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Abstract
Ad blockers allow users to browse websites without viewing ads. Online news publishers that rely on advertising income tend to

perceive users’ adoption of ad blockers purely as a threat to revenue. Yet, this perception ignores the possibility that avoiding ads

—which users presumably dislike—may affect users’ online news consumption behavior in positive ways. Using 3.1 million visits

from 79,856 registered users on a news website, this research finds that ad blocker adoption has robust positive effects on the

quantity and variety of articles users consume. Specifically, ad blocker adoption increases the number of articles that users read

by 21.0%–43.2%, and it increases the number of content categories that users consume by 13.4%–29.1%. These effects are stron-
ger for less-experienced users of the website. The increase in news consumption stems from increases in repeat visits to the

news website, rather than in the number of page impressions per visit. These postadoption visits tend to start from direct nav-

igation to the news website, rather than from referral sources. The authors discuss how news publishers could benefit from these

findings, including exploring revenue models that consider users’ desire to avoid ads.
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Ad blockers are software programs, usually browser extensions,
that internet users can download to prevent ads from being dis-
played on the websites they visit. Ad blockers are popular
among consumers, with recent reports suggesting that almost
50% of internet users between the ages of 16 and 64 have
used an ad blocker within a given month (Dean 2021). For pub-
lishers and advertisers, however, who gain revenue from dis-
playing ads to users, ad-blocking software constitutes an
obvious concern. Indeed, representatives of the advertising
industry have described ad blockers as plain “robbery” and an
“existential threat to the industry” (IAB 2015). Likewise, pub-
lishers have (unsuccessfully) sued providers of ad blockers for
anticompetitive conduct, copyright infringement, and other
unethical business practices (Toulas 2019).

The industry pushback against ad blockers exposes two
potentially problematic assumptions underlying the advertising
revenue model that are rarely explicitly discussed in articles on
this model (Lambrecht et al. 2014). The first assumption is that
users are willing to “pay” the publisher for its content by endur-
ing exposure to ads. Clearly, the popularity of ad blockers calls
the validity of this assumption into question (Sołtysik-
Piorunkiewicz, Strzelecki, and Abramek 2019). The second
assumption is that this mode of “payment” is beneficial
overall for the publisher, in that it does not substantially

impair users’ consumption of the publisher’s content. This
assumption also lacks firm support, as little is known about
how ad blocking influences users’ content consumption
online. The current study addresses this question.

More specifically, this article provides publishers with a
nuanced and potentially more positive view of ad blockers by
taking an in-depth look at how adopting an ad blocker affects
users’ consumption of the publisher’s content. We suggest
that, given that users generally dislike ads (Despotakis, Ravi,
and Srinivasan 2021), ad blocker adoption may lead users to
consume content differently than they do in the presence of
ads. Such a change could be positive from the publisher’s per-
spective. For example, by enabling users to avoid ads that they
find annoying or distracting, ad blockers could encourage users
to consume and engage with more of the publisher’s content.
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To explore these ideas, we exploit a unique individual-level
panel data set from a reputable news website, containing the
data of 3.1 million visits of 79,856 registered users. Our data
set provides information about users’ news reading behavior,
their usage of ad blockers, and the timing of their adoption
(or abandonment) of ad blockers. We use this data set to empir-
ically examine how ad blocker adoption affects users’ news
consumption, which we measure along two dimensions: quan-
tity and variety. Our analysis incorporates numerous robustness
checks, including multiple alternative definitions of treatment.
We further explore potential mechanisms for the effects of ad
blocker adoption on news consumption by investigating
users’ behavior within and across visits. We evaluate the hetero-
geneity of these effects across different subsets of users (e.g.,
users with a different number of browsers and different levels
of experience with the news website).

Overall, our findings contribute toward a better understand-
ing of the effects of ad blockers on users’ behavior, and they
reveal how ad blockers can benefit publishers. Accordingly,
they may assist publishers in identifying alternative revenue
models, beyond the advertising model, that might be more suit-
able for the news consumption context.

Literature Review
Our study draws from and contributes to three main streams of
literature.

First, we contribute to the understanding of how ad blocking
affects different stakeholders in the online advertising market.
A recent review paper identified ad blockers as one of four
primary sources of market inefficiency in digital advertising
that warrant further research (Gordon et al. 2020).

In general, research on ad avoidance precedes the emergence
of internet ad blockers, and it encompasses various media con-
sumption contexts. For example, studies have documented ad
skipping among television viewers (Danaher 1995) and evalu-
ated its impact on consumer shopping behavior (Bronnenberg,
Dubé, and Mela 2010). Studies have also explored how to opti-
mize the pricing and scheduling of TV advertising to compensate
for losses due to ad skipping (Wilbur, Xu, and Kempe 2013).

Among the studies that address internet ad blocking, most
take an analytical approach (Aseri et al. 2020; Chen and Liu
2022; Despotakis, Ravi, and Srinivasan 2021; Gritckevich,
Katona, and Sarvary 2021), whereas only a few rely on empir-
ical evidence. Empirical studies include the work of Shiller,
Waldfogel, and Ryan (2018), who used aggregate website-level
data to show that an increase in ad blocker adoption reduced
traffic on a large set of websites over the course of three
years. The authors attributed this effect to a decrease in the web-
sites’ investment in content. Another study (Todri 2022) used
consumer-level data to show that ad blocking decreases
online purchasing and reduces consumer search across informa-
tion channels.

Our study contributes to the literature on ad avoidance in
general, and internet ad blocking in particular, by using a real-
world, individual-level data set to investigate how ad blocker

adoption affects news consumption. Our findings are likely to
be of practical value, given the vast popularity of advertising
revenue models in the online news industry, coupled with this
industry’s increasing reliance on subscription revenue models
(Accenture 2021).

In focusing on news consumption, our research contributes
to a second, growing stream of literature that explores the chal-
lenges faced by the news industry in the digital world. This
stream of literature has analyzed how demand for news is influ-
enced by various features of digital environments. Examples of
such features include social media platforms (Scharkow et al.
2020), news aggregators (Calzada and Gil 2020), other online
referral channels (Roos, Mela, and Shachar 2020), and digital
subscription models (e.g., paywalls and subscription fees;
Aral and Dhillon 2021). We contribute to this literature by ana-
lyzing how users’ news consumption is affected by their adop-
tion of ad blockers, a relatively new technology that has
received little attention in the context of online news.
Notably, studies that examine advertising in conjunction with
news consumption have tended to assume that exposure to
advertising does not affect users’ engagement with the news
content itself (Aribarg and Schwartz 2019; Pattabhiramaiah,
Sriram, and Sridhar 2018). Our study challenges this assump-
tion, enabling us to question whether the vast popularity of
advertising revenue models in the news industry (Accenture
2021) is justified.

In comparing adoption versus nonadoption of ad blockers,
we effectively compare different levels of exposure to advertis-
ing. This comparison enables us to contribute to a third stream
of literature, the broad literature on the effects of advertising on
consumer behavior. Although these effects have been studied
extensively in marketing and economics, studies have tended
to focus on the advertiser’s perspective, measuring the extent
to which ads are successful in eliciting desired outcomes.
Examples of focal outcome measures include recall and recog-
nition of ads (Aribarg and Schwartz 2019), click-through
(Dinner, Van Heerde, and Neslin 2013), sales (Danaher and
Dagger 2013), and brand awareness (Bruce, Becker, and
Reinartz 2020). These measures have been used, for example,
to compare advertising effectiveness across different media
channels (Danaher et al. 2020) and to explore the potential neg-
ative marginal returns of repetitive advertising exposure (Chae,
Bruno, and Feinberg 2019).

Fewer studies have explored how ads affect publishers and,
specifically, users’ engagement with those publishers. Among
the empirical studies examining these facets, most have
focused on nondigital markets (e.g., traditional TV, magazines,
and telephone directories). These studies have documented both
positive and negative effects of ads on media consumption
(Kaiser and Song 2009; Wilbur, Xu, and Kempe 2013).
Studies on digital advertising, in turn, have primarily taken
place in highly controlled lab settings, which provide high inter-
nal validity but may be of limited external validity. These
studies have mostly revealed that exposure to advertising has
adverse effects on website usage (Goldstein et al. 2014). A
notable exception is Shiller, Waldfogel, and Ryan (2018),
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who used aggregate website-level data to document that ad
blocking has adverse effects on the publishers’ content
quality and, as a result, their website usage, implying a positive
effect of advertising on website usage. Still, real-world evi-
dence for such effects on the level of individual users is lacking.

Empirical Setting, Data Set, and Variable
Construction
We rely on a proprietary data set from a reputable European
news publisher that prefers to remain anonymous. In addition
to a printed newspaper, this news publisher runs an online
news website that publishes daily news, focusing on politics
and business while reporting on various other topics. The
news website ranks among the top ten in its country in
weekly usage. This news publisher has long been regarded as
a national “newspaper of record” in the industry. Its reputation
in its linguistic area is comparable to the reputations of the
New York Times, the Financial Times, or the Guardian.
During our observation period, the news website offered all
content free of charge. Users were required to register with
the website (by entering an email address in a designated
field) to access archival content and newsletters but were not
required to pay for this content. Approximately 20% of visits
to the website came from registered users.

Our data set was composed of pseudonymized clickstream
data with unique identifiers for all registered users who
visited the news website from the second week of June 2015
(Week 1) to the last week of September 2015 (Week 16). Our
focus on registered users enabled us to track each user individ-
ually over time, providing a unique panel setting. The click-
stream data for each registered user included a complete
record of that user’s browsing behavior on the news website
throughout the data collection period. Recorded information
included, for example, the time stamp of each of the user’s
visits to the site, the pages viewed, and whether the user used
an ad blocker. We further combined the clickstream data with
self-reported user demographics from the publisher’s customer
relationship management database. In total, we analyzed data
for 79,856 unique users with 3.1 million visits.

Ad Blocker Adoption Decisions and Trends in
Ad Blocker Usage
Before we analyze how ad blocker adoption affected news con-
sumption on the website, it is essential to acknowledge how ad
blockers might have affected users’ browsing experience. In
most cases, an ad blocker automatically removes all ads on
the webpage the user visits—except on websites for which
the user has allowed ads to be displayed. As it is common for
publishers to allocate relatively large amounts of space for
ads, blocking the ads on a website can make a noticeable differ-
ence in the website’s display (see, e.g., Figure 1), which may
influence the user experience. On average, the website features
five display ads on its home page and three display ads on each

article page. In addition, the website did not run native advertis-
ing during the observation period of our study. We report addi-
tional information on the type of ads on this news website in
Web Appendix A.

Our identification strategy, elaborated in what follows,
hinges on individual users’ decisions to adopt (or abandon)
ad blockers. A key assumption underlying this strategy is that
the decision to adopt an ad blocker is not driven by content con-
sumption on the news website. This assumption seems justifi-
able for several reasons. First, a user adopts an ad blocker on
an entire browser, and thus does not target removal of ads for
a specific website. Second, surveys suggest that a user’s deci-
sion to adopt an ad blocker is motivated by ad annoyance,
page loading speed, and privacy concerns (Sołtysik-
Piorunkiewicz, Strzelecki, and Abramek 2019). These factors
are likely to relate to a user’s preference regarding ads, rather
than to a specific experience on a single website. We provide
further support for these assumptions in a robustness analysis
(Web Appendix B), which suggests that nothing specific
about a user’s news consumption influences the user’s decision
to adopt an ad blocker.

Construction of Independent Variables: Ad Blocker
Adoption
Our data set includes, for each user, the number of page impres-
sions with blocked ads. We use this information to derive an
indicator of ad blocker usage. Specifically, a positive number
of page impressions with blocked ads indicates that an ad
blocker is being used, whereas zero blocked page impressions
indicate no usage of an ad blocker. According to this definition,
19,088 of the 79,856 website users used an ad blocker during
the observation period, and 60,768 website users did not.
Thus, 24% of website users in our data set used an ad
blocker. This percentage is comparable to the ad blocker adop-
tion rates across European countries during that period, which
ranged from 20% to 38% (Newman et al. 2016).

The basic premise of our main analysis is to compare the
postadoption behavior of ad blocker adopters (treatment
group) with their preadoption behavior, as well as with the
behavior of nonadopters (control group). In this analysis, treat-
ment is broadly defined as adoption of an ad blocker during the
observation period. However, this basic definition of treatment
is inadequate, because of the structure of our data set.
Specifically, whereas our data set contains records of news con-
sumption from the first week of the observation period (Week
1), it only documents ad blocker usage from Week 10
onward. This situation creates a potential left-censoring
problem. For example, a user with ad blocker usage in Week
10 cannot be reliably identified as having adopted in that
week, as the user might have used the ad blocker in Week 9
or earlier.

Following an approach to address a similar problem in the
context of adopting Spotify (Datta, Knox, and Bronnenberg
2018), we designate a two-week cutoff period for defining

1004 Journal of Marketing Research 59(5)



our group of ad blocker adopters. Specifically, we define a user
as having adopted an ad blocker in Week t (e.g., Week 12) if the
user had zero ad blocker usage in the two weeks preceding
Week t (e.g., Weeks 10 and 11) and then had nonzero ad
blocker usage from Week t onward. Accordingly, the treatment
group for our main analysis comprises users who adopted an ad
blocker in Weeks 12–16. The control group, in turn, comprises
users who had no ad blocker usage throughout Weeks 10–16.
This analysis does not include users who did not visit the
website during the cutoff weeks.1 Web Appendix C shows
the robustness of the cutoff threshold.

According to this construction, our treatment group comprises
6,366 users, and our control group consists of 38,270 users (see
the top part of Figure 2 for an illustration of our construction of
the treatment and control groups). For robustness, we carry out
two additional analyses using alternative definitions of treatment
and control groups. Our second analysis compares early adopters
of an ad blocker (treatment group) to late adopters (control
group). In constructing these groups, we define adoption using
the two-week cutoff approach described previously. We define
an early adopter as a user who adopted an ad blocker in Week
12 (N= 1,124; see Figure 2) and a late adopter as a user who
adopted an ad blocker in Week 14 (N= 1,167). This approach
enables us to control for bias related to users’ individual tenden-
cies to adopt an ad blocker, because users in both the treatment
and control groups adopted an ad blocker and only differ in
the time at which they did so.

Our third analysis focuses on the 9,055 users in our data set
who already used ad blockers during Weeks 10 and 11. These
users are censored users for whom we cannot identify the
timing of ad blocker adoption, according to the two-week
cutoff definition specified previously. We can, however, lever-
age the fact that some of these users abandoned an ad blocker
during the observation period, meaning that they switched
from nonzero ad blocker usage to zero usage.

A user might abandon an ad blocker for a variety of reasons. In
particular, some popular publishers use aggressive anti-ad-blocking
measures, such as asking users to fully disable ad blockers to access
their websites’ content, as opposed to merely requesting that users
allow a specific website to display ads (Lomas 2015; Nithyanand
et al. 2016). Neither the website’s publisher nor its competitors did
so during the observation period. Accordingly, we can explore the
effects of users’ abandonment of ad blockers without concern that
this abandonment was directly instigated by the news site.

In this analysis, we classify the censored adopters into the
treatment group if they changed from nonzero to zero ad
blocker usage during Week 12 or later. In other words, the
users in this treatment group (N= 2,882; see Figure 2) did not
see ads in Weeks 10 and 11 but started to see ads during
Week 12 or later. The control group (N= 6,173) consists of
users in this censored sample who had nonzero ad blocker
usage throughout Weeks 10–16. The bottom part of Figure 2
depicts the construction of these treatment and control groups.

Construction of Dependent Variables
Our analysis considers numerous measures of news consumption
and user behavior. Table 1 summarizes these measures. We
report all measures and the corresponding analyses at the user-week
level.

Figure 1. Comparison of a news website without and with an ad blocker.

1 Users who visited the website during Weeks 10 or 11 but did not return to the
website are not considered here because they are pruned out later in the match-
ing process (see Table 3; the choices for the last observed week start with
Week 13).
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We focus on two primary variables of interest. The first is
article views, representing a count of the number of news arti-
cles that a user of the website clicks on. This measure captures
the quantity of news consumption. The second is breadth, a
count of the number of unique news categories of article
views; this measure captures the variety of news consumption.

We further explore mechanisms that might underlie the effects
of ad blocker adoption on our main variables of interest. To this
end, we measure variables corresponding to users’ behavior
within and across visits, where a visit is defined as an entry to
the news website that ends with the user clicking away from
the website or remaining inactive for 30 minutes. Within-visit
measures include, for example, the number of article views per
visit and time spent on the website per visit. Across-visit mea-
sures include, for example, the total number of visits, as well

as information about the referral sources of these visits (e.g.,
direct navigation vs. referral from external websites such as
social media platforms or search engines). The complete list of
within- and cross-visit variables is provided in Table 1.

We base our mechanism analysis on the premise that adopt-
ing an ad blocker affects users’ behavior through two main
channels. The first is a cognitive mechanism, wherein the
absence (as opposed to presence) of ads resulting from ad
blocker adoption enhances the user’s cognitive resources to
process website content. We suggest that a cognitive mecha-
nism is likely to manifest in short-term, within-visit effects,
such as an adoption-induced increase in the number of article
views per visit. The second potential mechanism is a learning
mechanism. The experience of using an ad blocker helps
users learn how well their preferences match the website,

Figure 2. Construction of treatment groups and control groups.
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which can increase their desire to return to the website.
Accordingly, a learning mechanism is expected to manifest in
an adoption-induced increase in repeat visits or in a heightened
tendency to navigate directly to the website, as opposed to
being referred through other channels.

To better understand themain effects observed and their robust-
ness, we measure several additional variables. First, we count the
number of article views separately for each news category (e.g.,
political news and economic news). We report all news categories
of the website in Panel B of Table 1. In addition, we count the
number of page views on the home page. The page views corre-
sponding to news articles and to the home page account for more
than 90% of the page views during our observation period. The
remaining page views correspond, for example, to account-related
pages and theweather forecast.We report the results for these addi-
tional variables in Web Appendix C.

Descriptive Statistics and Preliminary Analysis
Recall that our primary analysis focuses on two groups of users:
ad blocker adopters (treatment group) and nonadopters (control
group), as defined previously. Table 2 reports the group means
of our main dependent variables: article views and breadth. It
also presents a before-and-after difference within each of the
two groups, and a difference-in-differences (DiD) comparison
between groups.

We start with the before-and-after analysis. For users in the
treatment group (ad blocker adopters), all news consumption
measures increase after the week they adopted ad blockers.
However, these measures decrease for the control group (nona-
dopters) in the same week, leading to a positive value when com-
puting a simple DiD estimator (e.g., 2.126 for article views and
.733 for breadth; see the last column of Table 2 for Week 12

Table 1. Description of News Consumption and Users’ Behavior on the News Website.

A: Summary Statistics of News Consumption Variables

Min. Median Mean Max. SD

Main variables Article views .000 4.000 9.402 1,204.000 17.985

Breadth .000 3.000 3.569 20.000 3.298

Variables across visits Visits 1.000 4.000 7.724 180.000 9.876

Direct visits .000 3.000 7.139 178.000 9.580

Social media visits .000 .000 .119 149.000 1.368

Search engine visit .000 .000 .554 117.000 2.702

Newsletter visit .000 .000 .002 19.000 .095

Variables within visit Article views per visit .000 1.000 1.275 213.000 2.094

Other page views per visit .000 1.667 2.460 389.300 3.455

Time per visit (in seconds) .000 259.833 408.314 36,163.000 568.762

Title length per visit 1.000 5.500 7.386 572.000 7.134

Title length per article 1.000 4.854 4.899 97.000 1.493

B: Users’ Behavior on the News Website

Category of News Articles
% of Page
Views Category of Nonnews Articles % of Page Views

International political news 8.347 Home page 44.171

Economy news 6.437 Account related page 3.725

Sport news 6.221 Weather forecast 1.818

Regional political news 4.791 Search 1.016

Finance news 4.027 Others .561

Opinion news 3.809 Play page .221

Panorama news 2.971 Archive .061

Local political news 2.938

Art and culture news 2.200

News ticker 1.219

Sunday news 1.116

Science news 1.006

Digital news .924

Lifestyle news .806

Photostream news .715

Transportation news .311

Brief news .302

Video news .178

Special news .086

Data news .023

Notes: All variables are computed at the week level for 79,856 users.
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adopters). These results provide preliminary evidence of the pos-
itive effect of ad blocker adoption on news consumption in terms
of quantity and variety. However, self-selection into ad blocker
adoption could confound the DiD reported in Table 2.

In the next section, we describe our approach to remove any
potential confounders that might arise from self-selection. To
identify the causal effect of ad blocker adoption on news con-
sumption, we combine matching with DiD and establish robust-
ness by repeating the analysis with the alternative treatment and
control definitions elaborated previously.

Identification Strategy
Selection bias into treatment groups can come from both
observable and unobservable confounders. In our analysis, we
first nonparametrically control for observable confounders
using coarsened exact matching (CEM). Then, to remove any
time-invariant unobserved confounders, we use DiD with
individual-level fixed effects. As for time-varying confounders,
we use a placebo treatment test to show that they do not bias our
results. In what follows, we describe the identification strategy
for our primary analysis, in which ad blocker adoption at Week
12 and onward (as elaborated previously) serves as a treatment.
We use the same identification strategy in our two robustness
analyses, in which, respectively, early adoption and abandon-
ment of an ad blocker serve as treatment.

Recall that our sample covers 16 weeks, running from June
8, 2015, to September 27, 2015. Our treatment period starts
from Week 12. We use the first 11 weeks, that is, the entire pre-
treatment period, for matching. For our estimation, we use

Weeks 7 to 11 as the pretreatment period. The remaining
weeks, Weeks 12 to 16, are used as the posttreatment period.
We also use Weeks 1 to 11 as a pretreatment period in an addi-
tional robustness check, reported in Web Appendix C, which
confirms the robustness of our results.

Coarsened Exact Matching
To remove observable confounders, we use matching to
refine our treatment and control groups. The statistical
treatment effects literature commonly combines matching
methods with DiD (Heckman et al. 1998). We chose CEM
for its advantages over other matching methods (such as pro-
pensity score matching; see King and Nielsen 2019) in terms
of balancing the covariates (Iacus, King, and Porro 2012)
when the number of covariates is not large. We also use propen-
sity score matching as a robustness check. The results remain
similar (Web Appendix D details CEM and the robustness
check).

We match the treatment and control groups based on the
following covariates.2 First, we include three controls for
demographics—age, gender, and income—as prior empiri-
cal studies show that these demographic variables are

Table 2. Before-and-After Analysis of Ad Blocker Adopters and Nonadopters.

Variables

Adopters Group Mean Nonadopters Group Mean

DiD

Week 12 Adopters (N= 1,124) Nonadopters (N= 38,270)

Before Week 12 After Week 12 Diff. Before Week 12 After Week 12 Diff.

Article views 13.485 14.390 .905 6.284 5.063 −1.221 2.126

Breadth 4.873 5.336 .463 2.797 2.527 −.270 .733

Week 13 Adopters (N= 3,269) Nonadopters (N= 38,270)
Before Week 13 After Week 13 Diff. Before Week 13 After Week 13 Diff.

Article views 11.604 11.910 .306 6.114 5.111 −1.003 1.309

Breadth 4.448 4.647 .199 2.771 2.516 −.255 .454

Week 14 Adopters (N= 1,167) Nonadopters (N= 38,270)
Before Week 14 After Week 14 Diff. Before Week 14 After Week 14 Diff.

Article views 10.709 11.233 .524 5.987 5.171 −.816 1.340

Breadth 4.210 4.461 .251 2.737 2.536 −.201 .452

Week 15 Adopters (N= 384) Nonadopters (N= 38,270)
Before Week 15 After Week 15 Diff. Before Week 15 After Week 15 Diff.

Article views 9.267 11.597 2.330 5.916 5.124 −.792 3.122

Breadth 3.929 4.417 .488 2.712 2.558 −.154 .642

Week 16 Adopters (N= 422) Nonadopters (N= 38,270)
Before Week 16 After Week 16 Diff. Before Week 16 After Week 16 Diff.

Article views 8.925 9.541 .616 5.847 5.040 −.807 1.423

Breadth 3.883 4.483 .600 2.685 2.669 −.016 .616

Number of users 6,366 38,270

2 We note the trade-off in using demographic data for matching by introducing a
selection problem, as those who report their demographics in customer relation-
ship management data can be different from those who do not report this infor-
mation. However, in Web Appendix D, we confirm that demographic data are
missing at random. We also report the estimation results using unmatched data
as a robustness check. The results remain similar.
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important determinants of news consumption (Fan 2013; Roos,
Mela, and Shachar 2020) and ad blocker usage (Sołtysik-
Piorunkiewicz, Strzelecki, and Abramek 2019). Second, we
match users on pretreatment browsing behavior, namely,
article views, breadth, and number of visits. Third, we
include indicators of each user’s first and last weeks of
observed activity, to ensure that matched users are active
throughout the same observation window and to reduce bias
related to users’ visit behavior or active time. Finally, we include
the two variables that stay significant when we model users’ ad
blocker adoption process (reported in Table W2 of Web

Appendix B): most frequently used browser and mobile page
views in the pretreatment period.

Table 3 presents a comparison between the treatment
group (ad blocker adopters) and the control group (nonadopters)
regarding the observed characteristics we use for matching. The
table shows information separately for the matched and the
unmatched samples. Before analyzing the matched samples, we
carried out a logistic regression on the full, unmatched sample
to examine how user demographics impact the probability of
adopting an ad blocker (Web Appendix E). We found that the
odds of being an ad blocker adopter in the male group are

Table 3. Comparison of Nonadopters and Adopters Before and After CEM.

Variable Operationalization

Unmatched Sample

Standardized
Mean

Difference

Matched Sample

Standardized
Mean

Difference
Control

Group Mean

Treatment
Group
Mean

Control
Group Mean

Treatment
Group
Mean

Dummy Variables
Gender Male .774 .814 .103 .943 .943 .000

Income Index2 .101 .086 −.052 .035 .035 .000

Index3 .194 .213 .046 .178 .178 .000

Index4 .085 .083 −.007 .031 .031 .000

Index5 .238 .227 −.025 .263 .263 .000

Index6 .343 .341 −.003 .491 .491 .000

Age (years) 25–29 .013 .014 .003 .002 .002 .000

30–34 .023 .023 −.003 .007 .007 .000

35–39 .046 .055 .040 .028 .028 .000

40–44 .086 .096 .033 .073 .073 .000

45–49 .119 .136 .050 .136 .136 .000

50–54 .133 .137 .010 .179 .179 .000

55–59 .125 .114 −.034 .136 .136 .000

60–64 .112 .128 .048 .138 .138 .000

65–69 .112 .094 −.062 .122 .122 .000

70–74 .109 .091 −.062 .124 .124 .000

75–79 .067 .056 −.046 .040 .040 .000

80–85 .047 .050 .018 .016 .016 .000

First

observed

week

Week 1 .267 .602 .685 .673 .673 .000

Week 2 .102 .098 −.013 .087 .087 .000

Week 3 .083 .069 −.054 .054 .054 .000

Week 4 .093 .050 −.196 .049 .049 .000

Week 5 .103 .032 −.400 .031 .031 .000

Week 6 .078 .038 −.205 .040 .040 .000

Week 7 .062 .029 −.197 .024 .024 .000

Week 8 .052 .023 −.192 .014 .014 .000

Week 9 .034 .017 −.129 .009 .009 .000

Last observed

week

Week 13 .078 .021 −.394 .014 .014 .000

Week 14 .102 .042 −.294 .028 .028 .000

Week 15 .160 .079 −.299 .058 .058 .000

Week 16 .433 .851 1.171 .901 .901 .000

Mode

browser

Apple .299 .454 .312 .505 .505 .000

Google .173 .145 −.079 .108 .108 .000

Microsoft .364 .187 −.455 .240 .240 .000

Mozilla .163 .211 .118 .146 .146 .000

Continuous Variables
Article views 3.459 9.725 .474 4.900 5.162 .020

Breadth 1.690 3.925 .900 2.697 2.747 .020

Visits 3.511 9.092 .678 5.284 5.552 .033

Mobile page views 1.194 4.073 .242 1.244 1.364 .010

N 11,665 2,499 748 574
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1.332 times greater than the odds of being an ad blocker adopter
in the female group. Moreover, the odds of being an ad blocker
adopter in the high-income (e.g., Income Index 2) group are .631
times greater than the odds of being an ad blocker adopter in the
low-income (e.g., Income Index 1) group. The right part of
Table 3 confirms that, after matching, the treatment group and
the control group are balanced in all matching covariates.

Figure 3 further validates our matching process. Specifically, it
depicts the distributions of the “propensity scores” before and after
CEM. The propensity score is defined as the distance metric
obtained by running a logistic regression with ad blocker adoption
as the dependent variable and all matching variables as independent
variables. Figure 3 shows that CEM balanced the treatment and
control groups by creating a similar empirical distribution of the
matching variables, thereby increasing the common support
(overlap) between the two groups. Figure 3 also shows that CEM

removes the sample’s most likely and least likely ad blocker
adopters. Thus, in effect, we mimic an experimental setting in
which users in the treatment and control group are equally likely
to adopt an ad blocker but decide at random whether to adopt it
or not.

The use of CEM removes the differences in all observed
covariates, and thus any remaining selection bias can only
come from unobservable confounders, which we discuss next.

Difference-in-Differences
Having produced our matched treatment and control samples,
we subsequently apply DiD with individual-level fixed
effects. This approach eliminates all variation in news con-
sumption caused by time-invariant unobserved heterogeneity
between individuals (e.g., differences in education or

Figure 3. Distribution of propensity score in matched and raw samples.
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preference toward news or ads). In addition, DiD removes any
bias due to time trends that are common to both groups (e.g.,
resulting from seasonality or news shocks) by taking the differ-
ence once again across groups.

Specifically, we estimate the following DiD model:

Yit = αi + δt + β1
× Iit1(within 1 week after Treatmentit)+ β2
× Iit2(remaining weeks since Treatmentit)+ εit. (1)

In this model, Yit is the dependent variable, one of the news
consumption measures listed in Table 1, for user i in Week
t; αi is a user fixed effect, controlling for time-invariant differ-
ences across users, such as education or tastes toward news; δt
is a week fixed effect, controlling for common trends or changes
over time that affect all users equally, such as breaking news;
Iit1 is an indicator variable that is equal to 1 if the observation
for individual i in Week t is within one week after the treatment
(so that this binary variable is 1 in the treatment week and in the
following week); Iit2 is an indicator variable that is equal to 1 if
the observation of individual i in Week t is more than one week
after treatment (so that this binary variable is 1 from Week 2 to
Week 5 after adoption); β1 captures the effect for the treatment
week (the adoption week and one week after adoption); β2 cap-
tures the effect for the remaining weeks (Week 2 to Week 5
after adoption); and εit is the standard error clustered at the
user level.

Our identification strategy builds on the changes in news
consumption after treatment (in our primary analysis, adopting
an ad blocker). Crucial for this identification is that all con-
founders are either controlled for or quasi-random; that is,
any unobserved time-varying confounders follow parallel
trends in the pretreatment periods. In Web Appendix F, we
use placebo treatments to formally test this identification condi-
tion. The results show that this identification assumption holds
for all dependent variables.

Results

Main Effects on Quantity and Variety of News
Consumption
Recall that our analyses focus on two main measures of interest:
(1) the number of article views, indicating the quantity of news
consumption; and (2) breadth (the number of news categories to
which viewed articles correspond), reflecting the variety of
news consumption. Table 4 reports the results for these mea-
sures, for our primary analysis and for our two robustness anal-
yses with alternative treatment and control group designs. The
dependent variables are the natural logarithms of news con-
sumption measures (with 1 added to avoid zero values). Thus,
a simple transformation of βi in the regression model
(Equation 1) can be locally approximated as a percentage
change in news consumption: exp (β1)− 1 reports the effect
during the week of treatment and the following week (referred
to as a “one-week effect”), and exp (β2)− 1 reports a five-week

effect. However, because we add 1 to the dependent variable,
and our dependent variable Y is rather small, the percentage
increase is constantly underestimated by (1− Y

Y+1)%. We
correct for this underestimation at the median value of the
dependent variables (which we report in Table 1) by multiply-
ing our percentage increase by Y+1

Y . We checked the robustness
of the results regarding the decisions to use a log-transformation
and to add 1 to the dependent variable (see Web Appendix G).
The results remain consistent.

Our primary analysis used ad blocker adopters as a treatment
group and ad blocker nonadopters as a control group. We find a
significant and consistent positive effect of ad blocker adoption
on news consumption quantity and variety. Regarding quantity
(see Table 4), ad blocker adoption increases the number
of article views by 21.0% (calculated as (exp(.155) – 1) ×
1.250) at the median (4),3 over the five weeks after adoption.
The increase is larger during the weeks of and immediately fol-
lowing treatment: 43.2% at the median. Regarding the variety
of news consumption, ad blocker adoption increases breadth
by 13.4% at the median (3) over five weeks, with a one-week
increase of 29.1% at the median.

Our second analysis compared early adopters (treatment
group) who adopted an ad blocker in Week 12 with late adopt-
ers (control group) who adopted in Week 14. The results of this
analysis were consistent with those of our primary analysis. In
our second analysis, β1 measured the effect of ad blocker adop-
tion on news consumption in weeks in which early adopters had
already adopted an ad blocker while late adopters had not (i.e.,
Week 12 and Week 13). Then, β2 measured the effect of early
adoption on news consumption over the five weeks after treat-
ment (i.e., Week 12 to Week 16). Notably, we did not expect to
find a five-week effect as in the previous analysis because the
control group adopted an ad blocker only two weeks after the
treatment group’s adoption.

In line with our expectations, we find a positive and signifi-
cant effect during Week 12 and Week 13, and we do not find
any significant effect over five weeks. Specifically, early adopt-
ers increased their news consumption quantity by 47.5% and
their consumption variety by 30.6% (both at the median)
during Weeks 12 and 13. These estimates are numerically
similar to those of our previous analysis, because they are
within the standard error obtained in that analysis.

In our third and last complementary analysis, the treatment
group comprised users who used ad blockers during Weeks 10
and 11 and subsequently abandoned them. The control group
comprised users who used ad blockers throughout Weeks 10–
16. The results of this analysis lend further robustness to our find-
ings. Specifically, we find that users who abandoned ad blockers
decreased their quantity of news consumption by 25.7% and the
variety of their news consumption by 16.8% (both at the median
within 1 week of abandonment). These results align with the

3 We derive 1.250 from the median value (4) of article views (see Table 1, Panel
A) following the correction for underestimation Y+1

Y . We derive all the following
lift estimates in the same way and omit the equation for brevity.
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results of the previous two analyses in terms of sign, but not in
terms of significance level. One reason is that the CEM matching
process drops many observations. Indeed, in Web Appendix H
(Table W20), we present a robustness check without matching,
in which we find that ad blocker abandoners significantly
decrease their news consumption over five weeks.

Taken together, the findings of these three analyses support
the positive effect of ad blocker adoption on both the quantity
and the variety of news consumption. For clarity of presenta-
tion, in all subsequent subsections, we only report the results
of our primary analysis, with ad blocker adopters as the treat-
ment group and nonadopters as the control group. The results
obtained with our alternative treatment definitions (early adop-
tion of ad blockers or ad blocker abandonment) remain substan-
tively the same; we report them in Web Appendix H.

Within-Visit Effects: Exploring a Cognitive Mechanism
Previous studies have shown that ads have a cognitive impact
on consumers, regardless of whether consumers pay attention
to them (Vakratsas and Ambler 1999). The reason is that the
human brain processes information both consciously and sub-
consciously (Kahneman 1973). Such cognitive effects may
explain the increases we observe in news consumption after
adoption of an ad blocker (e.g., Table 4). In particular, by reduc-
ing users’ exposure to ads, ad blockers may free up cognitive
resources that enable users to read more articles. If this explana-
tion holds, then we should expect to observe postadoption
increases in news consumption within individual visits. This
expectation is grounded in the fact that the working memory
is a key cognitive system for processing information, and this
system functions in the short term (Baddeley 1992). Given
that a visit is, by definition, a short-term period of engagement
with the site, we expect changes in the availability of working
memory to manifest in behavioral changes on the visit level.

Panel A of Table 5 shows that, following ad blocker adoption,
the number of article views per visit increased by only 13.9% (at
the median within one week), much less than the one-week

increase of 43.2% of total article views (as reported in
Table 4). The median number of other page views (e.g., home
page views) per visit also only increased by 7.7%. These findings
suggest that the increases we observed in news consumption are
not attributable, to a substantial degree, to postadoption increases
in the availability of cognitive resources.

To further explore how ad blocker adoption might have influ-
enced the availability of users’ cognitive resources, we considered
several additional within-visit measures of news consumption.
First, we examined the possibility that ad blocker adoption
enabled users to read longer or more complex articles. To this
end, we scraped the titles (headlines) of all the articles that
users clicked on and analyzed the length of these titles (by mea-
suring the number of words). We assume that, for users, the titles
serve as indicators of the expected length and complexity of the
respective news articles. We find that the total title length
across all news articles read in each visit increased by 18.6%
(at the median within one week), whereas the title length per
news article did not increase significantly.

In addition, we checked the effect of ad blocker adoption on
time spent on the website per visit, which is an engagement
metric commonly known in the industry as dwell time. We find
that the median time spent per visit increased by 47.4% over
one week and by 24.3% over five weeks after ad blocker adoption.
This result suggests that ad blocker adoption might have enabled
users to devote more attention to the articles they read, even
though they did not read more news articles within each visit.

Effects Across Visits: Exploring a Learning Mechanism
The results in the previous subsection provide preliminary evi-
dence that ad blocker adoption elicited cognitive effects among
users. Yet, these effects explain only a small part of the increase
in news consumption quantity after ad blocker adoption.
Accordingly, an increase in the number of visits to the
website must be the primary driver of the increase in the
number of articles read. Indeed, we find that ad blocker adop-
tion results in both a one-week increase and a five-week

Table 4. Treatment Effect on Article Views and Breadth.

Ad Blocker Adoption Ad Blocker Early Adoption Ad Blocker Abandonment

Article Views Breadth Article Views Breadth Article Views Breadth

β1 .297*** .198*** .322* .207* −.230 −.135
(.038) (.027) (.127) (.082) (.119) (.082)

β2 .155** .096** −.010 .019 .109 .067

(.049) (.036) (.133) (.086) (.154) (.101)

N 9,370 9,370 1,423 1,423 1,009 1,009

R2 .503 .491 .462 .423 .560 .550

*p < .05.

**p < .01.

***p < .001.

Notes: In this table, β1 represents the one-week effect and β2 represents the five-week effect. Each column refers to a separate regression of the following model:

log (Yit + 1) = αi + δt + β1 × Iit1(within 1 week after Treatmentit)+ β2 × Iit2(remaining weeks since Treatmentit)+ εit on a matched sample centered around

five weeks (at maximum) before and after treatment starts in Week 12. Web Appendix I reports robustness on observations with imputed zero-visit weeks. R2

computation includes the explanatory power of the fixed effects. Standard errors clustered at the user level appear in parentheses.
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increase in website visits (see the “Visits” column in Panel B of
Table 5). These effect sizes are comparable to the sizes of the
effects of the treatment on article views (Table 4), which
further supports the robustness of our main result.

Learning, the process of acquiring knowledge and experi-
ence about a product, provides an intuitive explanation for the
increasing number of visits (Johnson, Bellman, and Lohse
2003). In particular, the usage of ad blockers may have affected
users’ experience of the site (e.g., by enhancing their enjoy-
ment), thereby encouraging them to visit it more frequently.

Hoch and Deighton (1989) suggest that learning involves
actively seeking experience with a product. To explore
whether users engaged in an active information-seeking
process, we separately analyzed visits to the news website
according to the referral sources from which the visits origi-
nated. Specifically, users could visit the news website directly
(e.g., by using a bookmark or typing the URL in the navigation
bar) or through an alternative referral source, such as a social
media website (e.g., Facebook), a search engine (primarily
Google), or an email newsletter from the newspaper publisher.
As shown in Table 5, we find that the postadoption increase in
article views is driven by an increase in users’ tendency to visit
the news website directly, indicating an active seeking process.
Notably, our observation of an active information-seeking
process can also explain the observed increase in the variety
of news consumption. Users might have actively sought to
experience more aspects of the news website, leading them to
explore additional news categories.

The results of our within-visit and across-visit analyses
enable us to conjecture regarding the mechanisms underlying
the observed effects of ad blocker adoption on the quantity
and variety of news consumption. Specifically, these effects
are more consistent with consumer learning processes than
with enhanced availability of cognitive resources due to reduc-
tion of ad exposure. We emphasize, however, that because of
the nature of our data, our evidence regarding the underlying
mechanism is only suggestive. For instance, it is challenging
to use observational data to distinguish learning processes
from other positive state-dependent phenomena such as habit
formation. Users who enjoy the website experience when
using an ad blocker can also develop habits associated with
the website. Such habits might last even longer than our obser-
vation period and represent an actual long-term effect, particu-
larly given the inherently recurring nature of news consumption
(DeFleur and Ball-Rokeach 1989). Conclusively isolating the
mechanism (or mechanisms) underlying the behavioral effects
we have observed is beyond the scope of this paper and consti-
tutes an intriguing avenue for future research.

Heterogeneous Treatment Effects Across Users with
Different Characteristics
To obtain a more detailed understanding of the effects
observed, we reran our analyses (Equation 1) while distinguish-
ing among users according to specific characteristics of interest.

Table 5. Treatment Effects on Within- and Across-Visit Measurements.

A: Effects Within a Visit (Compatible with a Cognitive Mechanism)

Article Views per Visit Other Page Views per Visit Title Length per Visit Title Length per Article Time per Visit

β1 .067*** .047** .146*** .018 .387***

(.017) (.017) (.034) (.013) (.077)

β2 .029 .024 .055 −.012 .217*

(.021) (.021) (.044) (.018) (.109)

N 9,370 9,370 9,370 8,037 9,370

R2 .451 .464 .436 .305 .358

B: Effects Across Visits (Compatible with a Learning Mechanism)

Visits Direct Visits Social Media Visits Search Engine Visits Newsletter Visits

β1 .209*** .208*** −.004 .039* .001

(.025) (.027) (.008) (.017) (.001)

β2 .118*** .112** .008 .036 −.000
(.033) (.035) (.012) (.021) (.001)

N 9,370 9,370 9,370 9,370 9,370

R2 .627 .662 .567 .551 .167

*p < .05.

**p < .01.

***p < .001.

Notes: β1 represents the one-week effect, and β2 represents the five-week effect. Each column refers to a separate regression of the following model: log (Yit + 1) =
αi + δt + β1 × Iit1(within 1 week after Treatmentit)+ β2 × Iit2(remaining weeks since Treatmentit)+ εit on a matched sample centered around five weeks (at

maximum) before and after treatment starts in Week 12. R2 computation includes the explanatory power of the fixed effects. Standard errors clustered at the user

level appear in parentheses. Under the Bonferroni correction of p-values, article views per visit, title length per visit, time per visit, visits, and direct visits stay

significant (p < .001).
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Specifically, we focused on the number of browsers used to
access the website and the frequency of website usage before
treatment. Table 6 presents the results.

Single- versus multiple-browser usage. In 2015, very few brows-
ers blocked advertising by default. Instead, users had to
install ad blockers in their browsers, and, when using mul-
tiple browsers (on a single device or across multiple
devices), a user had to install an ad blocker on each
browser. In addition, not all browsers enabled an ad block-
ing feature; for example, ad blocking was not feasible in the
Apple mobile browser before September 2015, when iOS 9
launched.

In the analyses described previously, we identified ad
blocker adopters according to whether they exhibited any ad
blocker usage, meaning that we considered every user who
blocked at least one ad. However, ad blocker usage does not
necessarily imply a total absence of exposure to ads. In partic-
ular, an individual who uses multiple browsers might block ads
on one browser yet view them on another. Accordingly, we
might expect the effect of ad blocker adoption to be weaker
among users of multiple browsers than among users who use
a single (ad-blocking) browser. Our data set enables us to
explore this idea, as it reveals which browser each user used
to access the website.

We reran our analyses, distinguishing between users who
used multiple browsers (N= 717) and those who did not (N=
605). As shown in Panel A of Table 6, we found that ad
blocker adoption had a larger effect on news consumption (in
terms of both quantity and variety) for single-browser users
than for multiple-browser users.

We further used these data to explore whether, among users
of multiple browsers, ad blocker adoption led to substitution
effects across browsers. Specifically, it is possible that users
of multiple browsers might have diminished their news con-
sumption on non-ad-blocking browsers and instead consumed
more news on ad-blocking browsers. To examine this possibil-
ity, we leveraged the fact that ad blocking was not possible on
older versions of Apple’s mobile browser Safari (versions iOS 8
and older). In the presence of substitution effects, we would
expect users who adopted ad blockers (on other browsers) to
subsequently decrease their news consumption on older ver-
sions of Safari.

We reran the regression in Equation 1 with the dependent
variables being article views and breadth on mobile Safari
iOS 8 or below. The results are shown in the last two
columns of Panel A in Table 6. In the presence of substitution
effects (as defined previously), we would expect ad blocker
adoption to have statistically significant negative effects on
our dependent variables. Instead, the coefficients of interest

Table 6. Heterogeneous Treatment Effects Across Users with Different Characteristics.

A: Single-Browser Users, Multiple-Browser Users, and Effect on Browsers Without Ad Blocker

Single-Browser Users Multiple-Browser Users
Browsers Without Ad Blocker

(iOS 8 or Below)

Article Views Breadth Article Views Breadth Article Views Breadth

β1 .341*** .219*** .269*** .181*** .057*** .035**

(.065) (.046) (.048) (.034) (.016) (.011)

β2 .160* .091 .144* .090 .038* .023

(.076) (.054) (.064) (.047) (.019) (.013)

N 3,504 3,504 5,866 5,866 9,370 9,370

R2 .562 .564 .452 .427 .671 .680

B: Light Users Versus Heavy Users

Light Users Heavy Users

Article Views Breadth Article Views Breadth

β1 .333*** .211*** .262*** .183***

(.056) (.040) (.052) (.037)

β2 .193** .135** .126 .066

(.064) (.048) (.071) (.051)

N 4,684 4,684 4,686 4,686

R2 .434 .432 .445 .404

*p < .05.

**p < .01.

***p < .001.

Notes: Each column refers to a separate regression of the following model: log (Yit + 1) = αi + δt + β1 × Iit1(within 1 week after Treatmentit)+ β2 ×
Iit2(remaining weeks since Treatmentit)+ εit on the matched subsample. Single-browser users are registered users who keep using the same browser to visit the

website. Light users are registered users who visit the website less than the median in the pretreatment period. Computation of R2 includes the explanatory power

of the fixed effects. Standard errors clustered at the user level appear in parentheses.
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are positive for both article views and breadth on
non-ad-blocking browsers (mobile Safari iOS 8 or below).
These effects are much smaller in economic magnitude than
the effects identified in our main analysis. Nevertheless, these
findings are inconsistent with substitution effects. Rather,
they suggest that the positive effects of ad blocker adoption
on news consumption carry over to non-ad-blocking browsers.
That is, after adopting an ad blocker on one browser, multiple-
browser users increase their news consumption not only on that
browser but also on non-ad-blocking browsers.

Usage frequency. We examined whether the effects of ad
blocker adoption on the quantity and variety of news consump-
tion differ across users with different levels of prior experience
with the website. Previous studies have found that heavy users
of a particular platform are more likely than light users to
engage in information- and variety-seeking behavior on that
platform (Assael 2005; Gu et al. 2021). However, it is also
more difficult for heavy users to increase their time on the plat-
form even further. We reran the regression in Equation 1 sepa-
rately for light users and for heavy users, defined, respectively,
as users whose frequency of visiting the website was below or
above the median in the pretreatment period. As shown in Panel
B of Table 6, for light users, the effects of ad blocker adoption
on the quantity and variety of news consumption were signifi-
cant within one week and five weeks after treatment. For
heavy users, however, the effects were only significant within
one week after treatment. These results are consistent with a
potential learning mechanism: Users who have less prior expe-
rience with the website are more strongly affected. Note that all
users in our analysis had registered with the website, suggesting
some level of commitment and perhaps a tendency for heavier
usage compared with nonregistered users.

Summary and Conclusion
We used data from 3.1 million pseudonymized visits from
79,856 users on a news website to show that ad blocker adop-
tion increases both the quantity (number of article views) by
21.0% to 43.2% and the variety (number of news categories)
by 13.4% to 29.1% at the median, indicating that users read
one to two more news articles per week and one more news cat-
egory in total after adopting ad blockers. These increases are
even stronger for less-experienced users of the website.
Subsequent analyses revealed that the postadoption increase
in the quantity of news consumption was driven by users visit-
ing the news site more frequently, rather than by an increase in
the number of articles read per visit. Furthermore, ad blocker
adopters do not substitute their news consumption on browsers
without an ad blocker. Instead, ad blocker adopters increase
their news consumption on browsers without an ad blocker,
though in much smaller magnitude.

A key contribution of this study is in providing empirical
evidence regarding the relationship between ad blocker adop-
tion and news consumption. Yet, our findings also offer
broader practical insight.

First, the enhanced engagement of ad blocker users could
translate into subscription revenues, which news publishers
increasingly rely on. Indeed, publishers acknowledge that ad
blocker users are more willing than nonusers to pay for
certain kinds of subscriptions (Yeon 2020). This idea is
further supported by subsequent aggregate data that we
obtained from the news website, covering several years after
our observation period and not included in our previous empir-
ical analysis. The publisher introduced a paywall after our
observation period. The paywall offered different subscription
plans but still showed ads to all users independent of their sub-
scription status. A year and a half after the introduction of the
paywall, the subscription rate of ad blocker users was 30.13%
higher than the subscription rate of nonusers of ad blockers.
The potential of ad blocker users to contribute to subscription
revenue is further supported by our finding that ad blocker
adoption had a stronger effect on the news consumption of
lighter users. This result suggests that ad blockers can
“convert” light users into heavy users—who, in turn, are
more likely to subscribe than light users (Anderson et al. 2020).

Publishers might also be able to enhance their revenue by
focusing on the differences between ad blocker adopters and
nonadopters, in terms of demographic characteristics and
other traits. Our demographic analysis of the adoption decision
(see Web Appendix E) showed that female and high-income
users were less likely to adopt ad blockers compared with
male and low-income users. Thus, the users who remained
exposed to advertising on the website had a more valuable
demographic profile compared with ad blocker adopters
(Lambrecht and Tucker 2019). Publishers might exploit such
differences, coupled with the fact that individuals who do not
adopt ad blockers are likely to be more willing than adopters
to endure exposure to ads. For example, a publisher could
focus on selling subscriptions to ad blocker users and increase
ad intensity for nonusers of ad blockers. In doing so, it might
achieve higher returns in revenue (Despotakis, Ravi, and
Srinivasan 2021).

Another implication of our findings is that news providers
who rely on online subscription models should reconsider the
current practice of displaying ads even to users who pay for sub-
scriptions. Most subscription-based news websites offer two ver-
sions: a free version and a paid version. The free version comes
with some restrictions; for example, nonpaying users can access
only a subset of the content of the paid version or only a limited
number of articles, whereas paying users have unlimited access.
However, it is common to expose both sets of users to advertising
(Lindsay 2018), despite the fact that users claim that ads interrupt
the web browsing experience, slow it down, and intrude on their
privacy (Sołtysik-Piorunkiewicz, Strzelecki, and Abramek
2019). Offering a paid but ad-free version of a news website
could provide a subscription incentive for loyal users who wish
to support the site but do not wish to endure exposure to ads
(Appel et al. 2020; Westcott et al. 2019).

One limitation of our study is the short observation period,
especially compared with the work of Shiller, Waldfogel, and
Ryan (2018), whose data covered three years. Their study
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found that ad blocker usage was associated with a decrease in
publishers’ traffic. Yet, we suggest that the length of the obser-
vation period is unlikely to explain the contrast between those
results and our own findings regarding the positive effects of
ad blocker adoption on content (news) consumption. As
noted previously, we managed to obtain longer-term aggregate-
level data from the news publisher, which tracked the develop-
ment of the size of the online audience. These data reveal that
the number of unique users per month—a key advertising-
relevant metric that publishers communicate to advertisers—
increased by 173% from 2015 to 2020. Various factors could
have contributed to this increase in audience size. For
example, the publisher introduced a paywall after our observa-
tion window; introduced new journalistic products, especially
for younger target groups; and started to target readers in
other countries within the same linguistic area.

Another limitation of our study is that our observations were
local to a single news website, and we could not observe news
consumption across multiple news publishers. Accordingly, our
results may not generalize to all online news platforms, given
that the impact of ad blocker adoption may differ across web-
sites with different amounts of advertising and that user switch-
ing between news websites might introduce a substitution
effect. Specifically, after adopting an ad blocker, a user might
gravitate more to news websites that display more ads (which
the user no longer needs to endure) and diminish news con-
sumption on websites with fewer ads. We examine the direction
of potential substitution effects across news websites, if they
existed. In Web Appendix A, we show that if there was a
bias from users switching news websites, then we are likely
to have erred on the conservative side. Future research could
investigate the effects of ad blocker adoption on aggregate
news consumption across websites and how competition
between websites plays out.
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