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Abstract. Digital advertising is on track to become the dominant form of advertising, but
ad-blocking technologies have recently emerged, posing a potential threat to the online advertising ecosystem. A signiﬁcant and increasing fraction of internet users has indeed already started employing ad-blockers. However, surprisingly little is known yet about the
effects of ad-blockers on consumers. This paper investigates the impact of ad-blockers on
online search and purchasing behaviors by empirically analyzing a consumer-level panel
data set. Interestingly, the analyses reveal that ad-blockers have a signiﬁcant effect on online purchasing behavior: online consumer spending decreases due to ad-blockers by approximately $14.2 billion per year in total. In examining the underlying mechanism of the
ad-blocker effects, I ﬁnd that ad-blockers signiﬁcantly decrease spending for brands that
consumers have not experienced before, partially shifting spending toward brands that
they have experienced in the past. I also ﬁnd that ad-blockers spur additional unintended
consequences, as they reduce consumers’ search activities across information channels.
The ﬁndings remain robust to different identifying assumptions and robustness checks.
The analyses draw timely managerial and policy implications for the digital advertising industry, as well as additional insights into the role of online advertising.
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that more than 615 million internet users utilize
ad-blocking software (O’Reilly 2017).
In light of these trends, marketers need to assess the
potential of ad-blockers to disrupt the digital advertising
ecosystem. Recent academic work has already started to
investigate their effects for online publishers (Shiller et al.
2018). However, extant research has not yet examined
the effects of ad-blockers for other parties of the digital
advertising ecosystem, namely, brands and consumers.
Consequently, despite the potential of ad-blockers to
disrupt digital marketing strategies and alter consumer
behavior, surprisingly little is known to date about the
effects of ad-blockers on online purchasing behavior. As
ad-blocker adoption rates continue to rise, it is essential
to gain a better understanding of the effects of
ad-blockers for brands and consumers and address this
signiﬁcant research gap in the literature. Investigating
such questions will also draw signiﬁcant and timely
managerial implications for the stakeholders of the advertising industry and additional insights for the role of
online advertising.
In this paper, I address this important gap in the literature by investigating the research question of

Digital ad spending is expected to reach $201 billion
by 2023 just in the United States, capturing more than
two-thirds of total advertising spending (Shaban
2019). Not coincidentally, digital advertising often
serves nowadays as the primary marketing communication platform. This shift toward digital advertising
is expected to continue, as consumers spend an increasing amount of time online and advertising platforms continue to innovate in their use of data and
new technologies to improve their effectiveness. Although the projections for the growth of digital advertising are promising, ad-blockers have recently grown
to become an emerging trend in the digital advertising
landscape. Ad-blocking is a digital technology—typically software capability in the form of a free-to-use
third-party internet browser extension—that can prevent advertisements from being displayed on a web
page. Essentially, ad-blockers employ a variety of
techniques, such as content denial and hiding elements, to block advertisements on the web. Recently,
ad-blockers started gaining remarkable popularity
worldwide. Anecdotal evidence shows, for instance,
7
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whether and how ad-blockers affect online consumer
search and purchasing behavior. One could argue that
the adoption of ad-blockers can positively affect consumers’ purchasing behavior. This is because digital advertisements can, for example, obstruct the online experience (Goldfarb and Tucker 2011, Todri et al. 2020),
inadvertently elicit inferences of manipulative intent
(Friestad and Wright 1994), invade users’ privacy and
feel intrusive (Goldfarb and Tucker 2011, Goldfarb
2014), and slow down the browsing speed. Ad-blockers
can alleviate such concerns and enhance purchase intentions (Tucker 2014, Foss and Grant 2016). One could also
argue that ad-blockers may not have an impact on the purchasing behavior of consumers. Research studies have
shown, for instance, that consumers frequently do not
attend to anything that preattentively resembles ads
(Dreze and Hussherr 2003) and that advertising can be
ineffective in driving purchasing behaviors (Tellis and
Weiss 1995, Blake et al. 2015). Interestingly, several
advertisers contend that consumers who install
ad-blockers are not inﬂuenced by digital ads either way
(eMarketer 2019a). If these arguments hold, then
ad-blockers may indeed not impact the consumers’ online purchasing behaviors. Lastly, ad-blockers could negatively affect consumers’ online purchasing behavior.
Advertising can enhance sales; for instance, it can reduce
the cost of information acquisition for consumers—by
directly or indirectly conveying information—and enhance prestige (Nelson 1974, Ackerberg 2001, Ghose
and Todri 2016), but ad-blockers can hinder such effects.
Hence, investigating the ad-blocker effects on online
consumer behavior remains an interesting research
question that is empirical in nature.
Empirical analyses of a web-behavior and ad-blocker
panel data set containing detailed consumer information
reveal that ad-blockers have a statistically and economically signiﬁcant negative effect on both online consumer
purchase and search behaviors. Speciﬁcally, I ﬁnd that
ad-blockers decrease consumers’ online spending by
1.45% on average. Given that about 615 million users
have adopted an ad-blocker (O’Reilly 2017), these estimates suggest that online consumer spending decreases
by approximately $14.2 billion per year in total due to
the adoption of ad-blockers. Interestingly, when examining the underlying mechanism of the ad-blocker effects,
I ﬁnd that the effect is heterogeneous, as ad-blockers disproportionately affect online consumer spending for
some brands. In particular, ad-blockers signiﬁcantly decrease spending for heavy online advertisers as well as
for brands that consumers have not experienced in the
past, partially shifting spending toward brands that consumers have experienced before. Moreover, I ﬁnd that
ad-blockers have additional unintended consequences,
because they signiﬁcantly reduce consumers’ tendency
to engage in search activities across various information
channels, as captured by the search-engine sessions that
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consumers initiate and the visits that they make to
e-commerce websites. These ﬁndings remain robust to
various identiﬁcation strategies, which account for selfselection to treatment, such as instrumental variables
and propensity-score matching, and a variety of robustness checks.
This research contributes to the burgeoning stream
of literature that has started to examine the effects of
ad-blockers. There is a gap in the extant literature, as
current work has focused on the effect of ad-blockers
for website content providers (e.g., publishers). In this
stream of work, Shiller et al. (2018) examine the impact of ad-blockers on the website quality, using sitelevel data. They note that ad-blocking software allows
internet users to obtain information without generating ad revenue for publishers, and this can undermine
investments in content. Their analysis reveals that
sites with a high proportion of ad-blocking visitors experience deterioration in the trafﬁc ranks (a signal of
website content quality). In the context of an advertisement avoidance technology for television advertising, Wilbur (2008) shows that ad-blockers tend to
decrease content provider revenues. Whereas these research questions have continued to garner attention,
due to the scarcity of empirical data, much of the extant literature has relied on developing theoretical
models to study the impact of ad-blockers. For instance, focusing on the publishers’ side again, Anderson and Gans (2011) build an analytical model to
study the impact of the adoption of ad-blockers and
demonstrate that ad-blockers may discourage investment in content quality or skew content toward the
“mass market.” Similarly, several other analytical papers (e.g., Aseri et al. 2019, Gecer et al. 2019, Despotakis et al. 2021) have examined optimal strategies for
content providers and publishers in an effort to mitigate the impact of ad-blockers. To the best of my
knowledge, whereas prior research has examined the
ad-blocker effect for online content providers, this is
the ﬁrst paper to investigate the impact of ad-blockers
for consumers and advertisers.
The ﬁndings have important managerial and policy
implications for the digital advertising ecosystem and
yield insights for the role of online advertising. These
implications are timely, as they can inform the mounting debate over ad-blockers and, importantly, enable
the stakeholders of the digital advertising industry to
assess the overall economic impact of ad-blockers and
potentially negate their adverse effects. For instance,
in showing that ad-blockers have a signiﬁcant effect
on online purchasing and search behavior of consumers, the present work demonstrates that ad-blockers
can have detrimental effects for other parties of the
digital advertising ecosystem as well. Put simply, contrary to the popular belief that publishers alone bear
the ruinous implications of ad-blockers, this research
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shows that there are implications for advertisers and
consumers as well, highlighting the need for a more
holistic strategy to mitigate the adverse consequences
of ad-blockers. Hence, the digital advertising stakeholders may take industry-wide initiatives and engage
publishers, ﬁrms, and consumers to collectively form
policies that delineate what constitutes acceptable advertising practices to tackle the need for ad-blockers.
Such coordination is particularly important, since a
publisher (or advertiser) who engages in questionable
advertising practices contributes to the adoption of
ad-blockers, imposing negative externalities on the rest
of the advertising ecosystem. In addition, although it is
believed that consumers who utilize ad-blockers do not
like ads and are not inﬂuenced by them (eMarketer
2019a), the analyses reveal that ad-blockers do have a
signiﬁcant effect on online consumer spending,
highlighting that the economic impact of ad-blockers is
not conﬁned to the ﬁnancial impact on publishers. Furthermore, when investigating the underlying mechanism of ad-blockers, the analyses reveal that
ad-blockers signiﬁcantly decrease spending for brands
that consumers have not experienced before, partially
shifting spending toward brands that consumers have
experienced in the past. This ﬁnding highlights that, in
an ad-blocking environment, consumers rely more
heavily on their own past experiences with the brands
and, hence, ad-blockers could potentially make the
markets more concentrated. This ﬁnding has also important managerial implications for the businessexpanding efforts of ﬁrms, as it demonstrates that it
might be more challenging to acquire new online customers as ad-blockers continue becoming more mainstream. Lastly, the ﬁnding that ad-blockers have additional unintended consequences reducing consumers’
search activities across various information channels
suggests that advertisers cannot simply rely on organic
channels of conveying information. This ﬁnding also
draws important insights, since it demonstrates that
digital advertising and search are complementary information channels, although they have often been presumed to act as substitutes in providing information to
consumers (Fong 2017).

2. Data and Empirical Methodology
2.1. Web Behavior and Ad-blocker Data Sets
To study the impact of ad-blockers on online consumer behavior, I combine a web-behavior data set with
an ad-blocker data set. Speciﬁcally, the web-behavior
data set is an individual panel data set on consumer
browsing and purchasing behaviors from a highly
reputable and well-established American media measurement and analytics company.1
This panel data set spans a multiyear period, from
January 2015 to December 2018, and entails the online

9
web-wide visitation behaviors, transaction behaviors,
and demographics for a large sample of U.S. internet
users. Thanks to the data partner’s data-collection efforts, this panel provides a representative sample of
online users that has been utilized in multiple academic publications by various researchers. In particular, the company partners with reputable third-party
application providers who offer a vast variety of free
software, applications, and utilities (e.g., antivirus
software, cloud storage, etc.) to internet users in exchange for their web behaviors to be passively tracked
under a set of shared policy rules; a panelist in the
data set corresponds to a computer, and panel measurement is conducted via a monitoring software that
resides in the panelists’ computer. To ensure the veracity of the data, the majority of the computers in the
panel are single-user computers, and the users are required to identify themselves periodically; in order
for the panel to be representative, multiuser computers are included as well, and, in such cases, the
vendor also automatically identiﬁes the focal user
based on unique user identiﬁers (e.g., email addresses) and proprietary technology.
Overall, I observe 92,529 panelists who have made
at least one online purchase during this multiyear period, while collectively conducting more than 300 million visits. For each one of these online visits, I also
observe detailed information, such as the corresponding website, the referral site (if any), the duration of
the visit, the number of page views visited on the
website, and whether a transaction occurred. If a
transaction took place, then I also have access to the
total basket value of the transaction, the number of
products, and the prices of the corresponding products that were purchased, as well as the product
categories that these products belong to. Hence, the
panel-monitoring software provides a comprehensive
view of the internet activity (the panelist’s web browsing and purchasing behavior) across the web, and it
collects all data in a passive, nonintrusive fashion.
Along with this web-behavior data, I have access to
demographic variables, such as the panelist’s zip
code, her/his income, age, and education level, the
size of the household, and whether the household has
children. The company collects such demographic
data using a variety of methods, including selfreported surveys conducted on an occasional basis.
I augment this web-behavior data set with the
ad-blocker data set from the aforementioned media
measurement and analytics company. In particular,
the proprietary ad-blocker data set provides information on whether and when each panelist has installed
an ad-blocker; the installation of an adblocker, if any,
on a panelist’s computers is recorded by the monitoring software. The matching of the two data sets reveals that approximately 10% of the consumers have
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Table 1. Descriptive Statistics of Variables
Variable
Ad-blocker installed
Visits
Purchases
Domains
Page views
Duration
Products purchased
Purchase spending

Description

Number of observations

Mean

Standard deviation

Whether an ad-blocker has
been installed during this time period
Number of web visits
Number of purchases made
Number of domains visited
Number of pages viewed across web visits
Total time spent online (minutes)
Number of products purchased
Total online spending ($)

5,150,760

0.066

0.248

5,150,760
5,150,760
5,150,760
5,150,760
5,150,760
5,150,760
5,150,760

59.409
0.203
25.632
445.958
566.251
5.350
38.563

185.696
0.818
162.830
1,093.685
1,052.045
8,291.490
13,300.420

Note. Descriptive statistics of variables at the user-week level.

installed an ad-blocking technology at some point
during the observation window.
The descriptive statistics of the main variables of
the data set are reported in Table 1. As shown, consumers spend on average $38.6 per week. For consumers who end up making purchases in a speciﬁc
week, the median spending is $52.5 and the median
number of products purchased is two. Moreover, regarding the browsing behavior of consumers, the consumers spend on average 9.4 hours per week online,
which is similar to what previous research has documented (Wallsten 2015). The data set reveals that consumers visit on average 25.6 distinct domains per
week and make on average 59.4 visits in total per
week. Among the websites that consumers visit, they
visit more frequently search-engine websites, with an
average number of 7.9 visits per week, and they also
frequently visit e-commerce websites, with an average
number of 2.9 visits per week; I identify whether a
website corresponds to a search-engine or an
e-commerce site based on data from the widely used
web analytics company Alexa Internet, Inc.
In addition, I empirically examine whether there
are potentially signiﬁcant differences in characteristics
between users who adopt ad-blockers and users who
do not adopt ad-blockers by conducting normalized
differences tests (Imbens and Rubin 2015), which provide a scale-invariant measure of the size of the difference between the two groups. As shown in Table A.1
of Online Appendix A, I ﬁnd that all the normalized
differences are well below the suggested threshold of
0.25 (Imbens and Wooldridge 2009), indicating that
the groups are not systematically different in observable characteristics. Nonetheless, I have utilized research methods that allow for potential unobserved
time-invariant and time-varying confounders, as described in the next sections.
2.2. Empirical Methodology
I use the web-behavior and ad-blocker data sets to empirically estimate the impact of ad-blockers on
consumers’ purchasing and search behaviors. The

primary identiﬁcation strategy relies mainly on the
panel structure of the data. Speciﬁcally, I use a twoway ﬁxed-effects model to compare differences in the
purchasing behaviors, before versus after the installation of an ad-blocker (i.e., treatment), between panelists who install an ad-blocker and panelists who do
not. This difference-in-differences (DID) approach effectively controls for time-invariant confounds with
ad-blocker adoption using panelist ﬁxed effects, and
common time confounds using time ﬁxed effects. I estimate the following DID panel data model across the
treated and control groups:

p
ηp Xit
Yit  β0 + β1 Treati × Postit +
+


s

γs Usersi +


w

p

δw Weekw
t + λZit + it ,

(1)

where Yit denotes the outcome variable (e.g., the online purchase amount, number of search-engine visits,
etc.) for each individual i at time period (week) t. The
main variable of interest, Treati × Postit , becomes 1
when an individual has installed an ad-blocker and
enters the posttreatment period at week t, and 0 otherwise.2 Hence, the coefﬁcient β1 captures the average
treatment effect of ad-blockers on online consumer bep
havior. The variables Xit are demographic variables to
account for time-varying observed heterogeneity
across panelists.3 The set of dummy variables Usersi
accounts for panelist-speciﬁc ﬁxed effects (Usersi  1
when s  i, and 0 otherwise) to capture unobserved
heterogeneity.4 Importantly, these consumer ﬁxed effects control for treatment self-selection on unobserved time-invariant factors. This is important, as
anecdotal evidence suggests that the decision to adopt
an ad-blocker might be affected by the consumer’s
general tolerance for ads or privacy concerns (eMarketer 2019b), which are captured by consumer ﬁxed effects. The dummy variables Weekw
t account for weekly
1
when
w

t; 0 otherwise). The
ﬁxed effects (Weekw
t
variable Zit accounts for the number of time-paid-off
holidays in each user location during the speciﬁc time
period.5 I estimate Huber-White robust standard
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errors to allow for arbitrary serial correlation of residuals within each individual (Bertrand et al. 2004).
In the DID model, the weekly ﬁxed effects that are
common across consumers implicitly assume that the
treated and untreated consumers follow parallel trends.
In Section 3.3, I exploit the long time series in the panel data and test for parallel trends during the pretreatment period (Angrist and Krueger 1999, Bronnenberg
et al. 2020). The conducted tests support the parallel
trends assumption. Additionally, due to the statistical
power in the study, it is unlikely that any differences
in pretrends would remain undetected if they existed.
This evidence, in conjunction with the individualspeciﬁc ﬁxed effects, which allow for self-selection,
should ensure the consistency of the average treatment effect estimates. Nevertheless, in Section 3.4, I
check the robustness of the estimates using alternative
identiﬁcation strategies that relax the parallel trends assumption (Freyaldenhoven et al. 2019).

3. Results
3.1. Effect of Ad-Blockers on Purchasing
Behavior
Table 2 reports the results of the estimate of the
ad-blocker effect on online spending using the DID
panel data model.6 The coefﬁcient of Treat × Post estimated based on Equation (1) is negative and signiﬁcant, indicating that ad-blockers decrease online spending
of consumers approximately by 1.45% (i.e., exp(−0:0146)).7
This decrease is also economically signiﬁcant, as
ad-blockers collectively lead to a substantial loss of
about $14:2 billion every year, given that about 615
million users have installed an ad-blocker. These results are robust to using alternative outcomes of
purchase behavior, such as purchase frequency. Additionally, as a robustness check, Table A.2 of Online Appendix A also estimates the treatment effect of an
Table 2. Effect of Ad-Blockers on Online Purchase

ad-blocker using only the difference within the treatment group (i.e., before and after the treatment); the
results corroborate the ﬁndings. Additional robustness
checks and alternative identiﬁcation strategies are discussed in Section 3.4.
3.1.1. Heterogeneity of Ad-Blocker Effect: Heavy vs.
Light Online Advertisers. To assess the underlying

mechanism of the ad-blocker effect, I empirically examine whether ad-blockers have a differential impact
for heavy vs. light online advertisers. To do so, I acquired advertising expenditure data from the ad intelligence company Kantar Media. The Kantar Media’s
Stradegy advertising spending data set provides access to advertising expenditures in dollar amounts for
online advertising (e.g., display advertising, video advertising, etc.) for the brands advertising in the United
States; I have access to such data at the brand-week
level during our observation period. Hence, I estimate
the same model as before but separate consumer
spending to heavy and light online advertisers. That
is, the level of analysis and all the control variables remain the same, while the dependent variable is
changed to capture the aforementioned purchasing
behaviors accordingly. Tables 3 and 4 present the
ad-blocker heterogeneous effect for heavy and light
online advertisers, respectively. As shown in these tables, the coefﬁcient of Treat × Post is negative and signiﬁcant for the spending of consumers on brands that
heavily advertise online, corresponding to an online
purchase spending decrease of 1.38%; the effect is negative, albeit nonsigniﬁcant and quite smaller, for light
online advertisers. Thus, I ﬁnd that the ad-blocker effect
is more prominent and signiﬁcant for heavy online advertisers compared with light online advertisers. In other
words, blocking the online advertisements seems to
Table 3. Effect of Ad-Blockers on Online Purchase

Spending for Heavy Online Advertisers

Spending

Treat × Post

Model 1

Model 2

Model 3

−0.0144**
(0.0047)

0.2128***
(0.0086)



−0.0144**
(0.0047)
−0.0001
(0.0033)
0.2130***
(0.0101)



−7,311,635.42
0.156

−7,311,635.41
0.156

−0.0146**
(0.0047)
−0.0002
(0.0033)
0.1881***
(0.0168)



−7,309,225.84
0.156

Holidays
Constant
Individual FE
Week FE
Demographic FE
Log-likelihood
R2

Notes. Difference-in-differences panel data regression results. The
demographic ﬁxed effects (FEs) include ﬁxed effects for income
groups, level of education groups, age groups, and household size.
**p < 0.01; ***p < 0.001.

Treat × Post

Model 1

Model 2

Model 3

−0.0134**
(0.0046)

0.1926***
(0.0081)



−0.0134**
(0.0046)
−0.0022
(0.0032)
0.1961***
(0.0096)



−7,232,317.19
0.152

−7,232,316.95
0.152

−0.0138**
(0.0046)
−0.0023
(0.0032)
0.1816***
(0.0164)



−7,229,919.10
0.152

Holidays
Constant
Individual FE
Week FE
Demographic FE
Log-likelihood
R2

Notes. Difference-in-differences panel data regression results for
heavy online advertisers (i.e., brands with advertising spending
higher than the median). The demographic ﬁxed effects (FEs) include
ﬁxed effects for income groups, level of education groups, age
groups, and household size.
**p < 0.01; ***p < 0.001.
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Table 4. Effect of Ad-Blockers on Online Purchase
Spending for Light Online Advertisers
Model 1
Treat × Post

Individual FE
Week FE
Demographic FE
Log-likelihood
R2

Spending (Brands Consumers Have Not Experienced)

Model 2

Model 3

0.0517***
(0.0043)



−0.0014
(0.0010)
0.0025**
(0.0008)
0.0478***
(0.0045)



−782,633.35
0.119

−782,628.51
0.119

−0.0013
(0.0010)
0.0025**
(0.0008)
0.0343***
(0.0054)



−783,109.60
0.119

−0.0014
(0.0010)

Holidays
Constant

Table 5. Effect of Ad-Blockers on Online Purchase

Treat × Post

Model 1

Model 2

Model 3

−0.0522***
(0.0034)

0.1040***
(0.0052)



−0.0522***
(0.0034)
0.0088***
(0.0024)
0.0904***
(0.0064)



−5,862,458.46
0.040

−5,862,451.93
0.040

−0.0508***
(0.0034)
0.0086***
(0.0024)
0.0267***
(0.0113)



−5,860,458.10
0.040

Holidays
Constant
Individual FE
Week FE
Demographic FE
Log-likelihood
R2

Notes. Difference-in-differences panel data regression results for light
online advertisers (i.e., brands with advertising spending lower than
the median). The demographic ﬁxed effects (FEs) include ﬁxed effects
for income groups, level of education groups, age groups, and
household size.
**p < 0.01; ***p < 0.001.

Notes. Difference-in-differences panel data regression results for
consumer spending on brands consumers have not experienced in
the past. The demographic ﬁxed effects (FEs) include ﬁxed effects for
income groups, level of education groups, age groups, and household
size.
***p < 0.001.

have a disproportionately larger impact on the sales
of heavy online advertisers compared with the sales
of light online advertisers, further validating the main
ﬁndings discussed earlier. These results remain robust
under alternative model speciﬁcations, as shown in
Tables A.3 and A.4 of Online Appendix A.

brands. That is, consumers rely more heavily on their
own past experiences with brands when making purchase decisions. These results remain robust under alternative model speciﬁcations, as shown in Tables A.5
and A.6 of Online Appendix A.

3.1.2. Heterogeneity of the Ad-Blocker Effect: Brand
Experience. Next, to further investigate the underly-

ing mechanism of the ad-blocker effect, I empirically
examine whether ad-blockers have a differential impact on online consumer spending for brands that
consumers have experienced in the past versus brands
that consumers have not experienced before, as captured by the consumers’ purchasing history. Table 5
reports the results of the estimate of the impact of the
ad-blocker effect on online consumer purchase spending for brands that consumers have not experienced
in the past, and Table 6 reports the corresponding results for brands that consumers have experienced before. For consistency, the level of analysis and all the
control variables remain the same as before, although
the dependent variable is changed to capture the
aforementioned purchasing behaviors accordingly. Interestingly, as shown in these tables, the coefﬁcient of
Treat × Post is negative and signiﬁcant for online
spending for brands that consumers have not experienced in the past, whereas it is positive and signiﬁcant
for online spending for brands that they have experienced before. This ﬁnding demonstrates that while
ad-blockers, on average, decrease consumers’ online
spending, they have asymmetric results for brands
based on consumers’ past experience with those
brands. In particular, ad-blockers signiﬁcantly decrease
spending for unfamiliar-to-the-consumer brands and partially shift spending toward familiar-to-the-consumer

3.2. Effect of Ad-Blockers on Search Behavior
To gain a richer understanding on the effects, I also
empirically investigate whether in an ad-blocking environment consumers increasingly utilize alternative
information channels, such as search-engine or website visits, or whether they use such alternative
information channels less frequently because of the
potential negative downstream effects of ad-blockers
across the purchase funnel (Hoban and Bucklin 2015,
Todri et al. 2020). Table 7 reports the results of the
Table 6. Effect of Ad-Blockers on Online Purchase Spend-

ing (Brands Consumers Have Experienced)

Treat × Post

Model 1

Model 2

Model 3

0.0355***
(0.0036)

0.1224***
(0.0072)



0.0355***
(0.0036)
−0.0078**
(0.0025)
0.1346***
(0.0083)



−6,079,753.48
0.198

−6,079,748.71
0.198

0.0339***
(0.0036)
−0.0077**
(0.0025)
0.1651***
(0.0135)



−6,077,729.77
0.198

Holidays
Constant
Individual FE
Week FE
Demographic FE
Log-likelihood
R2

Notes. Difference-in-differences panel data regression results for
consumer spending on brands consumers have experienced in the
past. The demographic ﬁxed effects (FEs) include ﬁxed effects for
income groups, level of education groups, age groups, and household
size.
**p < 0.01; ***p < 0.001.
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Table 7. Effect of Ad-Blockers on Search Behavior (Search
Engine Visits)
Model 1
Treat × Post

−0.0591***
(0.0135)

Model 2

Model 3

−0.0591***
(0.0135)
0.0069*
(0.0028)



−0.0581***
(0.0136)
Holidays
0.0067*
(0.0028)
Individual FE


Week FE


Demographic FE

Log-pseudolikelihood −18,469,060.00 −18,469,037.00 −18,461,548.00
Wald χ2
28,138.49
28,658.31
28,675.74

Notes. Poisson ﬁxed-effects speciﬁcation. The demographic ﬁxed
effects (FEs) include ﬁxed effects for income groups, level of
education groups, age groups, and household size.
*p < 0.05; ***p < 0.001.

estimate of the ad-blocker effect on search-engine visits. I use a Poisson ﬁxed-effects model as the dependent variable is a count number.8 Interestingly, the
coefﬁcient of Treat × Post is negative and signiﬁcant,
indicating that ad-blockers signiﬁcantly reduce the
search activities of consumers, as captured by the
search sessions that consumers initiate on search engines. In particular, the analysis reveals that ad-blockers
reduce search-engine sessions by 5.6%. Additionally,
since consumers more frequently collect additional information via website visits as they progress through
the purchase funnel (Moe 2003), I also examine the impact of ad-blockers on e-commerce website visits.
Table 8 reports the results of the estimate of the
ad-blocker effect on website visits. The coefﬁcient of
Treat × Post is again negative and signiﬁcant, indicating that ad-blockers signiﬁcantly reduce the information
acquisition activities of consumers. Speciﬁcally, I ﬁnd
that ad-blockers reduce shopping website visits by 5.5%.
These ﬁndings remain robust when I also control for
consumer’s overall amount of internet usage, as shown
in Tables B.1 and B.2 of Online Appendix B. It should
also be noted that any potential anti-ad-blocker
Table 8. Effect of Ad-Blockers on Search Behavior

(E-Commerce Web Visits)
Model 1
Treat × Post

−0.0571***
(0.0163)

strategies cannot possibly drive the aforementioned
ﬁndings, since, due to their core business models,
e-commerce retailers and search-engine providers are
not likely to block ad-blocker adopters (Nithyanand
et al. 2016).
3.3. Examining the Validity of the Main
Identification Strategy
The employed DID panel data estimator exhibits great
strengths for estimating the average treatment effect,
as it allows for self-selection on unobserved timeinvariant factors. The consistency of the employed
DID panel data estimator, however, relies on the implicit assumption that the pretreatment trends are
common across treated and untreated individuals,
typically known as parallel trends. Hence, I follow the
widely adopted approach of Angrist and Krueger
(1999) and Bronnenberg et al. (2020) that exploits the
long time series in the panel data to formally test for
the parallel trends assumption during the pretreatment period. As shown in Table 9, the deviation from
the common trend for the treatment group is very
small (–0.0001) and not statistically signiﬁcant, further
conﬁrming the validity of the DID identiﬁcation strategy. I
reach the same conclusion for all the dependent variables of the study, as shown in Tables C.1 and C.2 of
Online Appendix C. In other words, the conducted
tests support the assumption of parallel trends, and,
due to the statistical power of the study, it is also unlikely that such pretrends would remain undetected if
they existed. This evidence, in conjunction with the
individual-speciﬁc ﬁxed effects, should ensure the
consistency of the average treatment effect estimates.
This conclusion is also supported by the normalized
differences tests discussed in Section 2.1. Besides, I
also conﬁrm that the parallel trends assumption is
Table 9. Parallel Trends

Trend
Trend × Treatment

Model 2

Model 3

−0.0572***
(0.0163)
0.0219***
(0.0047)



−0.0565***
(0.0163)
Holidays
0.0219***
(0.0047)
Individual FE


Week FE


Demographic FE

Log-pseudolikelihood −11,449,978.00 −11,449,885.00 −11,446,329.00
Wald χ2
14,540.46
14,659.39
14,735.28

Notes. Poisson ﬁxed-effects speciﬁcation. The demographic ﬁxed
effects (FEs) include ﬁxed effects for income groups, level of
education groups, age groups, and household size.
***p < 0.001.

Model 1

Model 2

Model 3

0.0003***
(0.0000)
−0.0001
(0.0002)

0.3831***
(0.0011)



0.0004***
(0.0000)
−0.0001
(0.0002)
−0.0142***
(0.0013)
0.3831***
(0.0011)



−7,570,262.71
0.146

−7,570,206.54
0.146

0.0004***
(0.0000)
−0.0001
(0.0002)
−0.0142***
(0.0013)
0.3362***
(0.0130)



−7,567,888.20
0.146

Holidays
Constant
Individual FE
Week FE
Demographic FE
Log-likelihood
R2

Notes. Regression results for the pretreatment period allowing treated
and control groups to have different time trends. The demographic
ﬁxed effects (FEs) include ﬁxed effects for income groups, level of
education groups, age groups, and household size.
***p < 0.001.

14

Todri: Frontiers: Impact of Ad-Blockers on Online Consumer Behavior
Marketing Science, 2022, vol. 41, no. 1, pp. 7–18, © 2021 INFORMS

Figure 1. (Color online) Leads and Lags Model Estimates

Note. The base level is more than ﬁve months before the treatment (i.e., −5 and before).

likely to hold based on the leads and lags model estimates (Autor 2003), as shown in Figure 1. In particular, I estimate the interaction effect of treatment with
monthly time indicators before and after the treatment; the base level is ﬁve months before the treatment or before. As shown in Figure 1, the effects in
the pretreatment period are not statistically signiﬁcant
from zero, further indicating that the common trends
assumption is likely to hold. In the following section, I
also check the robustness of the average treatment effect estimates using alternative identiﬁcation strategies
that further relax the parallel trends assumption, such
as instrumental variables and matching DID.
3.4. Instrumental Variables, Matching
Difference-in-Differences, and Other
Robustness Checks
3.4.1. Instrumental Variables. Despite the aforementioned evidence in favor of the parallel trends
assumption, I now examine the robustness of the ﬁndings when relaxing the aforementioned identifying
assumption. In case the adoption of an ad-blocker is
correlated with a time-varying unobserved variable or
other endogeneity issues exist, the DID estimate of the
ad-blocker effect could be biased. To address this concern, I ﬁrst employ the instrumental variables
technique with a two-stage least-squares estimator for
panel data models. I use as an instrumental variable
the percentage of other panelists who have adopted
ad-blockers and reside in the same zip code with the
focal user. In particular, the panelists in the data reside in 17,404 different zip codes across the United
States, and in each zip code reside on average six panelists with a standard deviation of 12 panelists; there
is also a small fraction of panelists that changes zip
code location during the observation window of the

data set. Hence, I utilize the variation in local
ad-blocker adoption patterns over the geographic
areas and over time in the data set for the instrumental variable analyses. A valid instrumental variable
needs to be correlated with the adoption of an
ad-blocker by the focal user but not directly impact
the online spending decision of the focal user. The employed instrumental variable indeed satisﬁes the relevance criterion, because the higher the percentage of
panelists who reside in the same zip code that adopts
ad-blockers, the more likely the focal user will be to
also adopt an ad-blocker due to the information dissemination processes that can take place in the users’
local networks. I also conﬁrm the relevance criterion
empirically in the data and indeed ﬁnd that an increasing percentage of ad-blocker adopters in the
same zip code has a positive and statistically signiﬁcant impact on the adoption of an ad-blocker from the
focal user, as shown in Table D.1 of Online Appendix
D. Additionally, the instrumental variable satisﬁes the
exclusion restriction, because the percentage of panelists who reside in the same zip code with the focal
user and have adopted ad-blockers should not directly affect the online spending decision of the focal user,
conditional on the control variables. I also conduct a
variety of instrumental variable tests to further conﬁrm the validity of the instrument, and I ﬁnd that the
instrumental variable passes the weak identiﬁcation
and overidentiﬁcation tests, as shown in Table D.2.
Lastly, when I conduct the endogeneity test, as also
shown in Table D.2, it is encouraging that we fail to reject the null hypothesis that we may treat the adoption
of an ad-blocker on Equation (1) as exogenous
while accounting for self-selection on unobserved
time-invariant confounds. Nonetheless, even when I
allow for potential unobserved time-varying
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confounds, I ﬁnd that the results remain robust when
employing the instrumental variables technique for panel
data as an alternative identiﬁcation strategy, as shown
in Table D.3.
Additionally, I further extend the aforementioned
instrumental variable analyses by capturing the
ad-blocker information dissemination process that can
also take place in the users’ nonlocal networks. In
particular, in addition to the percentage of other panelists who reside in the same zip code that adopts
ad-blockers, I use as a second instrument the weighted average of ad-blocker adopters in counties that are
socially connected with the county of the focal user. I
construct this additional second instrument by using
publicly available data from Facebook on the Social
Connectedness Index (Bailey et al. 2018), as discussed
in Online Appendix D. I conﬁrm the relevance criterion for this extended set of instruments, as shown in
Table D.5, and ﬁnd that the results remain robust under
this alternative set of instruments, as shown in Table
D.6; as before, I conﬁrm the validity of the extended
set of instruments with a variety of tests, as shown in
Table D.7.
3.4.2. Propensity Score Matching. To further address

any potential concerns regarding identiﬁcation, I
also examine the robustness of the results to the alternative identiﬁcation strategy of combining the DID
treatment-effects estimation with a matching method
(Heckman et al. 1997). Speciﬁcally, the matching DID
estimator allows for selection into treatment as a function of consumers’ past browsing and purchasing
behaviors and further controls for any potential differences between treated and nontreated individuals. As
shown in Table E.1 of Online Appendix E, the results
remain robust when employing the matching DID estimator; the matching was performed based on the one-toone nearest-neighbor matching algorithm using the
generalized Mahalanobis distance.9 I assess the quality
of the matching method by evaluating the balance of
the covariates. As shown in Table E.2, the matching
method indeed produced great covariate balance
(Austin 2011).
3.4.3. Additional Robustness Checks. I conduct sever-

al additional robustness checks. For instance, it is
possible that after consumers install ad-blockers, advertising still affects their purchasing decisions due to
potential ad carryover effects. Hence, I examine the effect of ad-blockers when allowing for such carryover
effects. For instance, as shown in Table F.1 of Online
Appendix F, the results remain robust when allowing
for a period of two months of advertising carryover
effects; the results remain robust to alternative carryover time periods as well. Additionally, I allow for a
pretreatment period of at least six months for all
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individuals to ensure that I have sufﬁcient data to understand their purchase spending before the treatment, if any. As shown in Table F.2, after excluding
from the analysis any individuals who have a pretreatment period of less than six months, the results
remain robust. Similarly, the results remain robust to
removing outliers of purchase spending, as shown in
Table F.3; I use an interquartile range of 1.5 to detect
outliers, and the results are also robust to alternative ranges.
Moreover, I conduct several robustness checks that
further alleviate concerns for potential confounders.
For instance, users might be installing ad-blockers to
speed up their internet connections, while the connection might also affect their purchase spending. To alleviate such concerns, I examine the robustness of the
ﬁndings when controlling for the speed of the connection of the consumer (i.e., broadband internet
connection or not). As shown in Table G.1 of Online
Appendix G, the results remain robust. Another potential concern of a time-varying unobserved confounder
is the new stories related to advertising; ad-related
news stories could affect the likelihood of consumers
adopting an ad-blocker, as well as the purchasing behavior of consumers. To alleviate such concerns, I examine the robustness of the ﬁndings when controlling
for the number of news stories across online and
ofﬂine media outlets related to “advertisements,”
“privacy,” and “personalization,” as well as relevant
blog posts, based on data collected from the leading
news data provider, Nexis Uni. As shown in Table
G.2, the results remain robust. In addition, another potential concern might be that adults of the household
share devices with the children of the household, who
might install an ad-blocker and buy less. To alleviate
such concerns, I conduct subsample analyses and examine the treatment effect for households that do not
have children; as shown in Table G.3, the results remain robust. Similarly, I conﬁne the data set on panelists whose income levels are above the U.S. household
median income, since such households are less likely
to share electronic devices (Yardi and Bruckman 2012);
as shown in Table G.4, the results remain robust.
Lastly, I have conducted several additional analyses
to further examine any potential heterogeneity effects
and the corresponding robustness of the results. For
instance, to investigate whether the results might be
greatly inﬂuenced by any possible anti-ad-blocker
strategies, I examine—in addition to the instrumental
variable analyses that alleviate such concerns—the
ad-blocker effect for users who are heavy “news and
media” website visitors, since such users are more
likely to be affected by any possible anti-ad-blockers
strategies (Nithyanand et al. 2016) and turn off their
ad-blockers. As shown in Table G.5, the heterogeneity
analysis illustrates that the effect of ad-blockers does

16
not vary signiﬁcantly for heavy “news and media”
users, alleviating concerns that the results are greatly
inﬂuenced by anti-ad-blocker strategies. Similarly, I
ﬁnd that the results do not vary signiﬁcantly for heavy
versus light online users, in general, whereas the
ad-blocker effect also does not vary signiﬁcantly for
strong versus weak brands (Lovett et al. 2014).
3.4.4. Falsification Test. I also conduct a falsiﬁcation

test with a placebo treatment variable randomly indicating which user is treated and when they are
treated. As shown in Table H.1 of Online Appendix
H, the effect of the placebo treatment is not statistically signiﬁcant, further alleviating concerns that the
main effect is driven by potential confounds.10

4. Conclusion and Implications
This research is the ﬁrst to examine the effect of
ad-blockers for consumers and brands, focusing on
online consumer purchase and search behavior. The
estimates suggest that online consumer spending decreases by 1.45% due to the consumers’ adoption of
ad-blockers, which approximately corresponds to a total decrease of $14.2 billion a year. This ﬁnding is of
signiﬁcant importance, as it reveals that ad-blockers can
have adverse effects for other parties of the digital advertising ecosystem as well. That is, contrary to the popular
belief that publishers alone bear the ruinous
implications of ad-blockers, this research shows that
ad-blockers can also have negative implications for
advertisers. This ﬁnding also refutes the belief that
consumers who install ad-blockers are the ones that
would not be affected by advertising either way
(eMarketer 2019a). In showing that ad-blockers reduce
consumers’ online purchase spending, this paper
draws important implications for academics as well,
providing evidence against the phenomenon of “ad
blindness” and recent works showing that digital ads
are ineffective in driving consumers’ purchases. To
mitigate the adverse effects of ad-blockers, marketers
might try to engage with alternative formats of digital
marketing activities, such as inﬂuencer marketing,
native advertising, and sponsored recommendations.
Besides, as the penetration of ad-blockers continues,
it becomes increasingly crucial for marketers to
strengthen their social media strategies and engineer
content dissemination in these platforms. Similarly,
marketers might alleviate the negative consequences
of ad-blockers by adopting new direct ﬁrm-toconsumer communication and sales channels enabled
by technological advancements (Adamopoulos et al.
2021), such as voice-controlled apps or purchasing
capabilities embedded in social media platforms
(Adamopoulos et al. 2018, Schneier 2019). Importantly,
the ﬁndings highlight the need for the digital
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advertising stakeholders to take industry-wide
initiatives to collectively form policies for selfregulating what constitutes acceptable advertising
practices on the web and tackle the prominence of
ad-blockers. Such coordination might be especially
critical, since publishers and advertisers who engage
in questionable advertising practices, which trigger
the adoption of ad-blockers, currently impose negative externalities on the rest of the digital advertising
ecosystem.
Second, by examining the underlying mechanism of
the ad-blocker effects, this research reveals that adblockers signiﬁcantly decrease online spending for heavy
online advertisers and brands that consumers have not experienced in the past, partially shifting spending toward
brands that consumers have experienced before. That
is, when ads are blocked, consumers rely more heavily on their own past experiences with the brands to
make purchase decisions. Put simply, from the
brands’ perspective, not all impact is created equal, as
brands with a smaller existing user base are likely to
be hurt more than others, making the markets potentially more concentrated. From a managerial point of
view, this ﬁnding also has important implications for
the business-expanding strategies of ﬁrms, because it
demonstrates that it might become more challenging
to acquire new customers online who do not already
have any experience with the brand, as ad-blockers
continue becoming more mainstream. Hence, as
ad-blockers increase in popularity, brands might focus
on consumer retention, rather than acquisition, strategies. Importantly, it is also timely and prudent for
advertisers to predict which consumers are likely to
install an ad-blocker and try to attract them before the
imminent ad-blocker adoption. Additionally, ﬁrms
should bolster their business-expanding strategies by
strategically choosing their location for off-line presence, taking into account the positive impact it can
have on online purchase decisions (Wang and Goldfarb 2017), and by providing the opportunity to new
customers to experience their products without the
need to ﬁrst purchase them (e.g., showrooms and
samples).
Third, this research demonstrates that ad-blockers
have additional unintended consequences, because
they signiﬁcantly reduce the tendency of consumers
to engage in search activities across various information channels, as captured by the search sessions that
consumers initiate on search engines and the visits
that they make to shopping websites. This ﬁnding is
of signiﬁcant importance, as it reveals that the
ad-blockers have downstream effects as they impact the information that consumers would discover on their own after being exposed to the digital ads. This result is also
particularly important in the light of research indicating that marketers prefer consumers to engage in
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additional search activities, due to the often-restricted
bandwidth of marketing communications (Mayzlin
and Shin 2011). Additionally, this ﬁnding draws important insights, as it demonstrates that advertising
and search are complementary information channels
in providing information to consumers, whereas they
have often been presumed to act as substitutes (Fong
2017). From a managerial point of view, marketers
may need to increase the inﬂuence of organic channels
as they cope with the adverse effects of ad-blockers.
For instance, managers may utilize search-engine optimization techniques to enhance the visibility of the
websites in search results. Importantly, brands might
enhance the consumers’ website experience and regularly update the content to entice website visits. Similarly, managers could invest in content marketing by
creating high-quality articles and videos that can engage consumers.
Beyond the aforementioned managerial and theoretical implications, this research may also seed new research directions on the underexplored phenomenon
of ad-blockers. For instance, future research is needed—beyond the retail sector—to understand better the
economic value of the internet without digital advertising. Future research may also seek to examine the
impact of ad-blockers on explicit consumer satisfaction. Although the analyses demonstrate that consumers are likely to save money when they install
ad-blockers, it remains unclear whether they are more
or less satisﬁed with their purchases in an ad-blocker
environment. Similarly, it would be interesting if future research seeks to understand additional implications of ad-blockers on online user behavior beyond
their consumption patterns. Future work could also
further examine relevant strategies of publishers investigating, for instance, the impact of anti-ad-blocker
strategies. Lastly, this work highlights the need for
industry-wide initiatives to inhibit the fast growth of
ad-blockers, and, thus, future work could propose and
evaluate the relative effectiveness of such strategies.
Endnotes
1

Due to the nature of the nondisclosure agreement, the data cannot
be shared and the exact name of the company cannot be publicly
disclosed.

The lag of the variable Treati × Postit is used to capture entire
weeks of posttreatment ad-blocker adoption, as users might have
installed the software any day of the week. I demonstrate robustness to alternative specifications.
2

3

There is within-subject variation of demographics, because I often
observe consumers over multiple years.

4

Following the DID panel data specification, I include only the interaction term Treati × Postit , as adding either Treati or Postit would
cause collinearity given that the specification includes user
fixed effects.
5

There is variation in the number of time-paid-off holidays as different states officially recognize different holidays.

6

In all tables, Model 1 controls for individual and weekly fixed effects; Model 2 also controls for the occurrence of time-paid-off holidays; Model 3 further controls for demographic group fixed effects.

7

Following the extant literature, I take the logarithm of the online
purchase spending (e.g., ln(PurchaseAmount + 1)), because its distribution is skewed. Figure A1 in Online Appendix A shows the
kernel density estimate of the distribution of the purchase spending
dependent variable.
8

The Poisson fixed-effects model is more commonly used for fixedeffects count models since it is consistent under much weaker distributional assumptions (Cameron and Trivedi 2005). Nonetheless, I
confirm the robustness of the results to alternative fixed effects
models.
9

The treatment and control groups are matched based on the frequency of past purchases, time spent online, time spent on websites
that contain ads, web visits, visits to websites that contain ads, visits
to shopping websites, and all the demographic variables available
in the data; the results remain robust to including various alternative variables; I collect data on whether a website contains ads
based on the use of web technologies (i.e., ad networks) from
W3Techs.

10

This falsification check also tests the existence of common trends
between treatment and control groups in the pretreatment period
and provides additional empirical evidence against any differential
trends, further corroborating the results of Section 3.3.
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