase to be $5. This

33 Here we use the OLS estimates from Table 3. The IV estimates would imply
an even higher value of advertising.
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implies that an ad is worth 5 X .02 = 10 cents of revenue per
person exposed to the ad, or $100 for 1,000 people.** We
note that these estimates might overestimate advertising effec-
tiveness of display advertising since individuals make an imme-
diate purchase decision following exposure to ads, when
information about the brands is more easily retrievable from
the memory (Keller 1987).

On the cost side, the advertising industry typically uses the
metric of a “cost per mille” (CPM, or cost per 1,000 impres-
sions). For a digital inventory, this is difficult to assess
because it is the result of an auction every time an ad is available
rather than the setting of a price in general. Things are further
complicated because advertisers tend to pay for targeting infor-
mation (e.g., to ensure that a particular ad is shown to individ-
uals who, based on their known characteristics, are likely to be
interested in the brand), which further influences the cost. Still,
Lumen Research shared with us its estimate of the cost per
attentive 1,000 views (aCPM), which is £21.88 (~ $30) on
desktops and £13.54 (=~ $19) on mobile devices. On top of
this, we would have to include technology and agency fees—
that is, the cost of creating the ads and employing marketers.
However, on the whole, these figures suggest that advertising
is likely worth its cost. The magnitudes of the implied return
on investments are larger than those typically reported in the lit-
erature (e.g., Kireyev, Pauwels, and Gupta 2016; Lewis and
Reiley 2014), likely due to the immediacy of the purchase deci-
sion of consumers in our context.

Our second set of results shows that there is a positive attention
spillover from articles to ads. These results emphasize the value of
good, captivating news content; not only does such content drive
more visitors to news outlets and increase their reputation, it also
increases the effectiveness of advertising on news outlets’ web
pages. Thus, by investing in the quality of news content, publishers
can charge higher CPM rates to advertisers. These findings provide
business justifications against the practice of “clickbait” (using
catchy titles or images to entice users to visit low-quality articles
that are then immediately skipped). Instead, the result suggests
that publishers should be incentivized to invest in more captivating
and high-quality news content, even when only considering ad
revenue. Our results on the “political mismatch” between outlet
and readers further corroborate this idea: newspapers that cater to
their audiences attract valuable attention to the article that spills
over to the ad.

The third managerial implication that arises from our results
is a word of caution when it comes to block lists that often do
not allow ads to be placed next to “hard news.” In our experi-
ment, these were articles associated with the COVID-19 pan-
demic and the BLM protests. Our results reject the hypothesis
of a negative effect of hard news per se on either ad recall or
brand purchase. There may still be other reasons, such as
brand safety (Vizard 2017), or preferences and career concerns
of brand managers (Gordon et al. 2021), to limit exposure of ads

34 We are considering only revenue, not profit, since we have no estimate of the
cost to the brand of producing and supplying the goods.

to certain types of content. However, our results suggest that the
current system might be too blunt or exhibit excessive risk aver-
sion. Limiting the practice of block lists is particularly impor-
tant at times of major societal events (e.g., pandemics, wars,
the fight against climate change), since block lists penalize
news outlets for providing detailed coverage of these important
issues and informing citizens.

Our last set of results concerns alternative ways of measuring
attention. We used two metrics of attention to articles and ads, vis-
ibility and actual dwell time. Dwell time is a more precise and
accurate measure, as it measures the amount of time a person actu-
ally looks at web page objects. However, to produce that measure,
one needs access to (costly) eye-tracking software. We found that
the simpler measure, visibility, still produces reliable results when
measuring the impact of attention on brand recall and purchase.
This is reassuring and has important repercussions. Depending
on the question at hand, research teams without access to eye-
tracking software can still obtain robust answers by using
non-eye-tracking-based measures of attention to ads, such as the
time ads are visible on the page.

Our results validate the importance of the attention of website
visitors for display advertising effectiveness, which can be “priced
in” by the publishers and platforms. This view is aligned with the
current thinking in the media industry. For instance, Mail Metro
Media, which represents several of the United Kingdom’s
media brands (such as The Daily Mail and The Telegraph)
created a “high attention” package of advertising, for which
they charge a price premium to brands (dmg media 2021). A
similar program is run by Ozone, the aggregated selling house
used by The Guardian. Again, it charges a premium on its adver-
tising inventory, which is justified in part by the higher attention
its ads receive because of the intensity of the engagement with the
content (The Ozone Project 2021). This does not seem to be only
a sell-side or online news phenomenon. Havas, one of the largest
media buying networks in the world, has adopted an explicit posi-
tion that it will pay more for the quality of attention an ad receives
(Sagar 2022). Like our method, these pricing strategies and mea-
sures of ad effectiveness benefit from a novel approach of lever-
aging the intensive margin of attention to ads, rather than an
extensive margin of showing or not showing an ad on the page.
McGranaghan, Liaukonyte, and Wilbur (2022) discuss similar
strategies for incorporating attention metrics into the measures
of ad effectiveness and pricing for TV ads.

Conclusions

In this article, we used measures of attention obtained with eye
tracking to estimate advertising effectiveness in online markets.
We ran an experiment that focuses on display advertising
online, in which ads are shown next to articles. We showed
that more engaging articles generate positive spillovers of atten-
tion from the news to the ads. This incremental ad attention
increases the probability that the advertised brands are correctly
recalled and subsequently purchased.

There are several important caveats to keep in mind regarding
the external validity of our results, typical for similar experimental
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settings. First, we asked individuals to make an immediate pur-
chase decision, so we are likely overestimating the effect a real
ad would have on purchases. We note, however, that the brand-
specific vouchers that individuals could obtain were valid for
one year or more, so consumption does not need to be immediate
and hence possibly mitigates this bias.

Second, we may be underestimating the impact of ads, since
our ads are not targeted to specific individuals. We relied on the
representativeness of the panel selected by a specialist supplier
of research and marketing panels, and we chose brands that are
of sufficient appeal to large audiences. We cannot estimate the
effectiveness of targeted ads (nor was this the goal of our exper-
iment)}—doing so would require access to an algorithm that
assigns ads to readers online, which we do not possess.

Notwithstanding these limitations, we hope that this work will
prompt more research on the drivers and effects of digital atten-
tion, including an extended model of the links between attention
and recall and a more detailed investigation into the underlying
mechanisms. These models can be motivated and informed by
the literature in neuromarketing and neuroscience; for example,
Plassmann, Ramsgy, and Milosavljevic (2012) discuss advances
in the literature and suggest avenues of theory generation that
build on consumer neuroscience. Another interesting extension
of our work is to measure the heterogeneity of ad effectiveness
given the advertised brand and news context match. Tools such
as eye-tracking software are now increasingly precise and avail-
able at scale in realistic settings to measure this.

Acknowledgments

The authors thank the JM review team as well as Daniel Ershov,
Garrett Johnson, Stephan Seiler, Anna Tuchman, Gokhan Yildirim
and seminar participants at the Bank of Italy; Imperial College
London; CESifo Conference on the Economics of Digitization; Fox
Temple Conference on Al, ML, and Business Analytics; University
of Milan; University of Bologna; Cergy Paris; Yale-TSE Regulation
of Digital Economy Workshop; and Workshop on Platform
Analytics for helpful comments. Rosa Sanchis-Guerrer and Prashant
Garg provided excellent research assistance. The authors thank the
whole team of Lumen Research for providing access to their eye-
tracking technology.

Coeditor
Brett R. Gordon

Associate Editor
Eric T. Bradlow

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Funding

The author(s) disclosed receipt of the following financial support for
the research, authorship, and/or publication of this article: The
authors gratefully acknowledge financial help from Imperial College
COVID-19 Response Fund and from the NET Institute.

References

Ahn, Jae-Hyeon, Yoon-Soo Bae, Jachyeon Ju, and Wonseok Oh
(2018), “Attention Adjustment, Renewal, and Equilibrium
Seeking in Online Search: An Eye-Tracking Approach,” Journal
of Management Information Systems, 35 (4), 1218-50.

Angrist, Joshua D. and Guido W. Imbens (1995), “Two-Stage Least
Squares Estimation of Average Causal Effects in Models with
Variable Treatment Intensity,” Journal of the American Statistical
Association, 90 (430), 431-42.

Angrist, Joshua David, Guido W. Imbens, and Alan B. Krueger (1999),
“Jackknife Instrumental Variables Estimation,” Journal of Applied
Econometrics, 14 (1), 57-67.

Aribarg, Anocha, Rik Pieters, and Michel Wedel (2010), “Raising the
BAR: Bias Adjustment of Recognition Tests in Advertising,”
Journal of Marketing Research, 47 (3), 387-400.

Armel, K. Carrie, Aurelie Beaumel, and Antonio Rangel (2008),
“Biasing Simple Choices by Manipulating Relative Visual
Attention,” Judgment and Decision Making, 3 (5), 396—403.

Becker, Gary S. and Kevin M. Murphy (1993), “A Simple Theory of
Advertising as a Good or Bad,” Quarterly Journal of Economics,
108 (4), 941-64.

Berger, Jonah, Wendy W. Moe, and David Schweidel (2019), “What
Leads to Longer Reads? Psychological Drivers of Reading
Online Content,” in Advances in Consumer Research, Vol. 47,
Rajesh Bagchi, Lauren Block, and Leonard Lee, eds. Association
for Consumer Research, 19-23.

Brasel, S. Adam and James Gips (2008), “Breaking Through
Fast-Forwarding: Brand Information and Visual Attention,”
Journal of Marketing, 72 (6), 31-48.

Brocas, Isabelle, Juan D. Carrillo, Stephanie W. Wang, and Colin
F. Camerer (2014), “Imperfect Choice or Imperfect Attention?
Understanding Strategic Thinking in Private Information Games,”
Review of Economic Studies, 81 (3), 944-70.

Calder, Bobby J., Edward C. Malthouse, and Ute Schaedel (2009), “An

Study of the
Engagement and Advertising Effectiveness,”
Interactive Marketing, 23 (4), 321-31.

Camerer, Colin F., Eric Johnson, Talia Rymon, and Sankar Sen (1993),

Experimental Relationship Between Online

Journal  of

“Cognition and Framing in Sequential Bargaining for Gains and
Losses,” Frontiers of Game Theory, 104, 27-47.

Cerf, Moran, Jonathan Harel, Wolfgang Einhduser, and Christof Koch
(2007), “Predicting Human Gaze Using Low-Level Saliency
Combined with Face Detection,”
Information Processing Systems, Vol. 20, J. Platt, D. Koller,
Y. Singer, and S. Roweis, eds. NeurIPS, https:/proceedings.neur-
ips.cc/paper/2007/hash/708f3¢cf8100d5¢71834b1db77dfal5d6-
Abstract.html.

Chandon, Pierre, J. Wesley Hutchinson, Eric T. Bradlow, and Scott
H. Young (2009), “Does in-Store Marketing Work? Effects of the
Number and Position of Shelf Facings on Brand Attention and

in Advances in Neural

Evaluation at the Point of Purchase,” Journal of Marketing,
73 (6), 1-17.

Dahl, Gordon B., Andreas Ravndal Kostel, and Magne Mogstad
(2014), “Family Welfare Cultures,”
Economics, 129 (4), 1711-52.

Quarterly Journal of



312

Journal of Marketing Research 62(2)

Danaher, Peter J. and Guy W. Mullarkey (2003), “Factors Affecting
Online Advertising Recall: A Study of Students,” Journal of
Advertising Research, 43 (3), 252-67.

Deng, Yiting and Carl F. Mela (2018), “TV Viewing and Advertising
Targeting,” Journal of Marketing Research, 55 (1), 99-118.

dmg media (2021), “Mail Metro Media Unveils Centre for Attention,”
(November 15), https:/www.dmgmedia.co.uk/news/mail-metro-
media-unveils-centre-for-attention/.

Dobbie, Will, Jacob Goldin, and Crystal S. Yang (2018), “The Effects
of Pretrial Detention on Conviction, Future Crime, and
Employment: Evidence from Randomly Assigned Judges,”
American Economic Review, 108 (2), 201-40.

Dréze, Xavier and Frangois-Xavier Hussherr (2003), “Internet
Advertising: Is Anybody Watching?” Journal of Interactive
Marketing, 17 (4), 8-23.

Elsen, Millie, Rik Pieters, and Michel Wedel (2016), “Thin Slice
Impressions: How Advertising Evaluation depends on Exposure
Duration,” Journal of Marketing Research, 53 (4), 563-79.

eMarketer (2020), “Estimated Short-Term Change in Average Digital
Ad Spending Due to the Coronavirus Pandemic,” (accessed
January 17, 2023), https:/www.emarketer.com/chart/235710/
estimated-short-term-change-average-digital-ad-spending-due-
coronavirus-pandemic-according-us-agency-brand-ad-buyers-by-
format-march-2020-change.

Ghaffari, Minou and Susann Fiedler (2018), “The Power of Attention:
Using Eye Gaze to Predict Other-Regarding and Moral Choices,”
Psychological Science, 29 (11), 1878-89.

Goldfarb, Avi and Catherine Tucker (2011), “Online Display
Advertising: Targeting and Obtrusiveness,” Marketing Science,
30 (3), 389-404.

Goldstein, Daniel G., R. Preston McAfee, and Siddharth Suri (2011), “The
Effects of Exposure Time on Memory of Display Advertisements,” in
Proceedings of the 12th ACM Conference on Electronic Commerce.
Association for Computing Machinery, 49-58.

Goldstein, Daniel G., R. Preston McAfee, and Siddharth Suri (2015),
“Improving the Effectiveness of Time-Based Display
Advertising,” ACM Transactions on Economics and Computation
(TEAC), 3 (2), 1-20.

Gordon, Brett R., Kinshuk Jerath, Zsolt Katona, Sridhar Narayanan,
Jiwoong Shin, and Kenneth C. Wilbur (2021), “Inefficiencies in
Digital Advertising Markets,” Journal of Marketing, 85 (1), 7-25.

Gordon, Brett R., Robert Moakler, and Florian Zettelmeyer (2023),
“Close Enough? A Large-Scale Exploration of Non-Experimental
Approaches to Advertising Measurement,” Marketing Science,
42 (4), 768-93.

Heckman, James J. and James M. Snyder Jr. (1997), “Linear
Probability Models of the Demand for Attributes with an
Empirical Application to Estimating the Preferences of
Legislators,” RAND Journal of Economics, 28, S142.

Higgins, Emily, Mallorie Leinenger, and Keith Rayner (2014), “Eye
Movements When Viewing Advertisements,”
Psychology, 5, 210.

Hoban, Paul R. and Randolph E. Bucklin (2015), “Effects of Internet
Display Advertising in the Purchase Funnel: Model-Based
Insights from a Randomized Field Experiment,” Journal of
Marketing Research, 52 (3), 375-93.

Frontiers in

Holmgqvist, Kenneth, Jana Holsanova, Mari Barthelson, and
Daniel Lundqvist (2003), “Reading or Scanning? A Study of
Newspaper and Net Paper Reading,” in The Mind’s Eye: Cognitive
and Applied Aspects of Eye Movement Research, Jukka Hyon4, Ralph
Radach, and Heiner Deubel, eds. Elsevier, 657-70.

Hoyer, Wayne D. and Steven P. Brown (1990), “Effects of Brand
Awareness on Choice for a Common, Repeat-Purchase Product,”
Journal of Consumer Research, 17 (2), 141-48.

Huang, Jason, David Reiley, and Nick Riabov (2018), “Measuring
Consumer Sensitivity to Audio Advertising: A Field Experiment
on Pandora Internet Radio,” SSRN, https:/papers.ssrn.com/sol3/
papers.cfm?abstract_id=3166676.

IAB UK (2020), “COVID-19 x Keyword Blocking: 9 Tips for
Advertisers,” (accessed January 17, 2023), https:/www.iabuk.
com/news-article/covid-19-x-keyword-blocking-9-tips-advertisers.

Itti, Laurent, Christof Koch, and Ernst Niebur (1998), “A Model of
Saliency-Based Visual Attention for Rapid Scene Analysis,”
IEEE  Transactions on Pattern and  Machine
Intelligence, 20 (11), 1254-59.

Janiszewski, Chris (1998), “The Influence of Display Characteristics

Analysis

on Visual Exploratory Search Behavior,” Journal of Consumer
Research, 25 (3), 290-301.

Jeziorski, Przemystaw and Sridhar Moorthy (2018), “Advertiser
Prominence Effects in Search Advertising,”
Science, 64 (3), 1365-83.

Johnson, Garrett A., Randall A. Lewis, and Elmar I. Nubbemeyer (2017a),
“Ghost Ads: Improving the Economics of Measuring Online Ad
Effectiveness,” Journal of Marketing Research, 54 (6), 867-84.

Johnson, Garrett, Randall A. Lewis, and Elmar Nubbemeyer (2017b),
“The Online Display Ad Effectiveness Funnel & Carryover:
Lessons from 432 Field Experiments,” SSRN, https:/papers.sstn.
com/sol3/papers.cfm?abstract_id=2701578.

Johnson, Garrett A., Scott K. Shriver, and Shaoyin Du (2020), “Consumer
Privacy Choice in Online Advertising: Who Opts Out and at What Cost
to Industry?” Marketing Science, 39 (1), 33-51.

Kaiser, Ulrich and Julian Wright (2006), “Price Structure in Two-Sided
Markets: Evidence from the Magazine Industry,” International
Journal of Industrial Organization, 24 (1), 1-28.

Kazai, Gabriella, Iskander Yusof, and Daoud Clarke (2016),
“Personalised News and Blog Recommendations Based on User

Management

Location, Facebook and Twitter User Profiling,” in Proceedings
of the 39th International ACM SIGIR Conference on Research
and Development in Information Retrieval. Association for
Computing Machinery, 1129-32.

Keller, Kevin Lane (1987), “Memory Factors in Advertising: The
Effect of Advertising Retrieval Cues on Brand Evaluations,”
Journal of Consumer Research, 14 (3), 316-33.

Khurram, Mehreen, Faisal Qadeer, and Muhammad Sheeraz (2018),
“The Role of Brand Recall, Brand Recognition and Price
Consciousness in Understanding Actual Purchase,” Journal of
Research in Social Sciences, 6 (2), 219-41.

Kilger, Max and Ellen Romer (2007), “Do Measures of Media
Engagement Correlate with Product Purchase Likelihood?”
Journal of Advertising Research, 47 (3), 313-25.

Kireyev, Pavel, Koen Pauwels, and Sunil Gupta (2016), “Do Display
Ads Influence Search? Attribution and Dynamics in Online


https://www.dmgmedia.co.uk/news/mail-metro-media-unveils-centre-for-attention/
https://www.dmgmedia.co.uk/news/mail-metro-media-unveils-centre-for-attention/
https://www.dmgmedia.co.uk/news/mail-metro-media-unveils-centre-for-attention/
https://www.emarketer.com/chart/235710/estimated-short-term-change-average-digital-ad-spending-due-coronavirus-pandemic-according-us-agency-brand-ad-buyers-by-format-march-2020-change
https://www.emarketer.com/chart/235710/estimated-short-term-change-average-digital-ad-spending-due-coronavirus-pandemic-according-us-agency-brand-ad-buyers-by-format-march-2020-change
https://www.emarketer.com/chart/235710/estimated-short-term-change-average-digital-ad-spending-due-coronavirus-pandemic-according-us-agency-brand-ad-buyers-by-format-march-2020-change
https://www.emarketer.com/chart/235710/estimated-short-term-change-average-digital-ad-spending-due-coronavirus-pandemic-according-us-agency-brand-ad-buyers-by-format-march-2020-change
https://www.emarketer.com/chart/235710/estimated-short-term-change-average-digital-ad-spending-due-coronavirus-pandemic-according-us-agency-brand-ad-buyers-by-format-march-2020-change
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3166676
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3166676
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3166676
https://www.iabuk.com/news-article/covid-19-x-keyword-blocking-9-tips-advertisers
https://www.iabuk.com/news-article/covid-19-x-keyword-blocking-9-tips-advertisers
https://www.iabuk.com/news-article/covid-19-x-keyword-blocking-9-tips-advertisers
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2701578
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2701578
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2701578

Simonov et al.

313

Advertising,” International Journal of Research in Marketing,
33 (3), 475-90.

Knoepfle, Daniel T., Joseph Tao-yi Wang, and Colin F. Camerer
(2009), “Studying Learning in Games Using Eye-Tracking,”
Journal of the European Economic Association, 7 (2-3), 388-98.

Koch, Christof and Shimon Ullman (1987), “Shifts in Selective Visual
Attention: Towards the Underlying Neural Circuitry,” in Matters of
Intelligence: Conceptual Structures in Cognitive Neuroscience,
Lucia M. Vaina, ed. Springer, 115-41.

Kolesar, Michal (2013), “Estimation in an Instrumental Variables Model
with Treatment Effect Heterogeneity,” unpublished working paper.
Lagun, Dmitry and Mounia Lalmas (2016), ‘“Understanding User
Attention and Engagement in Online News Reading,” in Proceedings
of the Ninth ACM International Conference on Web Search and

Data Mining. Association for Computing Machinery, 113-22.

Lee, JooWon and Jae-Hyeon Ahn (2012), “Attention to Banner Ads
and Their An
International Journal of Electronic Commerce, 17 (1), 119-37.

Lewis, Randall A. and David H. Reiley (2014), “Online Ads and
Offline Sales: Measuring the Effect of Retail Advertising via a
Controlled Experiment on Yahoo!” Quantitative Marketing and
Economics, 12 (3), 235-66.

Liu, Xiau, Matthew Shum, and Kosuke Ueteke (2021), “Passive and
Active Attention to Baseball Telecasts: Implications for Content
(Re-)Design,” SSRN, https:/papers.ssrn.com/sol3/papers.cfm?
abstract_id=3717894.

Lohse, Gerald L. (1997), “Consumer Eye Movement Patterns on
Yellow Pages Advertising,” Journal of Advertising, 26 (1),
61-73.

Lynch, John G. Jr., Howard Marmorstein, and Michael F. Weigold
(1988), “Choices from Sets Including Remembered Brands: Use
of Recalled Attributes and Prior Overall Evaluations,” Journal of
Consumer Research, 15 (2), 169-84.

Macdonald, Emma K. and Byron M. Sharp (2000), “Brand Awareness
Effects on Consumer Decision Making for a Common, Repeat
Purchase Product: A Replication,” Journal of Business Research,
48 (1), 5-15.

MacKenzie, Scott B. (1986), “The Role of Attention in Mediating the
Effect of Advertising on Attribute Importance,” Journal of
Consumer Research, 13 (2), 174-95.

Martins, José, Catarina Costa, Tiago Oliveira, Ramiro Gongalves, and
Frederico Branco (2019),
Influences Consumers’ Purchase Intention,” Journal of Business
Research, 94, 378-87.

McGranaghan, Matthew, Jura Liaukonyte, and Kenneth C. Wilbur
(2022), “How Viewer Tuning, Presence, and Attention Respond
to Ad Content and Predict Brand Search Lift,” Marketing
Science, 41 (5), 873-95.

MeiBiner, Martin, Andres Musalem, and Joel Huber (2016), “Eye
Tracking Reveals Processes That Enable Conjoint Choices to
Become Increasingly Efficient with Practice,” Journal of
Marketing Research, 53 (1), 1-17.

Milosavljevic, Milica and Moran Cerf (2008), “First Attention
Then Intention: Insights from Computational Neuroscience
of Vision,” International Journal of Advertising, 27 (3),
381-98.

Effectiveness: Eye-Tracking Approach,”

“How Smartphone Advertising

Moshary, Sarah, Bradley T. Shapiro, and Jihong Song (2021), “How
and When to Use the Political Cycle to Identify Advertising
Effects,” Marketing Science, 40 (2), 283-304.

Narayanan, Sridhar and Kirthi Kalyanam (2015), “Position Effects in
Search Advertising and Their Moderators: A Regression
Discontinuity Approach,” Marketing Science, 34 (3), 388—407.

Navalpakkam, Vidhya, Justin Rao, and Malcolm Slaney (2011),
“Using Gaze Patterns to Study and Predict Reading Struggles
Due to Distraction,” in CHI’11 Extended Abstracts on Human
Factors in Computing Systems. Association for Computing
Machinery, 1705-10.

Nixon, Howard Kenneth (1924), Attention and Interest in Advertising.
G.E. Stechert.

The Ozone Project (2021), “Ozone Study Shows Clear Link Between
Attention Paid to Quality Content and Accompanying Ads,”
(November 3), https:/www.ozoneproject.com/blog/ozone-study-
shows-clear-link-between-attention-paid-to-quality-content-and-
accompanying-ads.

Parnamets, Philip, Petter Johansson, Lars Hall, Christian Balkenius,
Michael J. Spivey, and Daniel C. Richardson (2015), “Biasing Moral
Decisions by Exploiting the Dynamics of Eye Gaze,” Proceedings of
the National Academy of Sciences, 112 (13), 4170-75.

Pieters, Rik and Michel Wedel (2004), “Attention Capture and
Transfer in Advertising: Brand, Pictorial, and Text-Size Effects,”
Journal of Marketing, 68 (2), 36-50.

Pieters, Rik and Michel Wedel (2007), “Goal Control of Attention to
Advertising: The Yarbus Implication,” Journal of Consumer
Research, 34 (2), 224-33.

Pieters, Rik, Michel Wedel, and Rajeev Batra (2010), “The Stopping
Power of Advertising: Measures and Effects of Visual
Complexity,” Journal of Marketing, 74 (5), 48-60.

Pieters, Rik, Michel Wedel, and Jie Zhang (2007), “Optimal Feature
Advertising Design Under Competitive Clutter,” Management
Science, 53 (11), 1815-28.

Pitler, Emily and Ani Nenkova (2008), “Revisiting Readability: A
Unified Framework for Predicting Text Quality,” in Proceedings
of the 2008 Conference on Empirical Methods in Natural
Language Processing, 186-95.

Plassmann, Hilke, Thomas Zoéga Ramsey, and Milica Milosavljevic
(2012), “Branding the Brain: A Critical Review and Outlook,”
Journal of Consumer Psychology, 22 (1), 18-36.

Rafieian, Omid and Hema Yoganarasimhan (2021), “Targeting
and Privacy in Mobile Advertising,” Marketing Science, 40 (2),
193-218.

Rayner, Keith, Caren M. Rotello, Andrew J. Stewart, Jessica Keir, and
Susan A. Dufty (2001), “Integrating Text and Pictorial Information:
Eye Movements When Looking at Print Advertisements,” Journal
of Experimental Psychology: Applied, 7 (3), 219.

Redline, Cleo D. and Christopher P. Lankford (2001), “Eye-Movement
Analysis: A New Tool for Evaluating the Design of Visually
Administered Instruments," in Proceedings of the Annual
Meeting of the American Statistical Association. American
Statistical Association, http:/www.asasrms.org/Proceedings/y2001/
Proceed/00248.pdf.

Reutskaja, Elena, Rosemarie Nagel, Colin F. Camerer,
Antonio Rangel (2011), “Search Dynamics in Consumer Choice

and


https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3717894
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3717894
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3717894
https://www.ozoneproject.com/blog/ozone-study-shows-clear-link-between-attention-paid-to-quality-content-and-accompanying-ads
https://www.ozoneproject.com/blog/ozone-study-shows-clear-link-between-attention-paid-to-quality-content-and-accompanying-ads
https://www.ozoneproject.com/blog/ozone-study-shows-clear-link-between-attention-paid-to-quality-content-and-accompanying-ads
https://www.ozoneproject.com/blog/ozone-study-shows-clear-link-between-attention-paid-to-quality-content-and-accompanying-ads
http://www.asasrms.org/Proceedings/y2001/Proceed/00248.pdf
http://www.asasrms.org/Proceedings/y2001/Proceed/00248.pdf
http://www.asasrms.org/Proceedings/y2001/Proceed/00248.pdf

314

Journal of Marketing Research 62(2)

Under Time Pressure: An Eye-Tracking Study,” American
Economic Review, 101 (2), 900-926.

Russo, J. Edward and France Leclerc (1994), “An Eye-Fixation
Analysis of Choice Processes for Consumer Nondurables,”
Journal of Consumer Research, 21 (2), 274-90.

Rutz, Oliver J., Randolph E. Bucklin, and Garrett P. Sonnier (2012),
“A Latent Instrumental Variables
Keyword Conversion in Paid Search Advertising,” Journal of
Marketing Research, 49 (3), 306-19.

Sagar, Ella (2022), “Havas: News, Science and Sports Sites Get Most
User Engagement,” The Media Leader (June 10), https:/the-media-
leader.com/havas-news-science-and-sports-sites-get-most-user-
engagement/.

Sahni, Navdeep S. (2015), “Effect of Temporal Spacing Between
Advertising Exposures: Evidence from Online Field Experiments,”
Quantitative Marketing and Economics, 13 (3), 203-47.

Scott, Noel, Christine Green, and Sheranne Fairley (2016), “Investigation
of the use of eye Tracking to Examine Tourism Advertising
Effectiveness,” Current Issues in Tourism, 19 (7), 634-42.

Shi, Savannah Wei and Michael Trusov (2021), “The Path to Click:
Are You on It?” Marketing Science, 40 (2), 344-65.

Simola, Jaana, Jarmo Kuisma, Anssi O6rni, Liisa Uusitalo, and
Jukka Hyond (2011), “The Impact of Salient Advertisements on
Reading and Attention on Web Pages,” Journal of Experimental
Psychology: Applied, 17 (2), 174-90.

Simonov, Andrey and Shawndra Hill (2021), “Competitive
Advertising on Brand Search: Traffic Stealing and Click
Quality,” Marketing Science, 40 (5), 923-45.

Simonov, Andrey, Chris Nosko, and Justin M. Rao (2018),
“Competition and Crowd-Out for Brand Keywords in Sponsored
Search,” Marketing Science, 37 (2), 200-215.

Statista (2023), “Online Advertising Revenue in the United States from
2000 to 2021,” (acccessed January 17, 2023), https:/www.statista.
com/statistics/183816/us-online-advertising-revenue-since-2000/.

Stenfors, Iréne, Jan Morén, and Christian Balkenius (2003),
“Behavioural Strategies in Web Interaction: A View from
Eye-Movement research,” in The Mind’s Eye: Cognitive and
Applied Aspects of Eye Movement Research, Jukka Hyond, Ralph
Radach, and Heiner Deubel, eds. Elsevier, 633-44.

Sweney, Mark (2020), “UK Publishers Losing Digital Ad Revenue
Due to Content ‘Blacklists’,” The Guardian (January 20), https:/
www.theguardian.com/media/2020/jan/20/uk-publishers-losing-

Approach to Modeling

digital-ad-revenue-due-to-content-blacklists.

Teixeira, Thales S., Michel Wedel, and Rik Pieters (2010),
“Moment-to-Moment Optimal Branding in TV Commercials:
Preventing Avoidance by Pulsing,” Marketing Science, 29 (5),
783-804.

Treistman, Joan and John P. Gregg (1979), “Visual, Verbal, and Sales
Responses to Print Ads,” Journal of Advertising Research, 19 (4),
41-47.

Tuchman, Anna E., Harikesh S. Nair, and Pedro M. Gardete (2018),
“Television Ad-Skipping, Consumption Complementarities and
the Consumer Demand for Advertising,” Quantitative Marketing
and Economics, 16 (2), 111-74.

Uhl, Christina, Nadia Abou Nabout, and Klaus Miller (2020), “How
Much Ad Viewability Is Enough? The Effect of Display Ad
Viewability on Advertising Effectiveness,” arXiv preprint, https:/
arxiv.org/abs/2008.12132.

Van der Lans, Ralf, Rik Pieters, and Michel Wedel (2021),
“Online Advertising Suppresses Visual Competition During
Planned Purchases,” Journal of Consumer Research, 48 (3),
374-93.

Vizard, Sarah (2017), “Should Brands Be Pulling Digital Ad Spend
over ‘Funding Terror’ Claims?” MarketingWeek (February 14),
https:/www.marketingweek.com/brands-pulling-digital-ad-spend-
terror-funding-claims/.

Wedel, Michel (2015), “Attention Research in Marketing: A Review
of Eye-Tracking Studies,” in The Handbook of Attention,
Jonathan Fawcett, Evan Risko, and Alan Kingstone, eds. MIT
Press, 569-88.

Wedel, Michel and Rik Pieters (2000),
Advertisements and Memory for Brands:
Findings,” Marketing Science, 19 (4), 297-312.

Wedel, Michel and Rik Pieters (2007), “A Review of Eye-Tracking
Research in Marketing,” Review of Marketing Research, 4,
123-46.

Wedel, Michel, Rik Pieters, and John Liechty (2008), “Attention
Switching During Scene Perception: How Goals Influence the

“Eye Fixations on

A Model and

Time Course of eye Movements Across Advertisements,”
Journal of Experimental Psychology: Applied, 14 (2), 129.

Weitman, Bridget (2020), “Revisited: Media Consumption During the
Coronavirus Pandemic,” ComScore (acccessed January 17, 2023),
https:/www.comscore.com/Insights/Blog/Revisited-Media-
Consumption-during-the-Coronavirus-Pandemic.

Wilbur, Kenneth C. (2008), “A Two-Sided, Empirical Model of
Television Advertising and Viewing Markets,”
Science, 27 (3), 356-78.

Wilbur, Kenneth C. (2016), “Advertising Content and Television
Advertising Avoidance,” Journal of Media Economics, 29 (2),
51-72.

Willen, Max (2020), “Coronavirus Climbs Up Keyword Block Lists,
Squeezing News Publishers’ Programmatic Revenues,” Digiday
(March 9), https:/digiday.com/media/coronavirus-climbs-keyword-
block-lists-squeezing-news-publishers-programmatic-revenues/.

Wilson, Rick T., Daniel W. Baack, and Brian D. Till (2015),
“Creativity, Attention and the Memory for Brands: An Outdoor
Advertising Field Study,” International Journal of Advertising,
34 (2), 232-61.

Yan, Shunyao, Klaus M. Miller, and Bernd Skiera (2022), “How Does
the Adoption of Ad Blockers Affect News Consumption?” Journal
of Marketing Research, 59 (5), 1002—-18.

Zhang, Jie, Michel Wedel, and Rik Pieters (2009), “Sales Effects of
Attention to Feature Advertisements: A Bayesian Mediation
Analysis,” Journal of Marketing Research, 46 (5), 669-81.

Zhang, Xuebai and Shyan-Ming Yuan (2018), “An Eye Tracking
Analysis for Video Advertising: Relationship Between
Advertisement Elements and Effectiveness,” IEEE Access, 6,
10699-707.

Marketing


https://the-media-leader.com/havas-news-science-and-sports-sites-get-most-user-engagement/
https://the-media-leader.com/havas-news-science-and-sports-sites-get-most-user-engagement/
https://the-media-leader.com/havas-news-science-and-sports-sites-get-most-user-engagement/
https://the-media-leader.com/havas-news-science-and-sports-sites-get-most-user-engagement/
https://www.statista.com/statistics/183816/us-online-advertising-revenue-since-2000/
https://www.statista.com/statistics/183816/us-online-advertising-revenue-since-2000/
https://www.statista.com/statistics/183816/us-online-advertising-revenue-since-2000/
https://www.theguardian.com/media/2020/jan/20/uk-publishers-losing-digital-ad-revenue-due-to-content-blacklists
https://www.theguardian.com/media/2020/jan/20/uk-publishers-losing-digital-ad-revenue-due-to-content-blacklists
https://www.theguardian.com/media/2020/jan/20/uk-publishers-losing-digital-ad-revenue-due-to-content-blacklists
https://www.theguardian.com/media/2020/jan/20/uk-publishers-losing-digital-ad-revenue-due-to-content-blacklists
https://arxiv.org/abs/2008.12132
https://arxiv.org/abs/2008.12132
https://arxiv.org/abs/2008.12132
https://www.marketingweek.com/brands-pulling-digital-ad-spend-terror-funding-claims/
https://www.marketingweek.com/brands-pulling-digital-ad-spend-terror-funding-claims/
https://www.marketingweek.com/brands-pulling-digital-ad-spend-terror-funding-claims/
https://www.comscore.com/Insights/Blog/Revisited-Media-Consumption-during-the-Coronavirus-Pandemic
https://www.comscore.com/Insights/Blog/Revisited-Media-Consumption-during-the-Coronavirus-Pandemic
https://www.comscore.com/Insights/Blog/Revisited-Media-Consumption-during-the-Coronavirus-Pandemic
https://digiday.com/media/coronavirus-climbs-keyword-block-lists-squeezing-news-publishers-programmatic-revenues/
https://digiday.com/media/coronavirus-climbs-keyword-block-lists-squeezing-news-publishers-programmatic-revenues/
https://digiday.com/media/coronavirus-climbs-keyword-block-lists-squeezing-news-publishers-programmatic-revenues/

Simonov et al. 315

Appendix: Summary of Main Estimates and Results

Table Al. Summary of Main Results.

First Stage (y) Effect on Recall Effect on Purchase
Hard News Soft News Hard News Soft News Hard News Soft News
Panel | (Ad Visible)
OLS — — .004+#* .0027%%* .001#* .001
(.001) (.001) (.001) (.00l)
Article Dwell IV .057#¥* .059%** .001 —.0004 .007+* .005%
(.010) (.007) (.003) (.003) (.003) (.002)
LIO IV .019 099k —-.022 .004 016 —.0002
(.013) (.013) (.031) (.004) (.037) (.004)
Panel Il (Ad Dwell)
OLS — — .04 | .029%F* .009+* .005
(.004) (.005) (.004) (.004)
Article Dwell IV O [ O [ .005 —-.002 .036%* .025%
(.002) (.002) (.014) (.013) (.016) (.013)
LIO IV .009+* .008#** —.050 .046 .030 —.002
(.004) (.003) (.061) (.057) (.065) (.049)
*p<.l.
*¥p<.05.
sy < 01

Notes: This table presents a summary of our main empirical results. It includes estimates of how our two instruments affect attention and the effects of attention on
recall and purchase. We separate the effects by news type (hard vs. soft news) in different columns. Standard errors are reported in parentheses below each
estimate. The IV regressions for recall controlled for brand FEs, whereas those for purchase controlled for price X brand FEs. For readability, we show only the first
stage of the IV regressions for recall, but the coefficients are virtually identical in both first-stage regressions.
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