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1 Introduction

Spring 2020, the beginning of the COVID pandemic in the U.S., was characterized by an unusual

dynamic for digital advertising. While visits to online media sites and news consumption in-

creased by almost 50% [ComScore, 2020], digital advertising – a rapidly growing area of spending

for companies over the last two decades [Statista, 2023] – experienced a 25-35% decline [emar-

keter.com, 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 [digiday.com, 2020]. Such avoidance

of “hard news,” i.e., news that is thought to be potentially sensitive and upsetting to some read-

ers, is driven by perception on the part of advertisers that placing ads with negative content

could lead to negative associations with their brand, hurting the brand’s image and dissuading

readers from purchasing the advertised product. In turn, this practice discourages news pub-

lishers from investing into “hard news” stories, leading to a potential under-provision of content

that could have high societal benefits [e.g. The Guardian, 2020, IAB UK, 2020].

In this paper, we examine the effect of news content on the effectiveness of online advertising

via an online experiment that uses non-intrusive eye-tracking technology. By “ad effectiveness”

we mean the incremental impact of an additional second of attention to ads on product recall

and purchase probability of that product. In our study, subjects were exposed to a random se-

quence of online articles from well-known news outlets, and the ads next to each article were

also randomized. News articles were selected to cover different news topics (e.g., “hard” and

“soft” news). The outlets were chosen to be of well known political leanings, which could match

or clash with the political ideology of the readers. 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, we asked individuals to recall the advertised brands and make incentivized purchase

decisions (choose between a voucher for an advertised brand and cash). Since articles vary in

how interesting they are and in the topics they cover, we use experimental variation in the atten-

tion paid to each ad to determine the impact of attention on recall and purchases.

We ground our investigation in a simple model of attention allocation to articles and ads, re-

call, and purchase decisions. Consumers optimally allocate their attention to articles and ads on
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the page, based on their preferences for both. Articles and ads are allowed to generate negative

or positive spillovers of attention towards each other. The attention consumers pay to ads then

potentially impacts ad recall and purchase probabilities of the advertised brand.

We then estimate the parameters of this model. Based on our estimates, we find that the over-

all attention that readers pay to articles has a positive spillover effect on the attention readers pay

to ads displayed on the page. Moreover, we find that this incremental attention to ads increases

ad recall and purchase probability (i.e., the probability to choose a brand-specific voucher over

a cash reward). Thus, more captivating news content – e.g. one that attracts more attention from

readers – increases the effectiveness of display ads shown on the same page.

Based on our preferred specification (OLS, using the entire sample), one additional second

of attention to a brand’s ad results in a 3.4 percentage points higher probability of recall and

0.7 percentage points higher probability of choosing that brand’s gift card over cash. The latter

estimate is confirmed by an IV specification where we only use the incremental attention to ads

generated by spillovers from the attention to news content.

We further show that “hard news” content – in particular articles about the COVID-19 pan-

demic or the Black Lives Matter (BLM) movement in the summer of 2020 – does not detectably

impact ad effectiveness.1 We find that readers spend less time on articles covering “hard news”

– and because of this, pay less attention to ads shown next to hard news articles – but ad ef-

fectiveness (the effect of incremental attention to ads on recall and purchases) is not statisti-

cally different for articles with “hard” versus “soft” news. If anything, ad effectiveness is 18-43%

higher (albeit not significantly different) when article content is “hard 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 pay to ads next to hard news articles.

Our results have important implications for both news producers and advertisers. Regard-

ing news producers, we show that the key dimension to be optimized is how captivating news

content is, whereas the exact content of articles is less important. 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 webpage, not necessarily the specific content on the page. In fact,

1We validate our categorizing of an article as hard news via an independent survey on Amazon’s Mechanical
Turk (AMT). An important caveat is that the types of content that we have tested are limited.
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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 that we put forward, we provide a novel empirical strategy

to measure advertising effectiveness using non-intrusive eye-tracking tools that have recently

become more widely available. These tools allow us to run eye-tracking studies through a stan-

dard laptop or smartphone web camera, greatly reducing the costs of eye-tracking studies that

are typically done in lab settings. This approach also allows for the study of how users engage

with online content in a much more realistic way.

The paper is organized as follows. Section 2 reviews the literature. Section 3 details the ex-

periment. Section 4 describes the resulting dataset and presents some descriptive statistics. Sec-

tion 5 presents a stylized model of attention allocation, recall, and purchase decisions. Section

6 presents estimates of our model, in particular with regards to the determinants of attention

allocation to articles and ads. Section 7 estimates the parameters of the model that inform the

impact of attention on ad recall and purchase, as well as the effect of news content and the

reader/content ideological alignment on ad effectiveness. Section 8 validates our eye-tracking

measurements and shows the robustness of our results to a battery of alternative speci�cations.

Section 9 offers managerial implications of the results. Section 10 concludes.

2 Related Literature

This paper contributes to the vast literature that studies the effectiveness of online advertising.

Relative to that literature, we make three key contributions.

Our �rst contribution is to show how more captivating news content creates attention spillovers

towards ads and increases ad effectiveness. Two sets of papers are closest to ours. First, this pa-

per builds on the sub-stream of the literature that has examined how the time spent on a web-

page with an ad affects the memory and ad recall of users [e.g. Danaher and Mullarkey, 2003,

Goldstein et al., 2011, 2015, Uhl et al., 2020].2 Compared to these, we use eye-tracking to explic-

itly show the spillover from attention to webpage content towards the ads presented. Separately

2Other related papers include the literature that relates online engagement and advertising effectiveness. For
instance, see Kilger and Romer [2007], Calder et al. [2009].
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measuring the respondents' eye-sight dwell on article text and on ads allows us to rule out re-

verse causality as an alternative explanation [Becker and Murphy, 1993, Tuchman et al., 2018].

We are also able to link the incremental attention users pay 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 effective-

ness. However, to the best of our knowledge, there is no evidence of the effect of news content

on advertising effectiveness. A sub-stream of this literature leverages eye-tracking to study the

psychological mechanisms behind advertising effectiveness [e.g. Wedel and Pieters, 2000, Wedel

et al., 2008, Aribarg et al., 2010, Higgins et al., 2014]. Another sub-stream studies how different

features and designs of advertisements increase viewers' attention [e.g. Nixon, 1924, MacKen-

zie, 1986, Pieters and Wedel, 2004, Pieters et al., 2007, 2010, Lee and Ahn, 2012, Scott et al., 2016,

Zhang and Yuan, 2018]. A third sub-stream discusses how viewers' involvement and familiar-

ity with the brand (effects typically grouped by the literature as “top-down”) affect attention to

advertising [e.g. Treistman and Gregg, 1979, Rayner et al., 2001, Pieters and Wedel, 2007].3 Our

contribution relative to this literature is that we employ eye-tracking data to examine how read-

ers' 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 impor-

tance of investment in high-quality engaging content. 4 We build a stylized model of attention

allocation to interpret this spillover effect, and to provide a framework to separate out this effect

from ad avoidance of consumers. We also link this incremental attention to ads to subsequent

ad recall and willingness to pay for the advertised brands, thereby providing a needed link be-

tween the incremental visual attention and a downstream brand choice measure, called for by

Wedel and Pieters [2017].5 Our analysis is further related to Brasel and Gips [2008], Teixeira et al.

3Apart from these areas of inquiry related to advertising effectiveness, eye-tracking has been used in the mar-
keting literature to further our understanding of consideration sets formation [e.g. Chandon et al., 2009], how
consumers search and choose products [e.g. Russo and Leclerc, 1994, Lohse, 1997, Janiszewski, 1998, Meißner
et al., 2016, Shi and Trusov, 2021], and survey design [e.g. Redline and Lankford, 2001]. More broadly, eye-tracking
has been used in many �elds, including marketing, psychology, and economics, to study individual choices [e.g.
Camerer et al., 1993, Armel et al., 2008, Brasel and Gips, 2008, Knoep�e et al., 2009, Reutskaja et al., 2011, Brocas
et al., 2014, P̈arnamets et al., 2015, Ghaffari and Fiedler, 2018]. See Wedel [2015] and Wedel and Pieters [2017] for
reviews.

4One mechanism behind the spillover of attention can be a visual distraction (e.g. Navalpakkam et al. [2011]).
Such distraction has a negative effect on the consumption of news content, as shown by Yan et al. [2020].

5See the discussion on page 144 of Wedel and Pieters [2017]. Treistman and Gregg [1979] is the closest paper
that compares the designs of two commercials and links higher attention to more sales.
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[2010] who use eye-tracking data to examine the determinants of attention to TV commercials. 6

More broadly, our work is related to other papers that have shown links between user expo-

sure to ads and later purchase choices. Several papers link exposure to users becoming aware of

the ad [e.g. Danaher and Mullarkey, 2003, Wilson et al., 2015, Elsen et al., 2016]. Other articles

explore the link between exposure, awareness and purchase [e.g. Hoyer and Brown, 1990, Mac-

donald and Sharp, 2000, Khurram et al., 2018, Martins et al., 2019]. Another literature examines

the effectiveness of online advertising on product sales using natural experiments[e.g. Rutz et al.,

2012, Narayanan and Kalyanam, 2015, Jeziorski and Moorthy, 2018, Simonov and Hill, 2021] and

�eld experiments [e.g. Lewis and Reiley, 2014, Hoban and Bucklin, 2015, Sahni, 2015, Johnson

et al., 2017b,a, Simonov et al., 2018, Gordon et al., 2021a].

Our second contribution is to examine the effect of the news content (in particular, “hard”

versus “soft” news), and the ideological match between the newspaper and readers' opinions,

on ad effectiveness. We �nd that more engaging news content increases the amount of atten-

tion the reader devotes to display advertising, adding to the results on the effect of page content

on ad effectiveness [e.g. Goldfarb and Tucker, 2011]. 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 blacklisting certain news content for the purposes of targeted advertising [e.g.

The Guardian, 2020]. We also �nd that users engage more with articles and ads presented in

newspapers that are more aligned with the user's own political views. Our results on the drivers

of attention to online news contribute to the broader literature understanding what makes peo-

ple engage with news [e.g. Holmqvist et al., 2003, Pitler and Nenkova, 2008, Kazai et al., 2016,

Lagun and Lalmas, 2016, Berger et al., 2019].

The third major contribution of this article is the use of scalable and non-intrusive eye-

tracking technology. 7 This technology enables ef�cient collection of data on eye gaze, allowing

us to gather a sizeable and reliable dataset at a low cost [e.g. see Wedel, 2015]. This approach

6More recent studies of attention to TV ads and programs include McGranaghan et al. [2022] and Liu et al.
[2021].

7We use software provided by Lumen Research (see Section 3), one of several companies that have recently de-
veloped such a technology.
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stands in contrast to classical eye-tracking studies that use lab equipment. Several recent pa-

pers have tested the precision of other web-based eye-tracking technologies – often based on the

open source Javascript library Webgazer 8 – with mixed results [e.g. Semmelmann and Weigelt,

2018, Schneegans et al., 2021, Yang and Krajbich, 2021]. The eye-tracking technology we use

was developed entirely by Lumen Research, using a proprietary machine learning algorithm to

adjust and calibrate the eye-gaze location data and, in particular, is not based on the Webgazer

library. We validate the precision of the eye-tracking technology we employ in a series of robust-

ness checks and �nd that all our results are robust. We replicate our results on both desktop

and mobile devices, showing the validity of the eye-tracking technology for our task on mobile

phones and adding to the list of similarities in consumer behavior on desktop and mobile de-

vices [e.g. Ghose et al., 2013].

Our other substantive contribution is to propose an empirical strategy that uses eye-tracking

to measure ad effectiveness, based on a random assignment of ads to articles of different at-

tractiveness. We also contribute a stylized model of attention allocation that can be used to

microfound consumers' decisions of what to focus on the webpage.

3 Experimental Setting

We recruited 1,013 individuals, strati�ed evenly across two countries (United Kingdom and United

States) and two types of devices (desktop and smartphone). Respondents were recruited to

match the UK/US online population in terms of age, gender, income, and location. They were

recruited via a specialist supplier of research and marketing panels, Panelbase. 9

We began the experiment by con�rming the viewer's consent. At the start of the experiment,

participants were told only they were a part of “an academic study about media consumption,”

but were not given additional details. 10 Then, participants were asked to report their age, edu-

cation, income, gender, and postcode. 11

Participants were invited to read articles from two online newspapers: The Guardian and

8Seehttps://webgazer.cs.brown.edu/
9Seehttps://www.panelbase.net/ .

10In particular, participants were not told that the goal was to measure ad effectiveness or that they would be
making choices about brands later on in the experiment.

11Participants were allowed to omit this information, but none did.
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Daily Mail for UK participants, The New YorkTimes and USA Today in the US. In each country,

we chose outlets with a wide online readership.

We presented each individual with 9 articles. All articles had been published in the short

time window prior to the experiment taking place, to ensure the articles were as relevant and

interesting as possible. 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 articles about

the COVID-19 pandemic and the Black Lives Matter (BLM) protests of the summer 2020. These

two topics were frequently “blacklisted” by advertisers. We provide article titles and links to the

articles we used in Appendix A. We validate our categorization of articles as “hard” or “soft” news

using an independent survey on Amazon Mechanical Turk (AMT), described in Appendix B. The

text of the articles shown on desktop and mobile was the same. 12

We chose ads from well-known and widely available brands. In each country, we chose 8

prominent brands listed in Appendix A. Eight out of nine articles were accompanied by ads. All

ads accompanying a given article were for the same brand, inserted at �xed 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 in-between paragraphs of the text

(mobile). This is illustrated in Figure 1 below. These ad locations were chosen to mirror typical

online publications. For each participant, one of the articles was randomly chosen to be shown

with blank spaces in the location where ads would be otherwise shown, to obtain a baseline level

of interest in each article.

In each country, each participant was exposed to all 9 articles and all 8 brands. Each article

and brand was shown only once. We randomized the order in which articles were presented to

individuals 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 attention devoted to each article and

ad. First, we recorded the amount of time the article and the ad were visible on screen. This

measurement 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 in our anal-

12However, in our analysis, we consider these to be different articles, since the format of the text is quite different
across devices.
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ysis. These are our two measures of attention , as we discuss in Section 4 below.

After reading all the articles, individuals were asked if they could remember the brands whose

ads had been shown to them. Individuals were presented with a list containing the eight brands

shown, in addition to 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 shown

brands and decoy brands were presented to the participant simultaneously, and participants

were asked to select which of the 16 brands shown they remembered seeing.

After the recall task, participants were asked to make purchase decisions. For each of the

brands whose ads were shown, individuals were asked to choose between (i) an e-voucher worth

£10 (in the UK) or $10 (in the US) speci�c to one of the brands shown, or (ii) a randomized

amount of cash (£3-7 in the UK and $3-7 in the US). 13 Vouchers were valid for at least a year

but could only be used at one of the brands being advertised, and this was clearly explained

to participants before they chose. In sum, each individual was asked to make 8 decisions, one

for each of the brands shown. Individuals were informed they would be sent one outcome of

their choices, selected uniformly at random. 14 That is, consumers made incentivized choices,

rather than merely stating their preferences in a survey. The order in which these decisions were

presented to each individual was randomized. 15

In addition to the voucher/cash reward, participants were paid a �xed participation fee. Par-

ticipants were anonymous to the research team, with all payments delivered via the recruiting

�rm. 16 The study protocol received ethical approval prior to the start of the experiment, which

was conducted at the end of July 2020.

We do not use a standard between-subjects experimental design (i.e., there is no formal con-

trol group). This is because our goal is not to measure the effect of the presence of ads (as op-

posed to the absence of ads). Instead, our goal is to study how attention to articles results in

13This range was chosen so that a signi�cant share of individuals chose the voucher, based on pilots of the exper-
iment.

14Participants received either a cash transaction via the recruiting �rm Panelbase or received the code that acti-
vated an e-voucher.

15Another common incentive-compatible approach to elicit willingness to pay (WTP) is a second-price auction
(i.e., the Becker-DeGroot-Marschak (BDM) mechanism). Since the experiment took place online (so researchers
were not available to provide clari�cations), we took the simpler approach of estimating the distribution of WTP by
presenting individuals with take-it-or-leave-it (TIOLI) offers. Berry et al. [2020] show that TIOLI performs well in
practice and is simpler to implement than BDM.

16This was done to facilitate compliance with GDPR.

8



attention spillovers to ads. With this aim, exogenous variation in attention to ads was induced

by the random pairing of articles and ads. As we discuss further in Section 6, some articles are

more interesting than others, which in turn leads participants to devote more attention to those

articles, which then in�uences the attention devoted to the ads placed next to them. It is this

exogenous variation in attention 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. 17

For the purposes of this study, an online experiment provided several advantages. First, it

allows for a larger data collection effort, across multiple countries and devices, at a relatively low

cost. Second, we were able to show recently published articles to a large number of individuals,

whereas this would have been challenging in a lab setting since, typically, few subjects can par-

ticipate in lab experiments each day. Third, our experimental setting is closer to the conditions

under which individuals normally engage with online content, which increases external validity.

The eye-tracking technology used was supplied by Lumen Research, a specialist advertising

research agency.18 The technology employs software that uses the camera of a desktop/mobile

phone and measures where on the screen the retina of the participant is focused. No additional

hardware is needed. To ensure the accuracy of tracking participants' eye gazes, in the beginning

of the study, the user is taken through calibration and validation procedures, and there are two

additional validation procedures throughout the study (after the third and sixth articles). If its

quality is deemed to be low, the eye-tracking data is not used in the analysis. More details on the

eye-tracking technology and validation steps are provided in Appendix A.

The heat map provided in Figure 1 Panel (a) is an example of how these metrics are con-

structed. The �gure shows an article, as well as the ads (a “billboard” ad on top 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 heatmaps for the ads of

two different brands.
17Goldstein et al. [2011] also randomize pairings of articles and ads in their �rst study, but they force ads to al-

ways be visible on the page and do not measure attention to ads via eye-tracking.
18Seehttps://lumen-research.com/ .
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Figure 1: Example of Heat Maps

(a) Heat Map of a Page

(b) Heat Maps of Two Ads
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4 Data

4.1 Variables

Table 1 presents summary statistics of our sample. The data is at the individual � article level.

About half of the observations occur on desktops (56%), correspond to female participants (55%),

are from the US (48%), and correspond to articles considered to be “hard” news (55%).

Table 1: Summary Statistics

Statistic N Mean St. Dev. Min Max

Desktop 6,431 0.563 0.496 0 1
Female 6,431 0.556 0.497 0 1
U.S. 6,431 0.483 0.500 0 1
Hard News 6,431 0.550 0.498 0 1
Article Visible (s) 6,431 143.301 169.341 20.130 1,894.635
Ad Visible (s) 5,707 19.027 17.371 0.000 291.905
Price (USD/GBP) 5,707 5.017 1.436 3.000 7.000
Recall 5,707 0.484 0.500 0.000 1.000
Buy 5,707 0.347 0.476 0.000 1.000
Article Dwell (s) 4,426 74.813 97.918 0.112 966.945
Ad Dwell (s) 3,925 2.755 3.161 0.000 40.214

Each observation is at the individual x article level.

Visibility Measures The variable Article Visible reports the number of seconds any part of the

article was visible on screen (the sample mean is about 2 minutes and 23 seconds). The variable

Ad Visible reports the total number of seconds that any ad on the page was visible, according

to Media Rating Council standards. 19 An ad is considered 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, which is recorded via eye-tracking. 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

19MRC is the nonpro�t organization that manages accreditation for media research and rating purposes (for the
industry standard de�nition of visibility, see http://mediaratingcouncil.org/Standards.htm ).
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actively looked at (that is, we sum the dwell time of the 3 ads shown on each page). The sample

mean is just short of 3 seconds.

Purchase Participants were offered choices between vouchers worth $10 (£10) for each of the

brands advertised and random amounts of cash. The amount of cash offered to the individuals

is captured by the variable Price. An individual who chooses to obtain the voucher forsakes the

cash, therefore the cash is the price of choosing the voucher. For about 35% of observations,

individuals chose the voucher (as measured by the dummy variable Buy), while the rest opted

for cash.

Recall For about 48% of observations, the individual correctly recalled seeing the brand (as

measured by the dummy variable Recall). In contrast to product choices, recall was not incen-

tivized. However, this measure is commonly used in marketing literature [e.g., Danaher and

Mullarkey, 2003, Elsen et al., 2016] so it provides a useful robustness check.

Individual Demographics The sample characteristics are similar when the data is split by de-

vice type (mobile phone vs. desktop computers) and country (UK vs. US). In Appendix Tables 15

and 16, we replicate Table 1 for mobile and desktop devices separately and �nd the demographic

composition, news types, prices, purchasing, and brand recall summaries to be very 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). Still, ad dwell is around 2.7 seconds on average

on both types of devices. Consumers also spend a bit more time reading articles on desktops (on

average 83 seconds) than on mobile phones (65 seconds).

Article Characteristics The main article characteristic we consider is whether the article con-

stitutes “hard news”. As described above, these were articles focusing on the COVID-19 pan-

demic and the BLM protests during the summer of 2020. For some robustness checks, we also

use the article's word count.

Our �nal dataset comprises of 6,431 observations at the individual � article level. This is less

than the 9 observations per person we have originally targeted. During the study, some individ-
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uals experienced connectivity issues, and no data was recorded for around 30% of individual-

article pairs. These individuals experienced the study in the same way as others, but no data

was recorded as to which article they were shown at each stage in the experiment. These missing

observations are slightly more prominent on mobile phones (43%) than on desktop computers

(13.5%) and in later steps of the study (e.g., about 90% during the readership of the �rst three

articles was recorded, but only around 60% in the later 6 articles). Importantly, this does not

introduce a bias in our analysis, since the order in which the articles and ads were shown was

randomized. We con�rm that there is no selection in terms of which brands' and articles' ob-

servations have experienced the connectivity issues in Appendix Figures 9 and 10 and provide

further balance checks in Appendix C.1. 20 Only 89% of observations in our main sample (5,707

out of 6,431) have data related to the advertised brands (e.g., Price) simply because 1 out of 9

articles did not have a branded ad shown on the page.

For a subset of participants, eye-tracking was of poor quality. High-quality eye-tracking relies

on the respondent not moving their head too much, so that the software can maintain a contin-

uous tracking of the individual's retina. If an individual moves too much, the measurements of

Article Dwell and Ad Dwell for that individual-article may be deemed invalid (but Article Visible

and Ad Visible are still recorded). We only include participants for whom the eye-tracking data is

deemed to be high quality. This explains why we have fewer observations with eye-tracking than

visibility data – around 69% both for articles (4,426 out of 6,431) and ads (3,925 out of 5,707). To

identify observations with low-quality eye-tracking data, we rely on the �rm that provided the

eye-tracking technology (Lumen). However, we also con�rm the robustness of our results by

considering several measures of eye-tracking data quality. We con�rm that eye-tracking data

quality is higher for retained individuals and that our results are robust to alternative criteria.

In Section 8, Appendices A.3 and C we describe these quality measures and the validation pro-

cedure in detail, show there is no selection in terms of which brands' and articles' observations

have low-quality eye-tracking datas, and provide robustness checks on the basis of the quality

of the eye-tracking data.

20One notable exception are three articles on mobile phones in the UK that experienced systematically more
connectivity issues than other UK mobile articles (see Figure 10 in Appendix C.). We con�rm that all our results hold
if we exclude observations corresponding to these articles.
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4.2 Some Descriptive Statistics

Before turning to the main analysis, we present some descriptive statistics of the data.

Distributions of Attention Measures

Figure 2 compares dwell times to whether the object is visible on the page. 21 In the top section of

the �gure, 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

spends around 50% of their time looking at the article when the page is loaded. 22

Figure 2: Dwell to Visible Ratios, by Country and Device

The plots show the ratio between time spend dwelling and time visible, for both articles and ads, com-
puted across all observations in the data.

The lower part of Figure 2 presents ratios of Ad Dwell to Ad Visible . The average ratio is much

lower compared to the analogous ratio for articles (around 18% instead of 50%). This agrees

21Appendix Figures 15 and 16 present marginal distributions of dwell measures ( Article Dwell and Ad Dwell ) and
visibility measures ( Article Visible and Ad Visible ), across all observations and on average per consumer.

22The average is slightly lower for mobile devices (45%) as compared to desktops (62%). This is largely explained
by the desktop page design of USA Today, that shows only a small fraction of the article at �rst and therefore under-
counts Article Visible . If we exclude USA Today articles, the average ratio of dwell-to-visible measures is 48% for
mobile and 54% for desktops.
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with past work that has found 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 pay visual

attention to TV commercials [McGranaghan et al., 2022]. The ratio of Ad Dwell to Ad Visible is

slightly higher for mobile devices (21%) than desktops (15%). This re�ects 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 pay

attention to, whereas on mobile phones they occupy blocks between the text in the center of the

screen.

Figure 3 splits the attention paid to ads by their types – the “billboard” ad on top of the screen,

the higher “side” located closer to the top of the page, and the lower “ side” ad located further

down the page. As discussed above, for mobile phones, “side” ads are shown in the center of

the screen between paragraphs of text and therefore capture more of the consumer's attention

than side ads on desktops. Consumers pay slightly less attention to the lower side ad on both

types of devices. In contrast, billboard ads on desktop computers capture much more attention,

because the wide format of desktop computers allows for a longer presence and share of the

screen occupied by billboard ads.

Figure 3: Attention by Types of Ads

Attention to billboard, higher side, and lower side ads, by device type. Billboard ads receive more at-
tention on desktop devices, but less attention on mobile phones. Bars correspond to 95% con�dence
intervals.
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Figure 4: Positive Correlation in Article and Ad Dwell

Correlation between attention to article and attention to ad, for each article shown to UK and US in-
dividuals. Each panel corresponds to a set of articles in this country on this device type. Ad and article
dwell times are transformed into the logarithmic scale to make the visualization easier to read. The blue
line corresponds to the best linear prediction of the variable on the vertical axis by the variable on the
horizontal axis.

Attention devoted to articles and ads declines as the experiment progresses, both on mobile

and desktop devices. Appendix Figure 17 considers Article Dwell and Ad Dwell for the 9 “steps”

of the study (e.g., the third article shown corresponds to step 3, etc.). On average, Article Dwell is

117 seconds in the �rst step of the study on desktop computers (99 seconds on mobile), but only

64 seconds in the last step of the study (42 seconds on mobile). Similarly, Ad Dwell in the �rst

step is around 4 seconds on both types of devices, but only about 2.2 seconds in the last step of

the study.

The similarity of patterns of attention for articles and ads suggests a positive relationship
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between the two. Figure 4 plots the distribution of Ad Dwell and Article Dwell . Across both

countries and device types, there is a strong positive correlation (0.36) in the amount of atten-

tion consumers pay to articles and ads on the same page. The correlation is stronger for mobile

devices (0.65) than for desktops (0.16). Appendix Figure 18 further breaks down this relationship

by article and shows that this positive correlation holds also within each article. The positive

correlation between Article Dwell and Ad Dwell holds even after we control for country, device,

step-order, and demographics �xed effects (henceforth “FE”). 23 In Section 8 we show that this

positive correlation holds in a battery of robustness checks where we account for potential mea-

surement error in attention, suggesting that attention to articles generates positive attention

spillovers towards ads on the page.

Purchase and Recall Measures

Our main outcome metrics are the share of consumers who recall the advertised brand and

who make an incentivized “purchase” (i.e., choose a $10/£10 voucher for the brand over a lower

amount in cash). We validate that purchase choices were meaningful for consumers (i.e., that

they were incentivized and paid attention to the presented options) by estimating the demand

curves implied by the randomly assigned amounts of cash, or “prices”. Appendix Figure 20 plots

the average share of consumers in the US and UK who have chosen the brand voucher over

cash. On average, 52% of consumers in the US and 40% of consumers in the UK chose the brand

voucher over $3/£3. This share gradually decreases as the cash amount increases, with only 34%

of consumers in the US and 20% of consumers in the UK choosing the brand voucher over $7/£7.

In Appendix Figure 21, we estimate demand curves separately for each brand and con�rm that

this relationship is not driven by outlier brands.

In Figure 5, we examine how recall and purchase correlate with Ad Dwell . The �gure shows

that the percentage of individuals who chose the voucher and recalled seeing the brand in-

creases with the amount of attention devoted to the ad.
23Appendix Figure 19 presents a version of Figure 4 that uses only residual variation in attention measures.
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Figure 5: Purchase and Recall Increase in Ad Dwell Time

The panels show non-parametric regressions of purchase / recall on Ad Dwell , together with 95% con-
�dence intervals. The automatic optimal bandwidth is used. The range of the x-axis is capped at 7 sec-
onds, which is approximately the 90th percentile of the distribution.

5 A Simple Model of Attention Allocation, Recall, and Purchase

To ground our analysis, we begin by presenting a stylized model of how individuals allocate their

attention to articles and ads. Then, we discuss how this attention impacts recall and purchase.

5.1 Attention Allocation

Consider reader i deciding how much attention to pay to article j (xart ) and display ads of brand

k shown next to this article ( xad). The reader chooses xart and xad to maximize utility

Uijk (xart ; xad) = � ij xart �
x2

art

2
+ 1ijk (� �x art + � ik xad + 
x artxad �

x2
ad

2
): (1)

Here, � ij captures reader i 's interest in article j . The indicator 1ijk describes whether the ad of

brand k was shown next to article j for participant i . The coef�cient � is the reader's disutility

from paying attention to the article when any ad is shown next to it (or utility if � � > 0). The

coef�cient � ik is the reader's preference for devoting attention to the ad of brand k. Finally, 
 is

the parameter that 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 article and ad). We include negative quadratic terms x2
art=2 and x2

ad=2
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to ensure an interior solution while keeping the setting simple. 24

Maximizing utility with respect to xart ; xad, and denoting the solutions x �
art;ijk ; x �

ad;ijk , yields

the First Order Conditions

x �
art;ijk = � ij + 1ijk (� � + 
x �

ad;ijk ) (2)

x �
ad;ijk = 1ijk (� ik + 
x �

art;ijk ): (3)

There are two coef�cients of particular interest: � and 
 . The sign of � re�ects 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, past literature has tended to �nd that consumers are more likely to be ad avoiders [e.g.

Wilbur, 2008, 2016, Huang et al., 2018], so we expect � > 0.

The coef�cient 
 determines whether articles and ads are substitutes or complements. A pri-

ori, both could happen: a more interesting article could grab the reader's attention more effec-

tively due to voluntary (“top-down”) attention and increase ad avoidance [Dr �eze and Hussherr,

2003, Stenfors et al., 2003, Simola et al., 2011], but more time spent on the page reading the article

also provides more opportunities for the ad to distract the reader with its visual stimuli, working

through a model of “bottom-up” attention [Koch and Ullman, 1987, Itti et al., 1998, Pieters and

Wedel, 2007, Cerf et al., 2007, Milosavljevic and Cerf, 2008].

5.2 Recall and Purchase

We now consider how attention to ads determines recall and purchase. We �rst specify a recall

model. We assume the consumer's recall is determined by

r ijk = f ik (�) + �x �
ad;ijk + � r

ijk ; (4)

where r ijk = f 0; 1g is an indicator for whether individual i recalls brand k. The function f ik (�)

captures the effect of various characteristics of the consumer and brand on recall, and is de-

scribed in more detail below. The parameter � is recall ad effectiveness: the effect of additional

attention to the ad of brand k shown next to article j (x �
ad;ijk ) on recall. Finally, � r

ijk captures other

24The model can be easily extended to allow for an overall time constraint such that xart + xad � x, and for differ-
ential costs of attention for ads and articles, but without additional insight.
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idiosyncratic shocks and match values that determine consumer i 's recall of brand k, when its

ad is shown next to article j .

Similarly, we assume that consumer i 's utility from purchasing the voucher for brand k at a

price pik after devoting attention x �
ad;ijk to the ad for brand k is

vijk = gik (�; pik ) + �x �
ad;ijk + � v

ijk ; (5)

where vijk = f 0; 1g is an indicator describing whether individual i chooses the voucher for brand

k (as opposed to choosing the cash pik ). The function gik (�; pik ) captures the baseline (indirect)

utility the consumer i gets from brand k and the effect of price pik , and is described in more detail

below. The parameter � is the purchase ad effectiveness: the effect of additional attention to the

ad of brand k on the decision to purchase that brand. Finally, � v
ijk captures other idiosyncratic

utility shocks.

6 Results: Determinants of Attention Allocation

We start our empirical analysis by estimating the attention allocation parameters. Consumers

decide how much attention to allocate to articles and ads on the page according to Equations

(2) and (3). The ad preference and spillover parameters ( �; 
 ) determine the interdependence of

attention to articles and ads.

To estimate these parameters, we proceed sequentially. First, we use Equation (3) to estimate


 and � ik by an OLS regression of x �
ad;ijk on x �

art;ijk , FE, and controls. We use only observations

when the ad is present on the page, since otherwise x �
ad;ijk is zero.

There is a potential bias associated with this estimation strategy, since x �
ad;ijk is jointly deter-

mined by the two FOCs (Equations 2 and 3). However, the bias associated with this estimation

is likely to be small, since an average consumer allocates around 30 times more attention to the

article (75 seconds) over the ad (2.7 seconds). We also show below that an IV speci�cation yields

essentially the same estimates.

With these estimates in hand, we next use Equation (2) to estimate � ij and � via an OLS

regression of x �
art;ijk � 1ijk 
̂x �

ad;ijk on 1ijk , FE, and controls, where 
̂ is the estimate of 
 from the
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�rst step. In this case, we use the entire sample, including the articles shown without ads. Our

identi�cation argument relies on the random assignment of ads to articles, including a random

chance that an article is shown with no ads on the page.

Table 2: Estimates of attention spillovers and ad avoidence

Ad Dwell

OLS IV

Panel I (1) (2) (3) (4) (5) (6)

�̂ 1 2.715��� 3.083���

(0.197) (0.306)

̂ 0.011��� 0.012��� 0.012��� 0.008��� 0.009��� 0.009���

(0.002) (0.002) (0.001) (0.003) (0.002) (0.002)

1st Stage Incr. F-Stat 65.86 119.78 124.93
Observations 3,925 3,925 3,925 3,925 3,925 3,925
R2 0.145 0.156 0.549 0.135 0.150 0.547

Article Dwell - 
̂ Ad Dwell

Panel II (1) (2) (3) (4) (5) (6)
�̂ 1 105.894��� 105.907���

(4.521) (4.521)
�̂ 7.024� 6.845� 8.798�� 7.015� 6.837� 8.791��

(3.919) (3.741) (3.509) (3.919) (3.741) (3.509)

Observations 4,426 4,426 4,426 4,426 4,426 4,426
R2 0.030 0.112 0.640 0.030 0.112 0.640
FE:
Step Order Y Y Y Y Y Y
Article N Y Y N Y Y
Brand N Y Y N Y Y
Individual N N Y N N Y

� p< 0.1; �� p< 0.05; ��� p< 0.01

All speci�cations include step order �xed effects, with step order = 1 normalized to zero. Estimates in
Panel I represent coef�cients from a regression of Ad Dwell on Article Dwell. In the IV speci�cation,
Article Dwell is instrumented for by the average amount of attention devoted to that article by all but
this individual (Leave One Out IV). Estimates in Panel II represent coef�cients from a regression of Article
Dwell on an indicator of whether the ad is present on the news article. We subtract 
̂ Ad Dwell from Article
Dwell in Panel II to control for the attention spillover from ad to article. Standard errors clustered at the
individual level.

Table 2 presents the estimates under alternative assumptions about � ij and � ik . In Column

(1), we include only step-order FE (i.e., we assume � ij = � stepij
+ � �

ij and � ik = � stepij
+ � �

ik ), where
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we denote step ij as the step order at which article j was shown to individual i . In the �rst article

read (i.e., when step ij = 1 ), an average consumer decides to allocate �̂ 1 = 106 seconds to the

article and �̂ 1 = 2 :7 seconds to the ad. An extra second spent looking at the article increases the

amount of time a consumer looks at the ad by 
̂ = 0 :011seconds. Thus, an average 106 seconds

spent looking at the �rst article creates 106� 0:011 = 1:166seconds of positive spillover attention

to the ad. Likewise, the baseline of 2.7 seconds spent looking at the ad creates 2:7 � 0:011 = 0:03

seconds extra attention to the article – a positive but arguably economically negligible amount

of attention. Having no ad next to the article increases the amount of attention readers spend

looking at the article by b� = 7 seconds – a much more meaningful effect, showing that the aver-

age consumer is indeed an ad avoider. 25

In Column (2) of Table 2, we allow these terms to vary across articles and ads, i.e., � ij =

� j + � stepij
+ � �

ij and � ik = � k + � stepij
+ � �

ik , by including article and ad FE. While the baseline

levels of �̂ and �̂ are now subsumed by the FE, the estimates of the ad avoidance and attention

spillover parameters ( �̂; 
̂ ), are nearly identical to the estimates in Column (1).

In Column (3), we further include individual FE, i.e., we assume � ij = � i + � j + � stepij
+ � �

ij

and � ik = � i + � k + � stepij
+ � �

ik , thus allowing different readers to have different overall preferences

for articles and ads. Again, the estimates of �̂ and 
̂ are statistically indistinguishable from those

in Column (1). This similarity in the estimates is expected since the key source of identi�cation

is the random assignment of ads to articles. Still, the results validate that the randomization was

done correctly.

In Columns (4-6) of Table 2, we test the assumption that the spillover effect of attention from

ads to articles is negligible. The concern is that there is a feedback loop from x �
ad;ijk to x �

art;ijk

as determined by Equations (2) and (3), creating a simultaneity problem. We instrument x �
art;ijk

with the average amount of attention devoted to that article by all other individuals in the sam-

ple. Recall that articles are randomly coupled with ads, and thus other individuals are equally

likely to see any ads on a given article. We refer to this instrument as the “Leave One Out” (L1O)

mean of article attention. 26

25We 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 Appendix Figure 17.

26This “jackknife” instrument is similar to the use of article FE as an instrument, but eliminates the bias associ-
ated with including the current respondent when computing the FE, as discussed by Angrist et al. [1999] and Kole-
sar [2013]. This IV approach is identical to the “random judges” instruments used in Dahl et al. [2014] and Dobbie
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Column (4) presents the estimates using the L1O instrument and assumes that the average

preference for allocating attention to articles and ads is affected only by step-order FE. The �rst

stage relationship is highly signi�cant with an incremental F-statistic of 65.9. Again, the esti-

mates are statistically indistinguishable from the estimates in Column (1). For the �rst article

shown (i.e., when step ij = 1 ), an average consumer decides to allocate �̂ 1 = 3 :1 (versus 2.7 in

Column 1) seconds to the ad, and �̂ 1 = 106 (same as Column 1) seconds to the article. An extra

second spent looking at the article increases the amount of time a consumer looks at the ad by


̂ = 0 :008 seconds, statistically similar to the 0.011 seconds estimate in Column (1) given the

standard error of 0.003. Similarly, the ad avoidance parameter �̂ is almost identical to Column

(1), implying that removing ads increases the amount of attention consumers pay to an article

by 7 seconds.

Columns (5-6) con�rm the similarity in the attention spillover and ad avoidance estimates

under different assumptions about � ij and � ik . Most importantly, we obtain very similar esti-

mates of the attention spillover parameter ( 
̂ ) – around 0.008-0.011 – using OLS or IV. This sug-

gests that endogeneity between Article Dwell and Ad Dwell is not a big concern in this setting. In

turn, this validates that Article Dwell serve as a valid instrument for Ad Dwell , the cornerstone

of our empirical approach when estimating the effect of ad attention on recall and purchases,

below.

Appendix Tables 20-21 replicate the attention allocation model estimates separately for mo-

bile and desktop devices. For both device types, results are qualitatively consistent: attention to

articles generates positive spillovers towards attention to ads, and consumers tend to pay more

attention to news content in the absence of ads. However, there are some interesting differences.

First, the attention spillover is stronger on mobile devices than on desktops, although the differ-

ence shows up mainly in the OLS speci�cations. This is presumably because mobile ads – and

especially “side” or “scroll” ads – are located much closer to the main text, making it more likely

that consumers pay attention to ads while reading the article. Second, ad avoidance seems to

be stronger on desktops than on mobile devices – throughout all speci�cations. Removing ads

increases the amount of attention to the article by 8.5-11.5 seconds on desktops and only by 3.3-

et al. [2018]. In this case, each article is a “judge”, and ads are randomly assigned to articles. Articles of different at-
tractiveness serve as judges who vary in leniency.
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5.5 seconds on mobile devices. However, standard errors on these estimates are relatively large

(5.5-6.2 seconds) making the difference not statistically signi�cant.

7 Results: Determinants of Recall and Purchase

We now estimate the effect of ad attention on consumers' recall and purchase decisions. Our ex-

periment mimics the setting described in the stylized model above. We have randomly assigned

ads to articles, have shown these articles to consumers in a random order, have measured at-

tention to articles and ads, and then asked consumers if they recall the brands and to make a

purchase choice (between a voucher for a product and cash) of each brand they have seen.

7.1 OLS

Our baseline analysis uses OLS. We observex �
ad;ijk ; r ijk , and vijk in the data. Given the exper-

imental variation, we proceed by estimating Equations (4) and (5) directly. We parameterize

f ik (�) and gik (�; pik ) and estimate the following linear probability models [Heckman and Sny-

der Jr, 1997]:

r ijk = � r
oik

+ � r
k + � r X i + �x �

ad;ijk + � r
ijk (6)

vijk = � v
oik

+ � v
k;pik

+ � vX i + �x �
ad;ijk + � v

ijk : (7)

The coef�cients � oik are the FEs for the “step-order” variable, oik = f 1; 2; :::; 9g, in which ad k

was shown to individual i . These parameters capture the effects of seeing an ad later or earlier

in the experiment. The effect is a priori ambiguous. Ads shown later may receive less attention

due to fatigue; however, an ad shown at the end of the experiment might be more vivid in the

participant's memory when they are asked to make a decision.

The coef�cients � r
k and � v

k;pik
are, respectively, brand and brand � price FE. Brand FE, � r

k , con-

trol for the fact that some brands might be more popular than others. We assume that price does

not affect consumer recall but potentially affects purchase decisions. By including brand � price

FE (� v
k;pik

) we allow the price elasticity to vary �exibly along the demand curve for each product,

and allow these demand curves to differ across products.

We useX i to denote a vector of controls at the individual level. These include country � device
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FE (e.g., participants on desktops in the UK) and various socio-demographic characteristics

(also included as dummy variables). 27 We also include in X i a fourth-order degree polynomial

of the average time spent on each article by each individual. We include this as an individual

characteristic, to account for the fact that some individuals read more slowly or are intrinsically

more engaged by articles than other individuals.

Table 3 shows the OLS estimates of the effect of ad attention – measured both with Ad Visible

and Ad Dwell – on recall and purchase. Column (1) reports the estimates of recall ad effective-

ness (�̂ ) 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 indi-

vidual remembering that brand by about 0.32 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

0:32� 17:37 = 5:55percentage points.

Panel II considers attention measured by Ad Dwell . If an ad is viewed for 1 extra second,

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. In

line with intuition, the magnitudes of the estimates are larger when attention is measured 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 – R2 is 0.143 in

Column (2) and 0.091 in Column (1). This highlights the value of eye-tracking as a more direct

measure of attention.

Column (6) of Table 3 reports our estimates of purchase ad effectiveness, the effect of ad

attention on the incentivized purchase behavior ( �̂ ). Panel I shows that, if an article is visible

for an extra second, this increases the probability of purchase by 0.13 percentage points. An

increase of one standard deviation of Ad Visible increases the probability of purchase by 2.26

percentage points. If an ad is actually looked at for an extra second, the probability of purchase

increases by 0.73 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 (purchases) than Ad Visible – R2 increases by

27For instance, individuals reported their age in bins of 10 years, so we include an indicator for each such bin.
This speci�cation non-parametrically controls for the level of each covariate.

25



Table 3: Estimates of advertising effects on recall and purchase: OLS

Recall (�̂ ) Purchase (�̂ )

All Device News Type All Device News Type

Mobile Desktop Hard Soft Mobile Desktop Hard Soft

Panel I (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Ad Visible 0.003��� 0.003��� 0.004��� 0.004��� 0.002��� 0.001�� 0.002�� 0.001� 0.001�� 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Observations 5,707 2,495 3,212 3,154 2,553 5,707 2,495 3,212 3,154 2,553
R2 0.091 0.103 0.120 0.102 0.096 0.130 0.164 0.147 0.147 0.147

Panel II (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Ad Dwell 0.034 ��� 0.028��� 0.036��� 0.041��� 0.029��� 0.007�� 0.009�� 0.008�� 0.009�� 0.005

(0.004) (0.006) (0.005) (0.004) (0.005) (0.003) (0.004) (0.004) (0.004) (0.004)

Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R2 0.143 0.133 0.188 0.167 0.139 0.136 0.200 0.153 0.168 0.159
FE:
Brand Y Y Y Y Y
Price x Brand Y Y Y Y Y
Step Order Y Y Y Y Y Y Y Y Y Y
Country x Device Y Y Y Y Y Y Y Y Y Y
Dem. Controls Y Y Y Y Y Y Y Y Y Y

� p< 0.1; �� p< 0.05; ��� p< 0.01

All speci�cations include a quartic polynomial in log of average time that an average article was visible
for by each individual. All speci�cations include step order and device x country �xed effects. All speci�-
cations include �xed effects for individual covariates (income, gender, education, age, and self-reported
political leaning). Regressions with recall as an outcome include brand �xed effects, and regressions with
purchase as an outcome include brand by price �xed effects. Standard errors clustered at the individual
level.
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0.6%. Again, this highlights the importance of our eye-tracking measure.

In Columns (2-5) and (7-10) of Table 3, we examine the effect of ad exposure on recall and

purchase separately for different devices and types of news. Columns (2-3) and (7-8) report �̂; �̂

separately for consumers participating in the experiment from mobile devices and desktop com-

puters. 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.

Second, we separately examine the effect of advertising on recall and purchase for “hard”

and “soft” news. As discussed above, industry practitioners are wary of advertising next to ”hard

news” articles because of the perceived negative effect on their brand. This should imply that

for “hard” news we should see smaller or even negative estimates of �; � .28 Columns (4-5) and

(9-10) report the estimates of �; � separately for ads that were randomly matched to “hard” and

“soft” articles. Across all speci�cations, estimates of the recall and purchase ad effectiveness

are qualitatively similar on both types of news. If anything, we �nd that the magnitudes of the

estimates are slightly higher for ads shown next hard news. For instance, a one-second increase

in Ad Dwell for ads next to hard news articles increases purchase probability by 0.9 percentage

points, whereas a similar estimate for ads on soft articles is 0.5 percentage points.

In order 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 classi�ed as hard news.

To keep the estimates consistent, 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 as a control.

This addresses the concern that “hard news” articles might systematically be longer or shorter

than other articles, which would mechanically affect attention. Results are shown in Table 4.

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 ad (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 0.49

seconds for Ad Dwell (about 15% of the median). However, these results should be interpreted

28Recall that, for hard news, and based on discussions with industry experts, we included articles about the
COVID-19 pandemic and BLM protests, since these were often blocked by advertising intermediaries. The exper-
iment took place in late July 2020.
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Table 4: Attention and Hard News

Measure of attention:
Ad Visible Ad Dwell Article Visible Article Dwell

(1) (2) (3) (4)

Hard News � 0.9049��� � 0.4902��� � 10.1627��� � 6.7510���

(0.3168) (0.0828) (2.6201) (2.0077)

Observations 5,707 3,925 5,707 3,925
R2 0.4187 0.1461 0.6355 0.4705

Note: � p< 0.1; �� p< 0.05; ��� p< 0.01. Fixed Effects: Individual covariates (income, gen-
der, education, age, politics), Step Order, Brand, Country by 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 clustered at the individual level.

with caution. It is possible that, since there were many hard news stories at the time of the

experiment, individuals could already be informed about those topics (the experiment did not

allow testing for pre-experiment knowledge), or possibly individuals had wearied of such stories.

We cannot say whether our �nding is due to participants disliking hard news articles or because

they were shown articles on topics they were already aware of, and so they skimmed through

them quickly.

Even if we interpret the overall lower attention that consumers pay to hard news as causal,

this need not imply that advertising next to hard news ultimately brings less attention to the

brand than advertising next to soft news. For this, we combine the effects of hard news on the

amount of attention readers pay to ads (Table 4) and the effect of this attention on purchases

(Columns (9-10) in Part II of Table 3). The average attention to ads is 2.76 seconds. Paying this

amount of attention to ads next to “soft news” articles increases the purchase probability by

0:5 � 2:76 = 1:38 percentage points. For hard articles, the same effect is 0:9 � (2:76 � 0:49) = 2:04

percentage points, since hard news on average induce 0.49 seconds less attention to ads but

have higher (0.9 instead of 0.5) ad effectiveness. On balance, this implies that the bene�ts of

advertising next to hard news articles are similar, if not higher, compared to advertising next to

soft news articles.

Previous work has found that attention fatigue and decay can take place [Goldstein et al.,

2011, Ahn et al., 2018]. With this in mind, we allow outcomes to be function of a quadratic

polynomial in attention in Equations (6) and (7). We �nd that indeed returns to attention are

diminishing; for all speci�cations, the quadratic term on the advertising attention is negative
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(Appendix Table 17). However, within our sample, the non-linear effects are small and, for our

main outcome variable (incentivized purchase) statistically insigni�cant. 29

Our estimates are similar (although less precise) in a much more demanding speci�cation

that includes individual FE (Appendix Table 18). Our results are also robust to using a logit spec-

i�cation instead of the linear probability model (Appendix Table 19).

7.2 IV

In Section 7.1, we estimated the effects of ad attention on recall and purchases ( �; � ) by OLS,

following Equations (6)-(7). Consistency of the estimates �̂; �̂ requires that the amount of time

consumers allocate to ads, x �
ad;ijk , is uncorrelated with the idiosyncratic shocks that in�uence

consumers' recall and purchase outcomes, � r
ijk ; � v

ijk . However, these assumptions are violated if

� r
ijk ; � v

ijk are correlated with the idiosyncratic shock that enters the decision of consumer to pay

attention to the ad, � �
ik .

One concern is omitted variable bias. For instance, perhaps individuals who enjoy shopping

tend to pay more attention to ads and are also more likely to purchase. Since we cannot observe

individual enjoyment of shopping, this could generate correlations between � �
ik and � r

ijk ; � v
ijk .

While this is a concern in a model without individual FE, it is addressed by the robustness check

where FE are included (Appendix Table 18).

Another concern is reverse causality. For instance, if individual i enjoys hamburgers and dis-

likes coffee, she may devote signi�cant attention to hamburger ads and purchase hamburgers

(high � �
ik 0 and � r

ijk 0 for k0 = hamburgers, even controlling for � i ), and little attention to coffee

ads and not purchase coffee (low � �
ik 00 and � r

ijk 00 for k00= coffee). This intuition was formalized

by Stigler and Becker [1977], Becker and Murphy [1993], who model advertising as having con-

sumption value and entering viewers' utilities, and empirically tested by Tuchman et al. [2018].

We address these concerns by leveraging the results from our attention allocation model. Our

goal is to rule out the effect of consumer-speci�c tastes for ads, � �
ik , which both in�uence x �

ad;ijk

29The median value of Ad Dwell is approximately 3 seconds. At this level of attention, ignoring the non-linear
term, attention raises the purchase probability by 3 � 0:0104 = 0:0312. The non-linear term lowers this �gure by
� (32) � 0:0002 = � 0:0018. Also, the quadratic speci�cation implies that, for large values of attention, purchase prob-
ability would eventually decrease with attention. However, this never occurs in the sample. For instance, looking
at the effect of Ad Dwell on purchase (column 4) of Table 17, purchase probability would be declining in attention
only for attention greater than 0:0108=(0:0002� 2) � 54 seconds, whereas the median value of Ad Dwell is less than 3
seconds.
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and are potentially correlated with preference shocks � r
ijk and � v

ijk . To do so, we instrument the

amount of attention a reader pays to an ad ( x �
ad) with the amount of attention she has devoted

to the article randomly paired with that ad ( x �
art ). Our estimates in Table 2 have shown that

there is a strong positive spillover in the consumer's attention from article to ads, making x �
art a

relevant instrument. We have also shown that the reverse effect (of x �
ad on x �

art ) is minuscule and

that estimates of the spillover effect are robust to instrumenting for x �
art using a L1O strategy,

removing concerns of the reverse effect and validating the exogeneity of x �
art as an instrument

for x �
ad. Intuitively, we exploit the fact that ads are randomly paired with more or less interesting

articles, and use only the incremental exposure to ads due to positive spillovers of attention to

measure its effect on recall and purchase.

Table 5 presents the estimates of � and � from the IV regressions of Equations (6)-(7), where

we instrument for Ad Visible and Ad Dwell with Article Dwell . Since Article Dwell is measured

using eye-tracking, this measure of attention to articles is not contaminated by attention to ads.

Panel I presents the results with Ad Visible as the measure of attention to ads. The �rst stage

results are presented in the bottom part of Panel I. For all speci�cations, we have strong instru-

ments – incremental F-statistics vary from 31.9 to 79. The �rst stage regressions con�rm 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 I. For the outcome of recall (Columns 1-5), the

estimates �̂ are too imprecise to conclude that they are different from the OLS results. When we

include all observations (Column 1), �̂ = 0 :0003is smaller than the OLS estimate of 0.003 – but

the standard error of the estimate is 0.002, making the difference statistically insigni�cant.

For the purchase outcome (Columns 6-10), the estimates �̂ are positive and statistically sig-

ni�cant – the spillover attention to ads due to an interesting article leads to a higher purchase

probability of the product that was advertised. If anything, the estimated magnitudes of �̂ are

larger for the IV case – although differences between the IV and OLS estimates are only marginally

signi�cant, due to larger standard errors of the IV estimates. For instance, results in Column (6)

show that increasing Ad Visible by one second increases the purchase probability by 0.6 percent-

age points (a standard error of 0.2), compared to the OLS estimate of 0.1 percentage points.

Interestingly, the IV estimate of �̂ is larger than the OLS estimate. This suggests that reverse

causality is not a big concern in this case, since consumer behavior �a la Stigler and Becker [1977],
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Table 5: Estimates of advertising effects on recall and purchase: Article Dwell IV

Recall (�̂ ) Purchase (�̂ )

All Device News Type All Device News Type

Mobile Desktop Hard Soft Mobile Desktop Hard Soft

Panel I (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Ad Visible 0.0003 0.008 � 0.001 0.001 � 0.0004 0.006��� 0.013�� 0.004� 0.007�� 0.005�

(0.002) (0.007) (0.002) (0.003) (0.003) (0.002) (0.006) (0.002) (0.003) (0.002)

Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R2 0.105 0.097 0.138 0.122 0.103 0.123 0.128 0.146 0.148 0.149

First Stage
Article Dwell 0.058 ��� 0.024��� 0.076��� 0.057��� 0.059��� 0.058��� 0.026��� 0.075��� 0.057��� 0.059���

(0.007) (0.007) (0.009) (0.010) (0.007) (0.007) (0.007) (0.008) (0.010) (0.007)

Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R2 0.459 0.282 0.566 0.430 0.516 0.467 0.307 0.582 0.447 0.531
1st Stage Incr. F-Stat 75.85 12.83 76.71 31.92 71.4 77.74 14.53 79.01 33.5 70.79

Panel II (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Ad Dwell 0.001 0.008 � 0.009 0.005 � 0.002 0.028�� 0.015�� 0.052 0.036�� 0.025�

(0.010) (0.007) (0.032) (0.014) (0.013) (0.011) (0.007) (0.037) (0.016) (0.013)

Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R2 0.107 0.122 0.117 0.130 0.100 0.119 0.199 0.079 0.145 0.143

First Stage
Article Dwell 0.011 ��� 0.022��� 0.005��� 0.011��� 0.011��� 0.011��� 0.023��� 0.005��� 0.011��� 0.011���

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Observations 3,925 1,824 2,101 2,165 1,760 3,925 1,824 2,101 2,165 1,760
R2 0.205 0.476 0.129 0.208 0.232 0.220 0.500 0.156 0.235 0.262
1st Stage Incr. F-Stat 48.23 173.37 11.96 34.63 34.09 48.52 183.4 10.41 36.78 34.52

FE:
Brand Y Y Y Y Y
Price x Brand Y Y Y Y Y
Step Order Y Y Y Y Y Y Y Y Y Y
Country x Device Y Y Y Y Y Y Y Y Y Y
Dem. Controls Y Y Y Y Y Y Y Y Y Y

� p< 0.1; �� p< 0.05; ��� p< 0.01

All speci�cations include a quartic polynomial in log of average time that an average article was visible
for by each individual. All speci�cations include step order and device x country �xed effects. All speci�-
cations include �xed effects for individual covariates (income, gender, education, age, and self-reported
political leaning). Regressions with recall as an outcome include brand �xed effects, and regressions with
purchase as an outcome include brand by price �xed effects. Standard errors clustered at the individual
level.
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Becker and Murphy [1993] would upward bias the OLS estimates.

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 �rst stage results con�rm a strong

complementarity between attention devoted to articles and ads. Incremental F-statistics are

between 10 and 183 across speci�cations, with the strongest relationship for mobile and the

weakest for desktop devices. The estimates �̂ are imprecise across the speci�cations (Columns

1-5), while the estimates of �̂ are positive and statistically signi�cant (Columns 6-10). The IV es-

timates of �̂ are larger than the OLS estimates, but the difference is not statistically signi�cant. 30

Columns (7-10) of Table 5 report the estimates of � separately for different devices and types

of news. The estimates con�rm the conclusions from the OLS analysis. For mobile and desktop

devices, the estimates of � are not statistically different when using Ad Visible or Ad Dwell as the

attention metrics. Similarly, the effect of advertising on recall and purchase for “hard” and ”soft”

news are qualitatively similar. Again, the magnitudes of the estimates are slightly higher for ads

shown next to articles with hard news.

As an additional robustness check, we use the L1O article attention (the average amount of

attention devoted to the article by all other individuals in the sample, as de�ned in Section 6)

to instrument for the amount of attention to ads. From Table 2, the L1O attention signi�cantly

shifts the amount of time a consumer pays to the article, which in turn has a positive spillover

effect on the attention to ads on this page. We present these results in Appendix Table 22. Once

again, the �rst stage estimates con�rm 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,

F-stats vary from 1.8 to 13.3). Because of lower statistical power of this instrument, the second

stage (IV) coef�cients are also estimated imprecisely although, reassuringly, they have the same

magnitude as previous OLS and IV results.

Finally, we check the robustness of our estimates using an alternative shifter of consumers'

attention to articles: the (mis)alignment between consumers' and newspapers' political views.

Past work has shown that news readers prefer articles with an ideological slant aligned with their

30For instance, pooling the data across all devices and types of news (Column 6) we �nd that increasing Ad Dwell
by one second increases the purchase probability by 2.8 percentage points (a standard error of 1.1). This estimate is
larger in magnitude but statistically similar (the difference signi�cant only at 10% level) to the OLS estimate of 0.7
percentage points (with a standard error of 0.3).
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own views [Schmuck et al., 2019]. The outlets we chose in each country are widely perceived as

differing in their political leaning. For instance, in the UK, The Guardian is perceived as left-

leaning and The Daily Mail as right-leaning. We construct a measure of political alignment of

consumers and news outlets by asking experimental participants about their political views as

well as classifying news outlets as left, center, or right. 31 Appendix I provides more details on the

classi�cation of news outlets and the construction of a political “mismatch” variable. In short, a

large mismatch occurs when a person is presented with an article from an outlet at the opposite

end of the political spectrum, while there is no mismatch when there is full alignment. We show

that our political mismatch variable strongly predicts consumers' attention to articles – going

from fully aligned views to completely misaligned views decreases the time people read the ar-

ticle by around 18 seconds. This, in turn, decreases the attention people pay to ads on the page,

with ads becoming visible for 1.64 seconds (a standard error of 0.57 seconds) less and attracting

0.24 seconds (a standard error of 0.16) less active attention (dwell) time. The magnitudes align

with the previous results on attention spillovers well – e.g., the �rst stage results in Table 5 (Col-

umn 1) implies that extra 18 seconds of article dwell increase Ad Visible and Ad Dwell by 1.1 and

0.2 seconds, respectively. However, the effect of political mismatch on the attention to ads is too

imprecise to produce conclusive estimates of � and � . We report the estimates and provide their

discussion in Appendix Tables 23-25.

8 Robustness of Eye-Tracking Measurements

In this section we address the issue of potential measurement error in eye-tracking. Throughout

the study, consumers perform multiple validation procedures (initially, and after the third and

sixth articles) where the quality of the eye-tracking data is determined. At each validation, indi-

viduals are asked to look at a moving point on the screen, and their eye gaze is measured (see

Appendix A.3 for details).

We consider primarily three measures of the quality of eye-tracking data. These measures are

used extensively by the provider of the eye-tracking software (Lumen Research) and by the lit-

31This was done at the end of the experiment so that this question would not bias the behavior of participants.
We validate the news outlets' classi�cations in an independent survey on AMT (see Appendix B for details).
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erature [e.g. Semmelmann and Weigelt, 2018, Schneegans et al., 2021, Yang and Krajbich, 2021].

First, “accuracy”: the average Euclidean distance between the dot that individuals are instructed

to look at and the recorded gaze points. Second, “precision”: the re-scaled standard deviation of

gaze points around the dot that individuals are instructed to look at. Third, “gaze duration”: a

measure of how frequently the camera is able to record how eyes are moving. Notice that these

are inverse measures of eye-tracking quality (higher values imply lower quality).

For our main analysis, we determine the quality of eye-tracking data using the three mea-

sures described above. If, for a given respondent � article, the eye-tracking data is deemed to

be ”invalid”, the eye-tracking data for that observation is dropped as we discuss in Section 4

and Appendix C.2. For our main analysis, we rely on Lumen Research's proprietary algorithm to

�ag invalid observations. However, we also validate that the participants selected by this proce-

dure indeed have a lower quality of eye-tracking measures in Appendix A.3 and show robustness

checks with respect to all these measures below.

For the individuals deemed to have valid eye-tracking data, we con�rm that the data is in-

deed of high quality. These individuals have an average accuracy of 201 and 137 CSS pixels (on

desktop and mobile, respectively) and an average precision of 115 and 65 CSS pixels (on desktop

and mobile devices, respectively). 32 The accuracy and precision are low compared to the size of

ads in our study: 970� 250CSS pixels for desktop billboard ad, 300� 600CSS pixels for side (desk-

top) and scroll (mobile) ads, and 320� 80 CSS pixels for mobile billboard ad. The eye-tracking

data is good enough to capture gazes of respondents in the interior of ads for all types of ads,

except for billboard ads on mobile devices (which have a very low contribution to the ad dwell

anyway, as illustrated by Figure 3 in Section 4.2).

To con�rm that our results are not driven by imprecision in our measure of Ad Dwell , in

Tables 6 and 7 below we repeat our analysis with observations re-weighted by the (inverse of the)

three measures of eye-tracking data quality described above, and two other measures of quality

that we describe below. We also repeat the analysis using two alternative Ad Dwell measures

that reduce potential measurement error.

First, we con�rm our OLS and IV results when observations are re-weighted by �ve different

32A CSS pixel is a metric used in web browsers that ensures that regardless of the device's physical pixel density,
web objects always occupy the same proportion of the screen. See https://www.w3.org/Style/Examples/007/
units.en.html for details.
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metrics of eye-tracking data precision. Three of these metrics are the inverses of the quality met-

rics we introduced above (i.e., 1/precision, 1/accuracy, and 1/gaze duration). We also use two

additional measures of eye-tracking quality. First, the “hit rate”, the share of gaze points falling

within 200 CSS pixels distance from the calibration point individuals are instructed to look at

during the validation steps. Second, the inverse of the time since the beginning of the study,

since the quality of eye-tracking metrics deteriorates as the study progresses (see Appendix Ta-

ble 9). To each (individual � article) observation, we assign the quality metrics obtained from the

last validation step before the article is shown (e.g. an article shown in step 5 is assigned metrics

from the second validation, which occurred after article 3).

Second, we use raw eye-tracking data to re-create the Ad Dwell measure in two ways that

minimize potential measurement error. First, we consider only gazes that fall into the “interior”

of the ad, i.e., we exclude borders of 25% of the ad's height and width. For instance, for a 300� 600

CSS pixel ad, we count only gazes falling on the 150 � 300pixel surface in the center. For the

second adjusted Ad Dwell measure, we exclude gazes that fall on the 50% of the surface of the

ad that is closest to the main text. For instance, for a 970� 250pixel billboard ad on the top of

the screen, we consider only gazes falling on the top 970 � 125 pixel surface, since the article

text is below the ad. We re-scale both of these measures to make the mean of the adjusted Ad

Dwell similar to the mean of the original Ad Dwell , so that the interpretations of the coef�cients'

magnitudes are comparable.

Tables 6 and 7 replicate our main results with re-weighted samples and alternative measures

of Ad Dwell . In Table 6 we replicate the main OLS estimates for Ad Dwell from Table 3, Columns

(1) and (6) in Panel II. We report these estimates in Column (1) of Table 6 to make comparisons

of estimates easier. We �nd that the magnitude of coef�cients is the same across all seven al-

ternative speci�cations. For the recall outcome (Panel I), the estimates vary from 0.017 to 0.036,

but none are signi�cantly different from the main estimate of 0.034 (considering the standard

errors). For the purchase outcome (Panel II), the estimates vary from 0.005 to 0.008, but again

none are signi�cantly different from the main estimate of 0.007.

In Table 7 we replicate the main IV estimates for Ad Dwell for the purchase outcome from

Table 5 (since we obtained statistically signi�cant estimates only on the purchase outcome).

Once again, we report the main estimates in Column (1) of Table 7 to make comparisons easier.
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Table 6: Estimates of advertising effects on recall and purchase: OLS, Robustness in Ad Dwell
Measurements

Recall (�̂ )

Main Re-weighted observations by Adjusted Ad Dwell

1/precision 1/accuracy
1/gaze Hit 1/time

Interior
Away from

duration Rate since calibr. Text

Panel I (1) (2) (3) (4) (5) (6) (7) (8)

Ad Dwell 0.034 ��� 0.017� 0.036��� 0.033��� 0.034��� 0.029��� 0.026��� 0.026���

(0.004) (0.010) (0.004) (0.004) (0.004) (0.005) (0.003) (0.003)

Observations 3,925 3,875 3,875 3,925 3,925 3,925 3,925 3,925
R2 0.143 0.176 0.153 0.147 0.146 0.161 0.142 0.141

Purchase (�̂ )

Panel II (1) (2) (3) (4) (5) (6) (7) (8)
Ad Dwell 0.007 �� 0.007� 0.007�� 0.006� 0.008�� 0.005 0.005�� 0.005��

(0.003) (0.004) (0.003) (0.003) (0.003) (0.004) (0.002) (0.002)

Observations 3,925 3,875 3,875 3,925 3,925 3,925 3,925 3,925
R2 0.136 0.281 0.174 0.137 0.168 0.174 0.136 0.136
FE:
Price x Brand Y Y Y Y Y Y Y
Step Order Y Y Y Y Y Y Y Y
Country x Device Y Y Y Y Y Y Y Y
Dem. Controls Y Y Y Y Y Y Y Y

� p< 0.1; �� p< 0.05; ��� p< 0.01

All speci�cations 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 �xed effects, �xed effects for individual covariates
(income, gender, education, age, and self-reported political leaning), and brand by price �xed effects. A
few observations have missing values of precision and accuracy variables; we drop those observations
from the analysis in speci�cations with 1/precision and 1/accuracy weights. Standard errors clustered at
the individual level.
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Table 7: Estimates of advertising effects on recall and purchase: Article Dwell IV, Robustness in
Ad Dwell Measurements

Purchase (�̂ )

Main Re-weighted observations by Adjusted Ad Dwell

1/precision 1/accuracy
1/gaze Hit 1/time

Interior
Away from

duration Rate since calibr. Text

(1) (2) (3) (4) (5) (6) (7) (8)

Ad Dwell 0.028 �� 0.017� 0.023�� 0.028�� 0.019� 0.022 0.030�� 0.038��

(0.011) (0.010) (0.011) (0.012) (0.011) (0.014) (0.012) (0.015)

Observations 3,925 3,875 3,875 3,925 3,925 3,925 3,925 3,925
R2 0.119 0.277 0.165 0.118 0.164 0.164 0.096 0.073

First Stage
Article Dwell 0.011 ��� 0.018��� 0.011��� 0.011��� 0.012��� 0.011��� 0.011��� 0.009���

(0.002) (0.003) (0.001) (0.002) (0.001) (0.001) (0.002) (0.001)

Observations 3,925 3,875 3,875 3,925 3,925 3,925 3,925 3,925
R2 0.220 0.691 0.240 0.217 0.234 0.272 0.144 0.128
1st Stage Incr. F-Stat 48.52 34.82 72.81 44.07 100.4 61.32 33.06 36.5
FE:
Price x Brand Y Y Y Y Y Y Y Y
Step Order Y Y Y Y Y Y Y Y
Country x Device Y Y Y Y Y Y Y Y
Dem. Controls Y Y Y Y Y Y Y Y

� p< 0.1; �� p< 0.05; ��� p< 0.01

All speci�cations 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 �xed effects, �xed effects for individual covariates
(income, gender, education, age, and self-reported political leaning), and brand by price �xed effects. A
few observations have missing values of precision and accuracy variables; we drop those observations
from the analysis in speci�cations with 1/precision and 1/accuracy weights. Standard errors clustered at
the individual level.
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Both the IV and the �rst stage estimates are not statistically different from our main results. IV

estimates vary from 0.017 to 0.038 across speci�cations, whereas in Section 7.2 we obtained an

estimate of 0.028. Similarly, the �rst-stage estimates vary from 0.009 to 0.018, whereas in Section

7.2 the estimate was 0.011. The stability of the �rst stage coef�cients is especially re-assuring,

since these coef�cients correspond to the 
̂ estimate, the attention spillover coef�cient from

Table 2. Thus, we show that the complementarity in consumers' attention to articles and ads is

not an artifact of the measurement error, and instead captures true spillover in attention.

Appendix Tables 26–29 replicate the robustness checks separately for desktop and mobile

devices.

9 Managerial Implications

Our paper has three sets of �ndings that lend themselves to managerial implications. First, at-

tention to ads can be measured and leads to higher ad recall and product 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 con-

tent. Third, “hard news” article content does not make ads less effective, cautioning against the

practice of blunt “ block lists” of advertisers. We consider each of these in turn.

We can use our results to calculate rough estimates of the costs and bene�ts of online display

ads. First, we discuss the bene�ts. 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� 0:007� 0:02, or about 2%.33

In the US, 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 $5. This implies that an ad is worth 5� 0:02 = 10

cents of revenue per person exposed to the ad, or $100 for 1,000 people. 34

On the cost side, the advertising industry typically uses the metric of a “cost per mille” (CPM,

or cost per 1,000 impressions). For a digital inventory, this is dif�cult to assess because it is

33Here we use the OLS estimates from Table 3. The IV estimates would imply an even higher value of advertising.
34We are considering only revenue, not pro�t, since we have no estimate of the cost to the brand of producing

and supplying the goods.
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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 information (e.g., to

ensure that a particular ad is shown to individuals who, based on their known characteristics, are

likely to be interested in the product), which further in�uences the cost. Still, Lumen Research

shared with us their estimate of the cost per attentive 1000 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 to

manage the advertising agencies. However, on the whole, these �gures suggest that advertising

is likely worth its cost.

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' webpages. Thus, by investing in the quality of news

content, publishers can charge higher CPM rates to advertisers. These �ndings provide business

justi�cations against the practice of “clickbait” (using catchy titles or images to entice users to

visit low-quality articles). 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 exper-

iment, these were articles associated with the COVID-19 pandemic and the BLM protests. Our

results reject the hypothesis of a negative effect of hard news per seon either ad recall or brand

purchase. There may still be other reasons, such as brand safety [marketingweek.com, 2017],

or preferences and career concerns of brand managers [Gordon et al., 2021b], to limit exposure

of ads to certain types of content. However, our results suggest that the current system might

be too blunt or exhibit excessive risk aversion. Limiting the practice of block lists is particularly

important at times of major societal events – e.g. pandemics, wars, and the �ght against cli-

mate change – since block lists penalize news outlets for providing detailed coverage of these
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important issues and informing citizens.

Our results validate the importance of the attention of website visitors for display advertis-

ing 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 repre-

sents several UK's media brands (such as The Daily Mail, i newspaper, and The Telegraph) cre-

ated a “high attention” package of advertising, for which they charge a price premium to brands

[dmgmedia.co.uk, 2021]. A similar program is run by Ozone, the aggregated selling house used

by The Guardian. Again, they charge a premium on their advertising inventory which is justi�ed

in part by the higher attention their ads receive because of the intensity of the engagement with

the content [ozoneproject.com, 2021]. This does not seem to be only a sell-side or online news

phenomenon. Havas, one of the biggest media buying networks in the world, has adopted an ex-

plicit position that it will pay more for the quality of attention an ad receives [The Media Leader,

2022]. Like our method, these pricing strategies and measures of ad effectiveness bene�t from a

novel approach of leveraging the intensive margin of attention to ads, rather than an extensive

margin of showing or not showing an ad on the page. McGranaghan et al. [2022] discuss similar

strategies for incorporating attention metrics into the measures of ad effectiveness and pricing

for TV ads.

10 Conclusions

This paper has used measures of attention obtained with eye-tracking to estimate advertising ef-

fectiveness in online markets. We run an experiment that focuses on display advertising online,

in which ads are shown next to articles. We showed that more engaging news articles generate

positive spillovers of attention 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 re-

sults, typical for similar experimental settings. First, we asked individuals to make an immediate

purchase decision, so we are likely overestimating the effect a real ad would have on purchases.

We note, however, that the brand-speci�c vouchers that individuals could obtain were valid for

1 year or more, so consumption does not need to be immediate, and hence possibly mitigates
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this bias.

Second, we may be underestimating the impact of ads, since our ads are not targeted to

speci�c individuals but are instead shown at random. 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 suf�cient appeal to large audiences. We cannot estimate the effectiveness of targeted

ads (as this was not the goal of our experiment), since this would require access to one of the

algorithms that assign ads to readers online, which we do not possess.

Notwithstanding these limitations, we hope that our experimental design will prompt more

research on the drivers and effects of digital attention. Tools such as eye-tracking software are

now increasingly precise and available at scale in realistic settings to measure this.
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