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The increasing availability of individual-level data has raised the standards for measurability and account-
ability in digital advertising.  Using a massive individual-level data set, our paper captures the effectiveness
of display advertising across a wide range of consumer behaviors.  Two unique features of our data set that
distinguish this paper from prior work are (1) the information on the actual viewability of impressions as on
average 55% of the display ads are not rendered viewable and (2) the duration of exposure to the display
advertisements, both at the individual-user level.  Employing a quasi-experiment enabled by our setting, we
use difference-in-differences and corresponding matching methods as well as instrumental variable techniques
to control for unobservable and observable confounders.  We empirically demonstrate that mere exposure to
display advertising increases users’ propensity to search for the brand and the corresponding product;
consumers engage both in active search exerting effort to gather information, and in passive search using
information sources that arrive exogenously.  We also find statistically and economically significant effects of
display advertising on increasing consumers’ propensity to make a purchase.  Furthermore, our findings reveal
that the longer the duration of exposure to display advertising, the more likely the consumers are to engage
in direct search behaviors (e.g., direct visits) rather than indirect ones (e.g., search engine inquiries).  We also
study the effects of various types of display advertising (e.g., prospecting, retargeting, affiliate targeting, video
advertising, etc.) and the different goals they achieve.  Our framework for evaluating display advertising
effectiveness constitutes a stepping stone toward causally addressing the digital attribution problem. 
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Introduction

In 2013, for the first time in the history of the advertising
industry in the United States, digital ad spending surpassed
TV broadcast advertising, which has traditionally been con-
sidered the most effective mass-marketing medium (IAB
2014).  Thanks to the prevalence of digital advertising and
various technological advancements, advertisers are nowa-
days able to track consumers’ digital footprints at a more
granular level and they can gain deeper insights into online
consumer behavior as well as how advertising exposures
might affect consumers’ online behavior.  However, the
consumer journey to an online purchase has become more
complicated as consumers are likely to become exposed to
multiple types of advertising (also known as multichannel
exposures).  Besides, the usual problem of endogeneity that
arises in the context of advertising is further exacerbated in
the case of digital advertising due to the unprecedented
possibilities for refined targeting.  Hence, although digital
advertising generates opportunities for greater measurability
and accountability compared to traditional advertising media,
there still exist significant challenges that hinder disen-
tangling the different effects and imputing the true effec-
tiveness of advertising.  Given these challenges, it is not
surprising that ad hoc and naïve advertising performance
evaluation models, such as the last-click attribution model, or
simplistic performance metrics have prevailed in the adver-
tising industry so far.

In order to accurately and fairly determine the effectiveness
of specific advertising channels in spurring desired consumer
actions, we need to understand what actually causes the
desired changes in consumer behaviors.  Toward achieving
this goal, we first need to be able to draw causal inferences
from observational data as randomized controlled experiments
impose significant opportunity costs for advertisers who are
often not keen on relinquishing the opportunity to advertise. 
Additionally, we need to understand the broad impact of
advertising exposures on consumers’ behaviors.  This is espe-
cially important since some advertising exposures are
consumer-initiated and, therefore, advertisers who would like
to control the presence and frequency of these advertising
exposures on consumers’ purchase funnel paths need to
understand how they can increase consumers’ propensity to
initiate these exposures.  For instance, a search advertising
exposure is only triggered in a consumer’s funnel path after
the consumer initiates a search session expressing interest for
a brand or a product.  Therefore, advertisers who would like
to control the presence and the frequency of search adver-
tising exposures should examine what triggers consumers to
initiate a search session.

This paper resolves some of the challenges that hinder mea-
surability and accountability in digital advertising by drawing
on economic methods that allow us to make causal inferences
with observational data.  Harnessing the value of big data and
the ad-tech advancements that allow for more precise mea-
surements, such as the viewability of impressions, we exploit
an exogenous shock to the firm’s targeting mechanism that
simulates a quasi-experiment.  The quasi-experiment frame-
work allows us to compare the online behavior of two groups
of users:  those who view the display advertisements and
those who eventually do not view the display advertisements
while both groups are automatically targeted by the same
marketing campaign.  Therefore, this paper contributes to the
nascent digital attribution literature with the proposed frame-
work serving as the cornerstone of a digital display channel
attribution model; it demonstrates how advertisers can
attribute credit across the various types of display advertising
(e.g., prospecting, retargeting, affiliate targeting, etc.), as well
as how display advertising triggers other paid and nonpaid
advertising exposures in the funnel path.  Second, this paper
evaluates the impact of display advertising exposures across
a wide range of consumer behaviors, rather than just a single
proxy or metric.  In particular, we examine whether display
advertising exposures increase the users’ likelihood to engage
in active search, exerting effort to gather information, and
passive search, responding to information sources that arrive
exogenously, as well as the likelihood to increase the users’
propensity to make an online purchase.  Therefore, this study
also contributes to the advertising effectiveness literature by
investigating the effects of display advertising on a wide
range of online consumer behaviors and the relative magni-
tudes of the corresponding advertising effects.  Our data set
indicates that on average 55% of the display ads are not
rendered viewable; other digital platforms report similar
statistics (Hof 2014).  Besides, to provide deeper insights into
display advertising effectiveness, we move beyond the binary
treatment of subjects that prior literature typically adopts; to
our knowledge, we are the first to study and quantify the
effect of the duration of consumer exposure to the display
advertisement on online consumer behavior in a real-world
setting.  Additionally, we study the dynamics of the display
advertising effects on online consumer behaviors taking into
consideration how far down each consumer is in the funnel
path, as indicated by the relative position of the touchpoint in
the consumer funnel path.  

We find that mere exposure to display advertising can signi-
ficantly increase users’ propensity to search for the brand and
the corresponding product.  In particular, display advertising
leads consumers to engage both in active search, exerting
effort to gather information, as well as passive search, using
information sources that arrive exogenously.  The most
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prominent effect of display advertising is the increased
propensity of consumers to engage in active search; con-
sumers are up to 36.07% more likely to make a direct visit on
the advertiser’s website after a display advertising exposure
and up to 25.7% more likely to initiate and click on a brand-
related search engine session, relative to the mean proba-
bilities of these activities.  However, the effect of display
advertising in passive search behavior is not negligible;
consumers can be up to 28.46% more likely to click on a
future display advertisement when targeted early in the funnel
paths.  In general, studying the dynamics of these effects, we
find that advertising effects are amplified up to four times
when consumers are targeted earlier in the purchase funnel
path, and the longer the duration of an exposure to display
advertising, the more likely the consumer is to engage in
direct search behaviors (e.g., direct visits) rather than indirect
ones (e.g., search engine inquiries).  Furthermore, display
advertising also directly increases consumers’ propensity to
make a purchase.  Our framework for evaluating display
advertising effectiveness also constitutes a stepping stone
toward causally addressing the digital attribution problem.

Related Work

This paper is related to several streams of research in the
fields of Information Systems and Marketing pertaining to
online advertising.  Regarding the effectiveness of display
advertising, its performance was initially assessed with simple
proxies, such as the click-through-rate (CTR), in an effort to
capture consumers’ active response to advertising, not just a
probable exposure to it (Hollis 2005).  However, such proxies
demonstrated decreasing performance over time, generating
concerns whether display advertising is indeed effective. 
Nevertheless, the CTR performance metric is only an inter-
mediate proxy for other quantities of interest (Lewis et al.
2013).  Moving beyond CTRs, researchers evaluated the
impact of display advertising exposures on consumers’
purchase intentions (Lewis and Reiley 2014; Manchanda et al.
2006) and other consumer behaviors, such as brand recall
(Dreze and Hussherr 2003) or brand-specific page views
(Rutz and Bucklin 2012).  Moreover, various researchers have
attempted to identify contextual factors that enhance display
advertising effectiveness, such as targeting or obtrusiveness
(Adamopoulos and Todri 2014, 2015; Goldfarb and Tucker
2011).  This paper adds to the literature of display advertising
by evaluating its effectiveness across a wider spectrum of
consumer behaviors, such as active and passive search
behaviors as well as the propensity to convert, by studying the
dynamics of these effects on the funnel path, and evaluating
their relative magnitudes.

This paper is also related to the stream of literature studying
spillover effects and synergies in multichannel advertising. 
As multichannel advertising became prominent, researchers
attempted to evaluate the complementarity effects employing
aggregate-level data.  For example, Naik and Raman (2003)
adopt an integrated marketing communications perspective to
emphasize the importance of synergy in multimedia activities. 
In addition, prior research has also studied spillover effects
between specific advertising channels.  For instance, Joo et al.
(2013) demonstrate that television advertising increases
consumers’ search behavior, as reflected in the number of
product category-relevant searches and the brand’s share of
keywords searched.  Ghose et al. (2014) report a field experi-
ment to examine cross-media synergies between web and
mobile advertising, and demonstrated that a mix of web and
mobile display advertising triggers more clicks and conver-
sions and higher sales amounts than web or mobile ads alone. 
Similarly, Xu et al. (2015) show in the context of cross-device
browsing behavior that the tablet channel acts as a substitute
for the PC channel while it acts as a complement for the
smartphone channel.  That is, an increase in e-commerce sales
on smartphones can be attributed to the introduction of
tablets.  Focusing on display and search advertising, Kireyev
et al. (2015) consider the interaction and dynamic effects of
search and display advertising with aggregate-level data.  In
contrast, in this paper we employ individual-level data to
investigate multiple interactions between display ads and
online search behavior.  Individual-level data does not entail
the loss of information that aggregate-level data does and
provides the ability to control for unobserved heterogeneity. 
Compared to prior literature, in this study, we also examine
the impact of display advertising on both active search
behaviors, requiring users to actively gather information, and
passive search behaviors, under which users are employing
information sources that arrive exogenously.  In addition, we
also study higher engagement levels of active search behavior
beyond search engine queries, such as direct visits to the
advertiser’s website.  Finally, to the best of our knowledge,
this is the first paper to study the effect of display advertising
beyond the usual binary treatment that prior literature adopts;
we evaluate the impact of the duration of exposure to a
display advertisement on online consumer behavior in a real-
world setting.

Another closely related stream of literature is the emerging
work on digital attribution.  Digital attribution is concerned
with allocating credit for a consumer’s purchase across the
marketing channels to which the consumer was exposed
during her purchase funnel path.  Given the plethora of adver-
tising channels, media, and targeting techniques, it is crucial
for advertisers and marketers to disentangle the influence of
each channel in order to better optimize their return on
investment (ROI), among other advertising goals.  Most of the

MIS Quarterly Vol. 40 No. 4/December 2016 3



Ghose & Todri/Toward a Digital Attribution Model

related works in this stream of literature conduct an empirical
analysis for the channel attribution problem with a few excep-
tions that propose a game-theoretic approach (e.g., Berman
2013).  The existing empirical digital attribution models
capitalize on the variation of advertising exposures at the
individual level across consumers in order to estimate the real
effect of advertising.  For instance, Abhishek et al. (2013)
develop a hidden Markov model to capture the dynamics of
individual consumer behavior where they define as conver-
sion various consumer actions, such as requesting a quote and
looking up a dealer’s address, rather than making an purchase. 
Similarly, Li and Kannan (2014) develop a nested logit model
to examine the nature of carryover and spillover effects of
prior visits to a firm’s website through different channels
while Zantedeschi et al. (2016) develop a Bayesian Tobit
model drawing on marketing mix models to measure the
effectiveness of advertising exposures.  Likewise, Shao and
Li (2011) develop a bagged logistic regression model to
quantify the attribution of different advertising channels. 
Capturing interdependencies among advertisement clicks, Xu
et al. (2014) develop a stochastic model for online purchasing
and advertisement clicking that incorporates mutually exciting
point processes.

However, Lewis and Reiley (2014) have demonstrated that
without an experimental framework, using methods based on
endogenous cross-sectional variation in advertising exposure,
one could obtain an inaccurate estimate of advertising
effectiveness.  Furthermore, when making an online purchase,
consumers are influenced by multiple other factors.  For
instance, Bronnenberg et al. (2012) find strong evidence that
past experiences are an important driver of current consump-
tion.  Thus, we propose an incremental lift approach to the
digital attribution problem.  In particular, recognizing that the
consumers who are targeted through an advertising channel
usually have a nonzero propensity of conversion, as formu-
lated by prior experiences and the reservoir of brand equity,
we propose that the digital attribution model should be based
on the incremental lift that advertising exposures have toward
key marketing objectives.

Data

Our unique data set was collected in collaboration with a large
online media analytics and optimization platform company
that manages the entire campaign of an online U.S.-based
retailer.2  The advertiser runs paid keyword advertising cam-
paigns across multiple popular search engines as well as

display advertising campaigns across various websites em-
ploying multiple targeting techniques (e.g., retargeting, pros-
pecting targeting, affiliate advertising, etc.).  The data spans
all online advertisements that were run by the company during
a period of six months, from May to October 2013; during
this period, the company did not engage in other advertising
activities apart from the ones we observe in our data set.

In particular, we have an individual-level data set consisting
of advertising exposures and user-initiated actions, with users
tracked across different advertising channels and media.  The
data set contains advertising exposures and user-initiated
actions corresponding to all the display and search advertising
exposures as well as consumers’ direct visits to the adver-
tiser’s website.  Specifically, an observation in our data set
refers to a display impression or click, a search click, or a
direct visit to the advertiser’s website.  Furthermore, we
distinguish between brand and nonbrand related search
queries based on the campaign that was triggered to serve the
search advertisement.  In particular, the corresponding cam-
paigns have very refined targeting criteria that prevent a non-
brand search advertising campaign from serving an advertise-
ment to a brand related search query.  Additionally, we have
information regarding the advertising network, the type of
targeting employed, and the specific advertising campaign ID
through which every display impression was served.

Given that our corporate partner advertiser sells experience
goods, the consumers usually spend some time conducting
research on the product before they decide to make an online
purchase, if any.  Therefore, as one would expect, the con-
sumers are exposed to multiple touchpoints across their funnel
paths related to various advertising channels and formats. 
Finally, the website of the retailer does not allow consumer
reviews to be posted online; thus, we can study advertising
effects in the absence of user-generated content interactions.

Consumer Funnel Paths and
Viewability of Impressions

We construct the consumer funnel paths by connecting the
touchpoints that are related to the same unique customer
identifier.  If a funnel path is successful, we observe the corre-
sponding conversion, which means that the consumer made an
actual purchase on the advertiser’s website.  Each time a
consumer exits a funnel path successfully, she enters a new
funnel path as a returning customer.  In total, the data set con-
tains observations corresponding to all the display and search
advertising exposures as well as direct visits for all the con-
sumers who had at least one advertising exposure in their
corresponding funnel paths.  Table A1 of the appendix reports
the summary statistics of our data set at the observational
level.

2Due to the nature of the data-sharing agreement, we are unable to reveal the
name of the firm.
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Figure 1.  Search Interest for “Viewability” on Rise (Google Trends)

Our data set also includes two unique features that provide
granular information regarding the advertising exposures. 
First, we have information on the actual viewability of the
display impressions.  In particular, we know when an impres-
sion was visible on a consumer’s screen area for more than
one second and, hence, whether it is rendered viewable. 
Second, we have information on the duration of exposure to
the display advertisements once they were rendered viewable. 
The viewability of advertising exposures is a new metric in
the field of online advertising; it was introduced in 2012 but
nowadays has gained significant popularity redefining the
measurement standards of the field (see Figure 1).  To our
knowledge, this is the first paper to exploit the newly estab-
lished metric of viewability in order to impute the effec-
tiveness of advertising from observational data and tackle the
channel attribution problem.

Regarding the viewability of the advertising exposures, there
are many circumstances under which an impression of a
display ad may be rendered non-viewable.  For instance, a
display advertisement would be rendered non-viewable if the
advertisement is placed below the fold and the consumer does
not happen to scroll down to that area.  Additionally, several
contextual factors, such as the browser window size, the
screen resolution, and the screen orientation of the user might
determine whether an advertising impression will be rendered
viewable.  Other possible scenarios include circumstances
under which the viewer does not have the appropriate plug-ins
for an interactive ad to be displayed, or when the viewer
utilizes some type of ad blocker software so that even if the
browser loads the impression, the user never views the ad. 
An impression is also rendered non-viewable when the
publisher places an image or another layer overlapping the ad. 

For instance, The New York Times displays such a layer when
a non-subscriber attempts to view more articles than their
paywall limit allows.3  Finally, based on this information, we
filter out impressions that are loaded by nonhuman
technologies, such as crawlers and web proxies.

As far as the collection of information on viewability is
concerned, currently there exist two main ways to measure ad
viewability.  The first way to measure ad viewability is to
utilize the geometric method and it typically involves com-
paring the position of the four corners of the ad relative to the
host web page and then comparing the four corners of the
browser’s viewport relative to the host web page.  Comparing
these two, advertisers can make inferences about whether the
ad is within the viewport.  Another variant of the geometric
method approach involves comparison of the screen rather
than the host page.  Comparisons are also made between the
ad and the mouse cursor, and the mouse cursor and the
viewport.  The second way to measure ad viewability is to
monitor browser optimization functions.  By monitoring how
a browser allocates resources to render an ad, one can deter-
mine whether an ad was rendered viewable.  The browser-
optimizations approach may be used to measure the view-
ability of ad impressions across all major browsers even when
the ads are embedded in (nested) unfriendly iframes.

3Additionally, an impression might be rendered non-viewable due to ad
frauding techniques that an advertising network might employ.  For example,
advertising networks might serve multiple ads on top of each other in a
legitimate ad slot where only the ad on the top can be rendered viewable (i.e.,
ad stacking).  Similarly, advertising networks might employ pixel stuffing,
where many pixel frames are placed all over a web page and trigger multiple
ad impressions that are invisible in the naked eye.
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Big Data Infrastructure

In order to estimate the empirical models presented in the next
section, we used a high-performance computing cluster.  The
employed cluster4 constitutes a powerful and reliable high-
performance computing infrastructure that allows us to effi-
ciently manage the data of complex, high-volume compu-
tational processes. Tapping into the unique characteristics of
our big data set and taking full advantage of our high-
performance infrastructure, we parallelize the execution of
our estimation procedures to make feasible the estimation of
our empirical models in real time.  For instance, the proposed
individual-level difference-in-differences model takes on
average 0.87 seconds to be estimated for our data set using a
single computing node with 20 processors.  Furthermore,
generalizing beyond the specific data set, the total time com-
plexity grows linearly with the number of observations; for N 
training examples and F features, the total time complexity
asymptotically is O(F² N).   Additionally, apart from using in
parallel multiple computing nodes, we also parallelize around
80% of the most computationally expensive procedures,
achieving a significant increase in performance, at least more
than four times faster compared to using the same hardware
infrastructure without this second level of parallelization.

Empirical Methods

Our identification strategy for estimating the effects of display
advertising is based on the unique feature of our massive data
set, pertaining to the viewability of the display ad impressions
and the duration of exposure to the display advertisement. 
Previous academic research on display advertising assumed
that an impression was always viewable to the user whenever
loaded.  However, our data set indicates that, on average,
55% of the display ads are not rendered viewable; other
digital platforms report similar statistics (Hof 2014).  Such
measurement issues might have led to biased estimates of the
effects of display advertising in previous research studies. 
Hence, tracking the viewability of impressions greatly
enhances the veracity of the data and alleviates the usual
attenuation bias of measurement error, which is further
magnified in the case of multivariate regression and panel
data models (Griliches and Hausman 1986).

The discussed circumstances that affect the viewability of a
display ad impression serve as an exogenous shock to the
firm’s targeting and simulate a quasi-experiment creating two
groups of users:  those who view the display ad and those
who do not; both groups are automatically targeted by the
same marketing campaign fulfilling certain targeting criteria. 
Hence, only some of the customers who are targeted through
the campaigns are indeed “treated” (i.e., their impression is
rendered viewable).  Our quasi-experiment framework avoids
the self-selection and other treatment selection biases, as the
viewability of the display ad mimics the exogeneity of a
randomized experiment.  The treatment and control groups are
similar as they fulfill the same targeting criteria and do not
exhibit systematic differences.  Nevertheless, we also employ
alternative methods and use various falsification tests to
examine and rule out alternative explanations.  Another
significant advantage of the proposed estimation methodology
is that it can be parallelized and scaled to big data sets, as
shown in this study.

Individual-Level Difference-in-Differences

Let i be a consumer who is targeted with a display advertise-
ment.  At display ad occasion j, individual i belongs to group
Gij 0 {0, 1}, where group g = 1 indicates the treatment group
(i.e., each individual who was targeted with a display ad and
her impression was rendered viewable).  For each occasion,
individuals belonging to both the treatment and control groups
are observed before and after the treatment time period, Tij, 
0 {0, 1} where t = 1 indicates the post-treatment period.  For
i = 1, …, N, a random sample from the population the group
identifier of individual i at occasion j, Gij, and the time period 
Tij can be treated as random variables.  We denote by Yijt the
outcome that is observed for individual i at occasion j in the
time period t.  Let Y0

i j1 denote the outcome for individual i for
the after period, if she does not receive the treatment at
occasion j, and Y1

i j1 the outcome for the same individual for
the after period, if she does receive the treatment at occasion
j.  Only one of these outcomes is realized as for each display
ad impression occasion one individual either belongs to the
treatment or the control group (i.e., for individual i at each
occasion j during the after period, only Y0

i j1 or Y1
i j1 is

observed).  Then, the parameter of interest in this setting is
the mean impact of treatment on the treated.  Thus, the DID
estimate is

[ ] [ ][ ]
[ ] [ ][ ]

τ DID
ij ij ij ij ij ij

ij ij ij ij ij ij
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4The specific cluster consists of 160 nodes with more than 3200 CPU cores
featuring the latest Intel Xeon-based technology for supercomputers and
more than 16 terabytes of memory running a high-performing enterprise class
UNIX-based operating system.  The theoretical peak performance limit of our
parallel supercomputing systems is measured to more than 75 teraFLOPS.
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In particular, in the DID estimator, the average gain over time
in the nonexposed (control) group is subtracted from the gain
over time in the exposed (treatment) group.  This double
differencing removes biases in second period comparisons
between the treatment and control groups, which could be the
result of permanent differences between these groups, as well
as biases from the comparison over time in the treatment
group, which in turn could be the result of time trends
unrelated to the treatment (Heckman et al. 1998; Imbens and
Wooldridge 2009).  In this set-up, we observe the outcomes
for the treated and untreated groups before and after the
treatment (Yij0, Yij1).  For instance, when evaluating the brand
search behavior of the user, the outcome Yij0 indicates whether
the user had or had not searched before the treatment and the
outcome Yij1 indicates whether she initiated a search session
during the after treatment period, as captured by the next
touchpoint in the funnel path.

We generalize this framework to allow for general forms of
heteroscedasticity by relaxing the full independence assump-
tion to only mean independence (Athey and Imbens 2006). 
Additionally, we control for unobserved heterogeneity at the
individual level, by allowing for time-invariant, individual-
specific fixed effects ξi potentially correlated with Gij.
Furthermore, we also allow for ad-level heterogeneity with
fixed effects φj.  Denoting the treatment effects across individ-
uals by τ (= Y1

i jt – Y0
i jt), the realized outcome satisfies

Y a T G T Gijt ij ij ij ij j i ijt= + + + ∗ + + +β γ τ ϕ ξ ε

The β coefficient represents the time effect, the γ coefficient
the targeting effect, and the error term is normalized to have
a zero mean.  In order to make the interpretation of our results
more straightforward, we employ a linear probability model
(LPM) that yields results in terms of probability changes and
allows for the coefficients to be comparable across models
and groups.  LPMs are unbiased and consistent estimates of
a variable’s average effect, specifically the average marginal
effect, on P(y = 1) (Wooldridge 2010).  Therefore, if one is
interested in the average effect estimate, it is entirely appro-
priate and reasonable to choose LPM over other methods,
such as logistic regression (Mood 2010).

Difference-in-Differences Matching

The aforementioned DID estimation methodology constitutes
a popular method for estimating average treatment effects
(ATE) that control for unobservables.  The key underlying
assumption of the DID estimator that differences between
treatment and control groups would have remained constant
in the absence of the treatment does not always hold.  In fact,

often one cannot evaluate the plausibility of this assumption. 
Thus, we use additional estimation methods, such as matching
on observables, to corroborate our findings.  Matching esti-
mators constitute an alternative methodology for estimating
ATEs.  In our context, matching estimators allow us to evalu-
ate the ATE, even if the generating process of viewable and
non-viewable display advertisements is not completely
random.

Heckman et al. (1997) developed the generalized difference-
in-differences matching estimator that allows for temporally
time-invariant differences in outcomes between the treated
and non-treated individuals.  They find that the generalized
difference-in-differences matching estimator is more effective
than conventional matching methods, such as propensity score
matching, in removing biases from the data, especially when
it is contaminated by temporally invariant components of bias,
such as unobserved effects.  The nonparametric conditional
DID matching estimator is a two-stage evaluation method-
ology, which first estimates the probability of an individual
receiving the treatment and then uses the estimated proba-
bility.  The DID matching estimator is then

( ) ( )( )τ DID
ij ij kj kj

k I Si I Sn
Y Y w i k Y Y

pp

= − − −










∈ ∩∈ ∩
1

1
0

1
1
0

0
0

1
0

01

,

where the weights w are provided by the cross-sectional
matching estimator employed, I1 denotes the set of treated
individuals, I0 the set of non-treated individuals, and Sp the
region of common support.  Essentially, in the first step, we
initially estimate the propensity score and then compare
observations that have identical (or very similar) scores.  Such
matching methods allow the mechanism of allocation to
treated and untreated groups to be not completely random
(e.g., users who have visited the website more frequently in
the past might be more likely to have a viewable impression). 
We also control for such differences by calculating the
probability of treatment based on consumers’ past exposures
and online behavior.

In order to ensure that the proposed matching method reliably
estimates the ATE, we assess the quality of the matching
method by evaluating the area of the common support (i.e.,
overlap) between the estimated probability densities of the
propensity score for the treated and non-treated individuals. 
The overlap describes the extent to which the range of the
estimated propensity score is the same across the two treat-
ment groups.  As shown in Figure 2 and Table 1, there exists
substantial overlap of the propensity score densities for the
two groups, which assures us that we can reliably estimate the
ATE.  In particular, the significant overlap in the propensity
score densities enables the matching method to find control
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Figure 2.  Overlap of Estimated Propensity Score Matching Probability Distributions of Treated and
Untreated Individuals

Table 1.  Descriptive S/tatistics for Estimated Propensity Score for Treated and Non-treated Individuals

Min Median Mean Max

Propensity Score Treated (with demographics) 0.00049 0.47180 0.49940 0.99890

Propensity Score Non Treated (with demographics) 0.00001 0.39750 0.40050 0.99360

Propensity Score Treated (without demographics) 0.00044 0.47220 0.49950 0.99880

Propensity Score Non Treated (without demographics) 0.00001 0.39740 0.40040 0.99340

Figure 3.  Covariate Balance Summary for the Difference-in-Differences Matching Estimator
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Table 2.  Covariate Balance Summary for Matching Estimator

Standardized Differences Variance Ratio

Raw Matched Raw Matched

Lagged Frequency of Display Clicks -0.0158 -0.0001 0.9110 0.9889

Lagged Frequency of Display Impressions 0.0095 0.0004 0.4504 0.9874

Lagged Frequency of Direct Website Visits -0.0095 -0.0003 1.0434 1.0106

Lagged Frequency of Organic Searches -0.0207 -0.0001 0.9442 0.9988

Lagged Frequency of Brand Paid Searches -0.0253 -0.0010 1.0174 0.9931

Lagged Frequency of Brand Non-Paid Searches -0.0209 -0.0004 0.8523 0.9695

Number of days since Last Purchase -0.0106 0.0001 1.0379 1.0092

Lagged Ratio of Successful Viewable Treatments 0.0477 0.0007 1.3381 1.0277

individuals that are similar to treated individuals and treated
individuals that are similar to control individuals, respec-
tively.  Therefore, the proposed matching method can reliably
use the observed counterfactuals that exist in our data set and
generate causal inferences without the need to depend on
model-based extrapolations beyond the support of the
observed data (Rubin 1997).  Furthermore, conditioning on
the propensity score should result in distributional balance of
the observed covariates between the treatment groups.  Hence,
we further assess the quality of the matching method by
evaluating the balance of the observed covariates.  In par-
ticular, following Austin (2011), we estimate the standardized
differences in means and the variance ratio for each observed
covariate between treatment and control groups.  As shown in
Figure 3 and Table 2, matching on the estimated propensity
score has balanced the covariates since the standardized
differences are all close to zero, and the variance ratios are all
close to one.

Identification with Potentially
Endogenous Treatment

The aforementioned empirical models control for possible
sources of endogeneity in various ways.  For instance, the
individual-level panel data difference-in-differences estimator
controls for unobserved time-invariant individual-level effects
and, therefore, accounts for individual-specific sources of
endogenous selection into the treatment group.  Similarly, the
difference-in-difference matching estimator allows selection
to treatment as a function of past browsing behavior, past
advertising exposures, and consumers’ responses to these
exposures.  In addition, it controls for temporally invariant
differences in outcomes between treated and untreated
individuals (Heckman, Ichimura, and Todd 1997, 1998). 
Nevertheless, despite these various controls for potential
endogeneity, there might still exist potential unobserved time-
varying confounders that could potentially result in incon-

sistent estimates of the effect of an advertising exposure.  For
example, users who tend to browse web pages with content
related to the product itself might be more likely to engage
with the content of the web page for longer periods of time
and, thus, the corresponding advertising impression might be
more likely to be rendered viewable.  Hence, under such a
scenario, it would be challenging to identify the effect of the
advertisement itself, disentangled from the inherent interest of
the users who choose to browse online content relevant to the
advertised product.

Controlling for Time-Varying
Unobserved Confounders 

In order to address any concerns regarding potential time-
varying unobserved confounders, we exploit the charac-
teristics of variety and volume of big data.  The variety and
volume of big data can contribute in alleviating various biases
from previously unobservable confounders.  Specifically, in
our context, we extend the individual-level panel data
difference-in-differences model specification controls for
targeting criteria and mechanisms at three different levels;
unobserved factors related to targeting mechanisms are time
varying as every attempt by the advertiser for an advertising
exposure is characterized by different targeting criteria and is
served through different advertising networks and campaigns. 
First, we control for the specific type of targeting of the
specific advertising exposure attempt.  Controlling for the
type of targeting, we control for cases under which the con-
tent of the web page is relevant to the ad being shown (i.e.,
contextual targeting) and we are able to purge the coefficient
of interest from potential unobserved targeting confounders. 
Second, we control for the advertising network and affiliate
partner that serve the advertisement.  Extending our speci-
fication by controlling for the network that served the
advertisement, we are able to control for different mech-
anisms and incentives that might come into play when
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networks position the advertiser’s ads.  For instance, various
advertising networks utilize different technologies to estimate
the match of the ad with certain web pages.  Third, we also
control for the specific campaign that triggered the advertising
exposure.  The targeting criteria for serving advertisements
are defined at the campaign level; each campaign corresponds
to tightly defined targeting criteria as such categorization
allows the evaluation of the effectiveness of different types of
targeting methods and specifications at an aggregate level. 
Hence, controlling for the campaign through which the
advertisement was triggered, we are able to control for cases
under which the web page content is relevant to the ad being
shown as well as for more granular targeting factors, such as
different ways to employ contextual targeting (e.g., topic
versus keyword contextual targeting).

Furthermore, the potential problem of the omitted variable
bias (e.g., bias introduced by omitting how relevant the web-
site content is with the advertisement) can be addressed by
using a proxy variable for the unobservable confounder of
relevant web page content.  In our case, we use the view-
ability ratio of the campaign through which the specific
advertising exposure was attempted as a proxy variable that
measures the relevance of the content of the website the
consumer was browsing.  Specifically, under the scenario that
users who browse online content that is more relevant to the
advertised product are more likely to have their advertising
impressions rendered viewable, advertising campaigns that
served impressions in web pages with relevant content should
be characterized by higher viewability ratios.  Hence, in order
to address this potential limitation, we extend our main speci-
fication by introducing the viewability ratio of the campaign
as a proxy for serving ads to websites that match the adver-
tisement itself.

Instrumental Variables Fixed Effects

In order to further investigate concerns for potential time-
varying unobserved effects as well as to investigate more
general concerns about any type of unobserved confounders
that could potentially introduce biases in the estimates of
interest, we additionally employ the instrumental variables
fixed effects estimator.  As the instrument, we use information
on hyper-local weather for very granular time intervals (i.e.,
20 minute time intervals) matched with individual-level
advertising exposures.  Weather data is correlated with the
(potentially endogenous) explanatory variable of a viewable
impression because browsing the Internet is an activity that
competes with other outdoor activities the users might be
enjoying.  In particular, bad weather conditions (e.g., level of
precipitation) reduce the opportunity costs of outdoor acti-
vities, such as sports, and, thus, increase the attractiveness of

browsing the Internet.  Therefore, ceteris paribus, as consu-
mers spend more time browsing the Internet, an advertising
impression is more likely to be rendered viewable.  On the
other side, bad weather conditions are not correlated with the
dependent variables as the demand for the product is not
driven or affected in any way by weather conditions.  In order
to employ weather information as an instrument, we collected
weather data from the National Weather Service by mapping
the latitude and longitude of each individual to the closest
weather station in order to gather granular level information on
precipitation, temperature, and humidity levels (see Figure 4).

Empirical Results

In this section, we present and discuss the results of our
empirical models.  Each of the following subsections analyzes
a set of outcome variables that are properly categorized to
capture similar effects on consumer behavior changes.  The
corresponding results for each outcome are presented and
discussed individually, focusing on the average treatment
effect (ATE) of display advertising on various consumer
behaviors, as shown in Table 3; the dynamics of the effects of
display advertising in the funnel path, as shown in Table 4;
and the effect of the duration of the treatment shown in Tables
5 and 6, respectively.  Finally, the last subsection discusses
how display advertising effectiveness varies by the type of
targeting deployed by the advertiser, as shown in Tables 9 and
A8.  Noting a few things here will make the interpretation of
the results more straightforward.  First, the display advertising
effectiveness across all the tables is captured by the ATE vari-
ables.  The average treatment effect is measured as the change
in a desired consumer activity, such as purchase, which is the
result of a randomly drawn individual from the population of
users targeted by the advertisers’ marketing campaigns being
successfully exposed to a display advertisement.  Second, the
treated variable controls for any systematic differences in con-
sumers that are targeted; therefore, the ATE variables are not
contaminated by such effects.  Third, the advertising exposure
variables in Tables 4 and 6 (i.e., ATE exposure 1–5) indicate
the relative position of the display advertising exposure in the
consumer funnel path, rather than the absolute positions.  As
far as the goodness of fit of the models is concerned, given
the particular econometric specifications, the R-squared
indicates a good fit of the model to our data in alignment with
previous studies in this area (Tucker 2015); fitting a mean
deviated model, the effects for individuals are simply sub-
tracted out of the model and, thus, their overall effect is not
quantified on the fit of the model leading to seemingly low
within R² measures (Baltagi 2008).  Finally, for each specifi-
cation, additional robustness tests have been conducted and
are presented in the “Additional Robustness Checks” section.
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Figure 4.  Coverage of WBAN Weather Stations that Report the Hyper-Local Granular Weather
Information per 20-Minute Intervals and Consumers’ Latitude and Longitude Across the United States 

Table 3.  ATE of Display Advertising Exposure (Binary Exposure)

Search
Brand Direct Visit

Organic
Search

Search
Nonbrand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
-0.0020*** -0.0018*** -0.0011*** -0.0008*** -0.0010*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE 
0.0072*** 0.0101*** 0.0054*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Constant
0.0550*** 0.0552*** 0.0502*** 0.0418*** 0.0251*** 0.0243***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0003) (0.0002)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

R-squared 0.0474 0.0443 0.0436 0.0384 0.0192 0.0141

F-statistic 3094.3290 2880.0827 2835.8551 2484.2280 1215.6310 891.4947

Number of observations 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Spurring Interest in the Brand

The coefficients of the impact of display advertising (ATE in
Table 3) are positive and significant for all of the consumer
behavior outcome variables, indicating that display adver-
tising generates and stimulates the consumers’ interest for the
brand.  In particular, we empirically show that consumers
engage both in active search, exerting effort to gather
information and passive search, using information sources
that arrive exogenously.  Specifically, an exposure to a dis-
play advertisement significantly increases both the chances of
a consumer to visit the website directly and the chances to
initiate a search session on any search engine using brand-
related search queries.

Among the variables that capture an increased interest in the
advertiser’s brand (i.e., direct visit, search engine inquiries,
click on future display ads), we show that direct visits to the
website are the most prevalent effect of display advertising. 
Specifically, an additional exposure to display advertising
increases direct visits website activity (after the exposure) by
an average of 0.0101, as shown in Column 2 of Table 3.  This
estimate is also of important economic significance as the
coefficient of interest suggests that exposure to a single
advertising impression increases consumers’ probability to
make a direct visit to the advertiser’s website by 36.07%,
relative to the mean of direct visit probability.  Additionally,
targeting the consumers earlier in the funnel path can increase
the aforementioned effect by up to 0.0282, as shown in
Column 2 of Table 4.
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Table 4.  ATE Dynamics of Display Advertising Exposure (Binary Exposure)

Search
Brand Direct Visit

Organic
Search

Search
Nonbrand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
-0.0010*** -0.0011*** -0.0002 0.0001 -0.0006*** -0.0008***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Exposure 1
0.0302*** 0.0282*** 0.0265*** 0.0227*** 0.0147*** 0.0084***

(0.0006) (0.0006) (0.0006) (0.0006) (0.0004) (0.0003)

ATE Exposure 2
0.0193*** 0.0167*** 0.0156*** 0.0136*** 0.0092*** 0.0045***

(0.0006) (0.0006) (0.0005) (0.0005) (0.0004) (0.0003)

ATE Exposure 3
0.0127*** 0.0120*** 0.0099*** 0.0076*** 0.0059*** 0.0032***

(0.0006) (0.0006) (0.0005) (0.0005) (0.0004) (0.0003)

ATE Exposure 4
0.0071*** 0.0095*** 0.0061*** 0.0041*** 0.0038*** 0.0023***

(0.0006) (0.0006) (0.0005) (0.0005) (0.0004) (0.0003)

ATE Exposure 5
0.0048*** 0.0078*** 0.0035*** 0.0007 0.0025*** 0.0015***

(0.0006) (0.0006) (0.0005) (0.0005) (0.0004) (0.0003)

ATE Other Exposures
-0.0008* 0.0052*** -0.0017*** -0.0039*** 0.0001 0.0003*

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0002)

Constant
0.0544*** 0.0548*** 0.0496*** 0.0412*** 0.0248*** 0.0241***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0003) (0.0002)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

R-squared 0.0486 0.0448 0.0447 0.0396 0.0197 0.0144

F-statistic 2836.7881 2606.5979 2596.0580 2290.1442 1115.9656 812.7444

Number of observations 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Table 5.  ATE of Display Advertising Exposure (Exposure in Minutes)
Search
Brand Direct Visit

Organic
Search

Search
Nonbrand

Display
Click Conversion

Time
-0.0526*** -0.0506*** -0.0486*** -0.0411*** -0.0236*** 0.0140***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
0.0018*** 0.0000 0.0016*** 0.0010*** 0.0005** -0.0004**

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Duration
-0.0001 0.0026*** 0.0001 -0.0002 0.0003*** 0.0003***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Constant
0.0542*** 0.0520*** 0.0498*** 0.0418*** 0.0247*** 0.0244***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0003) (0.0002)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

R-squared 0.0480 0.0418 0.0444 0.0392 0.0195 0.0143

F-statistic 2937.7869 2541.6991 2702.6603 2376.6326 1157.6243 845.0611

Number of observations 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.
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Table 6.  ATE Dynamics of Duration of Display Advertising Exposure (Exposure in Minutes)

Search
Brand Direct Visit

Organic
Search

Search
Nonbrand

Display
Click Conversion

Time
-0.0527*** -0.0507*** -0.0486*** -0.0411*** -0.0236*** 0.0140***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
0.0028*** 0.0007** 0.0025*** 0.0018*** 0.0009*** -0.0002

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Exposure 1
0.0085*** 0.0091*** 0.0076*** 0.0070*** 0.0043*** 0.0019***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Exposure 2
0.0043*** 0.0054*** 0.0037*** 0.0036*** 0.0022*** 0.0010***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

ATE Exposure 3
0.0018*** 0.0036*** 0.0018*** 0.0014*** 0.0012*** 0.0006***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

ATE Exposure 4
-0.0001 0.0027*** 0.0003 0.0001 0.0004** 0.0004***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

ATE Exposure 5
-0.0012*** 0.0018*** -0.0006** -0.0010*** -0.0002 0.0001

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

ATE Other Exposures
-0.0029*** 0.0007*** -0.0025*** -0.0026*** -0.0010*** -0.0002***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Constant
0.0536*** 0.0516*** 0.0493*** 0.0413*** 0.0244*** 0.0243***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0003) (0.0002)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

R-squared 0.0492 0.0424 0.0453 0.0403 0.0200 0.0145

F-statistic 2690.2477 2305.6820 2469.6012 2184.9995 1062.6883 763.5120

Number of observations 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Going beyond the binary treatment, we can see that an addi-
tional minute of exposure to a display advertisement can
increase direct visit activity by 0.0026, as shown in Table 5. 
This suggests that the longer the duration of the consumer’s
exposure to the display advertisement, the more likely the
consumer is to make a direct visit, rather than visit the website
through the rest of the channels.  Also, the duration of the
exposure has a positive and significant effect on consumers’
propensity to make direct visits to the advertiser’s website
throughout the funnel path, as shown in Table 6.  These
findings have important implications for marketers because,
contrary to other display advertising effects, the search
behavior exhibited through direct visits requires a higher level
of engagement from the users; consumers need to recall the
brand and remember the retailer’s website in order to make a
direct visit sometime after being exposed to a display
advertisement.

Moreover, as a result of display advertising, consumers en-
gage in active search behavior collecting information through

other channels as well.  In particular, one display advertising
exposure increases brand search activity by an average of
0.0072, as shown in Column 1 of Table 3.  The coefficient is
also of important economic significance as the exposure to a
single advertising impression increases consumers’ brand
search intent by 25.7%, relative to the mean of brand search
activity.  Interestingly, this effect becomes up to four times
larger (0.0302) when the advertiser targets the consumer
earlier in the funnel path, as shown in Column 1 of Table 4. 
Hence, display advertising can have a positive impact on con-
sumers’ propensity to search, even when they do not directly
engage with the display advertisement itself.  Additionally, as
shown in Table 6, an additional minute of exposure to the
display advertiser can affect consumers’ search engine
inquiries when this exposure takes place very early in the
funnel path.

The results detailed above suggest that if advertisers do not
account for spillovers from display advertising, they might
overestimate the effectiveness of search advertising toward
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increasing consumers’ propensity to convert.  Accordingly,
advertisers might underestimate the effects of display adver-
tising if they do not account for spillovers to other types of
search behaviors, such as direct visits and search engine
inquiries.  Many single-source ad hoc attribution models, such
as the last-click channel attribution model, would give the
whole credit to search paid advertising, if that was the last
touchpoint of a successful funnel path that concluded with a
conversion.  Similarly, such models would not give any credit
at all to the display advertising that lead to a direct website
visit, if direct visit is the last touchpoint of a successful funnel
path that concluded with a conversion.  However, as our
results indicate, a consumer might choose to perform a
branded search or make a direct visit as a result of a display
advertising exposure.

Finally, display advertising leads consumers to engage in
passive search using information sources that arrive exoge-
nously to them.  Specifically, display advertising makes
consumers more responsive to future display advertisements
as it increases display advertisement clicks activity by an
average of 0.0037, as shown in Column 5 of Table 3.  Apart
from being statistically significant, the estimate is of impor-
tant economic significance as well given that the coefficient
of interest suggests that exposure to a single advertising
impression increases consumers’ intention to click on a future
display advertisement by 28.46%, relative to the mean of
display click advertisement probability.  Similar effects are
observed for the duration of the exposure to the display
advertisement, as shown in Column 5 of Tables 5 and 6.

Spurring Interest in the Product

The coefficients of the impact of display advertising on the
consumer behavior outcome variables that capture interest for
the product category (i.e., nonbrand paid advertising, organic
search results) are all positive and significant, indicating that
display advertising generates and stimulates the consumers’
interest for the product category in general and beyond the
brand itself.  However, compared to the effects of the brand
interest, those of the product interest are smaller in magnitude
and exhibit decreasing marginal effects.

In particular, a display advertising exposure increases visits
through the organic results of search engines, by 0.0054 on
average, as shown in Column 3 of Table 3.  This coefficient
suggests that exposure to a single advertising impression
increases consumers’ intent to visit through an organic search
result by 20.77%, relative to the mean of organic search visits.
Similarly, a display advertising exposure increases the generic
keyword sessions and clicks on the advertiser’s paid-search
advertisement, by 0.0031 on average, as shown in Column 4

of Table 3.  Apart from being statistically significant, the
estimates are also of important economic significance as the
coefficient of interest suggests that exposure to a single adver-
tising impression increases consumers’ intent to visit through
generic keywords search sessions by 17.76%, relative to the
mean of generic search visits.  Such effects decrease later in
the funnel path, as shown in Table 4, because as consumers
move further down the funnel path, they shape their prefer-
ences.  Finally, on average, increasing the duration of the
exposure to display advertising does not have an overall
significant impact on the aforementioned outcomes, as shown
in Table 5.  However, studying the dynamics of these effects,
we see that an additional minute of exposure to display
advertising can increase consumers’ propensity to initiate and
click on generic keywords sessions very early in the funnel
path, as shown in Table 6.

We show that display advertising can have positive spillover
effects to other brands in the same product category, based on
the increase in nonbrand search inquiries.  In other words,
display advertising might not only benefit the advertiser, but
also some competitors, since a user who is more likely to
search for the product using a generic keyword might end up
choosing a competitor’s product offering.

Increasing Consumers’ Propensity to Convert

Up to this point, we have discussed the effects of display
advertising on spurring the interest in the brand and the
product, as exhibited by various active and passive search
consumer behaviors.  Next, we discuss the impact of display
advertising on increasing consumers’ propensity to convert
and successfully complete their current funnel paths.  In prior
literature, the findings regarding the ability of display adver-
tisements to drive conversions are conflicting and there is a
debate regarding whether display advertising is an effective
means of generating direct sales.

We evaluate the likelihood of purchase after a successful
display advertising exposure at the completion of the funnel
path.  Evaluating the impact of display advertising on
increasing consumers’ propensity for conversions, the effect
is positive and significant across the whole funnel path, as
shown in Column 6 of Table 4.  Apart from being statistically
significant, the estimates are also of important economic
significance as the coefficient of interest suggests that expo-
sure to a single advertising impression increases consumers’
purchase intent by 7.1%, relative to the mean of conversion
probability.  Similar effects are observed regarding the
duration of the exposure to the display advertisement, as
shown in Column 6 of Table 6.  These results suggest that
display advertising has a positive impact on the decision of
consumers to convert.
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Overall, evaluating a wide range of consumer behaviors, we
show that an advertising exposure is able to create and sustain
an increased interest for the brand and product.

Results under Potentially
Endogenous Treatment

In this section, we discuss the results of various alternative
methods we employ that allow for potentially endogenous
allocation mechanisms into the treatment group.  First, Table
7 shows the results of the difference-in-differences matching
estimator; we find that our results remain qualitatively very
similar.  Furthermore, the results of the additional specifi-
cations that control for potentially time-varying unobserved
confounders with various controls for targeting mechanisms
are shown in Tables A3–A5 of the appendix.  Again, we find
that the estimates of interest remain robust after controlling
for potential time-varying unobserved effects related to
targeting mechanisms and advertising networks.  Similarly,
Table A6 presents the results of the specification employing
a proxy variable for the potential unobserved confounder and
shows that the estimates remain very robust.

Moreover, the results of the instrumental variable (IV) fixed
effects method are presented in Table 8.  In particular, Table
8 presents the results of the panel data IV method deploying
hyper-local granular weather information at the 20-minute
interval of the advertising exposure as an instrument. 
Furthermore, Table A7 presents the results of the panel data
instrumental variable method employing just the precipitation
level at the 20-minute interval of the advertising exposure as
an instrument.  Overall, tapping into the variety of big data
sets by augmenting our data with hyper-local weather infor-
mation during the advertising exposures, we are able to
employ the IV method and find that our results remain
qualitatively very consistent, which ensures us that the coeffi-
cients of interest regarding the effectiveness of a successful
advertising exposure are not driven by time-varying unob-
served effects or other unobserved confounders.  In addition,
while each of the employed strategies for assessing causal
effects is based on different assumptions, all produce conver-
gent results and, hence, enhance the credibility of our results.

Effectiveness by Type of Display Advertising

Digital attribution pertains to attributing credit not only across
different channels an advertiser employs to promote and
attenuate the marketing message in the online world but also
across different mediums and platforms.  Hence, an additional
step of our analysis is the evaluation of the effectiveness of

display advertising across the different types of targeting and
mediums.

During the six-month period of our data set, five different
types of display targeting were deployed by the advertiser. 
The first type of display advertising is related to affiliate
advertising, a type of performance-based targeting, according
to which the affiliate channels are getting rewarded by the
advertiser for bringing in consumers through their own
marketing efforts.  Based on the results presented in Table 9,
affiliate advertising increases consumers’ probability to
search for the brand through search advertising, by an average
of 13.57%, and through direct visits to the advertiser’s web-
site, by an average of 25%, relative to the mean probabilities
of these actions.  Furthermore, this type of advertising is
effective in the long run for generating sales, as a display
advertising exposure by this type of targeting increases the
probability of a conversion by 12.90%, as shown in Table 9. 

Moreover, branding pre-roll advertising, which entails a
limited 15- to 30-second video advertisement auto-playing
before a user-selected video content, has a strong positive and
significant effect on the consumers’ propensity to visit the
advertiser’s website through organic search results, while it
does not seem to increase consumers’ propensity to make a
conversion, as shown in Table 9.

Retargeting, a form of online advertising that allows mar-
keters to target consumers based on their previous actions,
decreases the probability that the user will visit the adver-
tiser’s website after the exposure by 45%, relative to the mean
probability of search, as shown in Table 9.  A possible expla-
nation for this finding is that retargeting might be annoying
for many consumers, causing them to actively avoid searching
for the brand immediately after an exposure, but in the long
run it seems effective as it is increasing consumers’ propen-
sity to convert by an average of 26.12%.

Finally, prospecting display advertising, which aims at finding
new customers early in their funnel path, and CPA adver-
tising, which is a more performance-based type of advertising
that minimizes the cost per acquisition (i.e., an online conver-
sion), are more effective in spurring consumers’ interest in the
brand and the product, across all of the different outcome
variables.  For instance, both increase the chances that the
consumer will visit the advertiser’s website after the expo-
sure, by roughly more than 150%, as shown in Column 1 of
Table 9.  Our results demonstrate how effective this type of
targeting is in spurring consumers’ interest in the product and
brand.  Qualitatively similar results are shown for the duration
of the exposure of the consumers to the display adver-
tisements in Table A8 of the appendix.
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Table 7.  DID Matching Estimator (Effect of Display Advertising)

Search
Brand Direct Visits

Organic
Search

Search
Nonbrand

Display
Clicks Conversion

ATE Expos. 1
0.0087*** 0.0118*** 0.0071*** 0.0019*** 0.0029*** 0.0068***

(0.0004) (0.0004) (0.0003) (0.0003) (0.0004) (0.0013)

ATE Expos. 2
0.0067*** 0.0084*** 0.0055*** 0.0031*** 0.0033*** 0.0012

(0.0004) (.0004) (0.0004) (0.0003) (0.0003) (0.0007)

ATE Expos. 3
0.0054*** 0.0087*** 0.0049*** 0.0022*** 0.0035*** 0.0013**

(0.0004) (0.0005) (0.0004) (0.0003) (0.0004) (0.0007)

ATE Expos. 4
0.0028*** 0.0051*** 0.0036*** 0.0010*** 0.0023*** -0.0012

(0.0003) (0.0004) (0.0003) (0.0002) (0.0003) (0.0007)

ATE Expos. 5
0.0034*** 0.0062*** 0.0027*** 0.0012*** 0.0025*** -0.0011

(0.0004) (0.0005) (0.0003) (0.0003) (0.0003) (0.0006)

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Table 8.  IV (2SLS) Fixed Effect Estimation with Precipitation Level, Temperature and Relative Humidity
as Instruments

Search
Brand Direct Visit

Organic
Search

Search
Nonbrand

Display
Click Conversion

Treat
-0.0024 -0.0027 -0.0028 -0.0012 -0.0021 -0.0009

(0.0043) (0.0042) (0.0041) (0.0038) (0.0030) (0.0022)

Time
-0.0557*** -0.0521*** -0.0495*** -0.0428*** -0.0249*** 0.0134***

(0.0013) (0.0013) (0.0012) (0.0011) (0.0009) (0.0007)

ATE
0.0073* 0.0109*** 0.0063* 0.0039 0.0044* 0.0025*

(0.0029) (0.0028) (0.0027) (0.0025) (0.0020) (0.0012)

Constant
0.0557*** 0.0523*** 0.0496*** 0.0425*** 0.0251*** 0.0243***

(0.0017) (0.0017) (0.0016) (0.0015) (0.0012) (0.0009)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

Centered R² 0.0483 0.0421 0.0430 0.0392 0.0194 0.0143

F-statistic 1209.87 1045.78 1071.12 971.66 471.06 345.36

Number of observations 1,232,922 1,232,922 1,232,922 1,232,922 1,232,922 1,232,922

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.
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Table 9.  ATE of Display Advertising Exposure by Type of Targeting (Binary Exposure)

Search
Brand Direct Visit

Organic
Search

Search
Nonbrand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
0.0020*** 0.0018*** 0.0025*** 0.0023*** 0.0006*** -0.0020***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Branding Pre-Roll
Video

0.0273 0.0273 1.0241*** 0.0199 0.0124 -0.0050

(0.1281) (0.1287) (0.1228) (0.1113) (0.0907) (0.0649)

ATE Retargeting
-0.0183*** -0.0128*** -0.0177*** -0.0170*** -0.0067*** 0.0081***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0002)

ATE Affiliate
0.0038*** 0.0070*** 0.0005 -0.0004 0.0004 0.0040***

(0.0006) (0.0006) (0.0006) (0.0005) (0.0004) (0.0003)

ATE Seeding CPM
0.0437*** 0.0431*** 0.0389*** 0.0320*** 0.0191*** -0.0065***

(0.0004) (0.0004) (0.0004) (0.0003) (0.0003) (0.0002)

ATE Targeted CPA
0.0414*** 0.0407*** 0.0380*** 0.0303*** 0.0184*** -0.0061***

(0.0010) (0.0010) (0.0009) (0.0008) (0.0007) (0.0005)

Constant
0.0507*** 0.0514*** 0.0464*** 0.0385*** 0.0235*** 0.0252***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0003) (0.0002)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

R² 0.0561 0.0513 0.0516 0.0457 0.0223 0.0161

F-statistic 3373.6421 3070.2128 3089.0339 2716.9083 1295.0329 929.5277

Number of observations 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Additional Robustness Checks

We conducted several additional robustness tests with supple-
mentary data and alternative model specifications to examine
whether the key results remain consistent.  In the following
paragraphs, we describe in detail these additional robustness
checks.

Falsification Checks

One might think that it is plausible that the previous set of
models is simply picking up spurious advertising effects as a
result of pure coincidence, a general increase in the corre-
sponding metrics for our dependent variables, or other unob-
served factors.  To assess this possibility that the advertising
exposure variable is capturing significant effects by chance or
because of other confounding factors, we run various falsi-
fication tests using the same models (in order to maintain
consistency) but randomly indicating which subjects have

been treated (i.e., consumers who have been targeted by the
advertising mechanism and the advertisement was rendered
visible) and not treated (i.e., consumers who have been
targeted by the advertising mechanism but the advertisement
was not rendered viewable).  In particular, we use a standard
(pseudo) random number generator to create a variable that
indicates which of the targeted consumers are treated.  Under
this falsification test, since the treatment variable does not
bear the real information of whether the display advertisement
was viewable, the corresponding coefficient should not pick
any effect in the falsification models and show that there is no
impact.  

The results of these falsification tests for the binary treatment
are shown in Tables A9 and A10 of the appendix.  We see
that, under this check, the corresponding coefficients ATE are
not statistically significant, indicating that our findings are not
a statistical artifact of our specification, but we indeed dis-
covered the actual effects.  Similar results were obtained for
all the dependent variables in our study.  Thus, the falsi-
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fication tests show that the relationship between our
dependent variables and advertising exposures did not arise
spuriously but online display advertising significantly affects
consumer behavior.

DID Robustness to Alternative Specifications

Imbens and Wooldridge (2009) discuss an alternative specifi-
cation for the DID model, with panel data that assumes
unconfoundedness given lagged outcomes, in order to make
treated and control individuals comparable on lagged out-
comes.  In order to check the sensitivity of our results to these
different assumptions and specifications, we run our models
with an additional covariate of the lagged outcome for each
different consumer behavior outcome.  As the results in
Tables A12 and A13 in the appendix indicate, our findings
remain qualitatively the same.  Thus, although these two
models make fundamentally different assumptions, the ATE
of display advertising still remains positive and significant.

Furthermore, in order to exploit the natural ordering of the
advertising exposures, we test an alternative specification
instead of using dummy (categorical) variables.  In particular,
we capture the nonlinearity of the ATE of display advertising
across the exposures, by using the inverse of the logarithm of
the relative position of advertising exposure.  As shown in
Tables A14 and A15, this alternative specification corrob-
orates our findings.  Using such a specification, marketers can
better understand the dynamic effects as a function of the
relative position of the display advertising exposures in
consumers’ funnel paths.

Controlling for Demographics
in the DID Matching 

In order to also control for unobserved consumer demo-
graphic characteristics, which might drive the firm’s targeting
in the DID matching model, we enhance our data set by
collecting demographics information at the zip code level. 
For each consumer identifier in our database, we map the
associated IPv4 addresses of the customer into the zip code of
the area in which the consumer is located.5  Then, we collect
various demographics, such as the median household income,
median age, male to female ratio, educational attainment, etc.,
at the zip code level.6  In order to control for the sensitivity of

the DID matching estimator to unobserved demographics, we
first predict the propensity score (i.e., the probability that a
consumer will be successfully treated with a display adver-
tisement that is rendered viewable), introducing such demo-
graphic variables in the model in addition to consumer’s
advertising exposures and past browsing behavior.  Then, we
rerun the DID matching models and evaluate whether our
results remain qualitatively the same.  As shown in Table A16
of the appendix, the effects of display advertising on spurring
consumers’ interest in the brand and the product remain
qualitatively the same, after controlling for consumer
demographics characteristics at the zip code level.

Controlling for Seasonality and
Other Time-Related Effects

In order to also control for seasonality trends and other time-
related effects, we introduce in the employed individual-level
panel data difference-in-differences model specification time
dummies and time trends at the monthly, weekly, and daily
level, respectively.  Time dummies allow us to capture
specific effects related to that month or week of the year that
might affect the outcome and potentially bias the ATE. 
Alternatively, time trends allow us to model how the overall
direction of the respective outcome moves over time and
purge such effects from the coefficient of interest.

Tables A17 and A18 present the results when we introduce in
our model time dummies and time trends at the month level,
respectively.  Similarly, Tables A19 and A20 present the
results when we introduce time dummies and time trends at
the weekly level, respectively.  Furthermore, Table A21
presents the results when we introduce nonlinear weekly time
trends.  Finally, Table A22 presents the results when we intro-
duce weekly time dummies and daily time trends at the same
time.  The results remain consistent under all specifications. 
Furthermore, our results also remain consistent when we
control for the day of the week time dummies.  Overall, we
find that the estimate of interest remains highly robust when
we control for average time-varying unobserved effects at the
monthly, weekly, and daily level, which further enhances our
confidence that the effect of a successful display exposure is
not driven by time-varying trends or seasonality effects.

Controlling for Skewed Duration of Exposure

Furthermore, in our data set, the distribution of the duration
of consumers’ exposure to display advertisements is skewed
right, with a skewness coefficient of 1.42.  In order to control
for extreme values of the durations that might drive the results

5Maxmind GeoIP2 Web Service was used for this mapping.

6Source:  U.S. Census Bureau, 2010 Census of Population.
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of the ATE of display advertising for nonbinary exposures,
we rerun the nonbinary treatment models after normalizing
the duration of the exposure.  Table A23 reports the results for
this specification where it is shown that our coefficients
remain qualitatively the same.

Additional Control Variables

Finally, various other robustness checks were employed.  For
instance, we controlled for whether the display advertisement
has a dynamic content and, hence, whether the obtrusiveness
of the ad affects the nature of our results (see Tables A24 and
A25 in the appendix).  We also control for additional vari-
ables, including the actual position of the user in the funnel
path (see Tables A26 and A27).  As shown in the afore-
mentioned tables, the results remain similar.

Finally, we allow for heterogeneity in the response of the
consumers to advertising exposures, apart from individual-
level and ad-level heterogeneity, through employing a hier-
archical Bayesian model.  We find that our results remain
qualitatively similar.  For instance, Figure 5 shows the
posterior probability distribution density for direct visits to the
advertiser’s website.

Conclusions, Managerial Implications,
and Limitations

In this study, we analyze the relationship between display
advertising and several online consumer behaviors, including
but not limited to the consumers’ propensity to convert.  We
argue that the effectiveness of display advertising and any
other advertising channel should be evaluated across a wide
range of consumer behaviors, apart from increasing
consumers’ propensity to convert.  We employ a quasi-
experiment framework that allows us to evaluate advertising
effectiveness as well as build causal attribution models with
individual-level data.  Finally, we move beyond the standard
binary treatment that the prior literature typically adopts; to
the best of our knowledge, this is the first to study and
causally identify the effect of the duration of consumer’s
exposure to the display advertisement in a real-world setting.

Key Findings

The results presented in this paper demonstrate that mere
exposure to display advertising (i.e., without requiring the
user to engage with the ad) spurs interest toward the adver-

tiser’s brand and product.  We empirically show that
consumers, as a result of display advertising, engage both in
active search, exerting effort to gather information through
search engines and direct visits to the advertiser’s website, as
well as in passive search, using information sources that
arrive exogenously, such as future display ads.  Interestingly,
the longer the duration of an exposure to display advertising,
the more likely the consumer is to engage in direct search
behaviors (e.g., direct visits) rather than indirect ones (e.g.,
search engine inquiries).  Furthermore, the effect of display
advertising in passive search behavior is not negligible as
consumers are more likely to click on a future display
advertisement.  This study also provides deep insights into the
dynamics of the effects of display advertising; we find that
advertising effects are amplified up to four times when
consumers are targeted earlier in the purchase funnel path. 
Furthermore, display advertising also increases consumers’
propensity to make a purchase.  

Moreover, our incremental lift approach demonstrates how
advertisers can attribute credit across the various types of
display advertising (e.g., prospecting, retargeting, affiliate
targeting, pre-roll video, etc.) as well as how display adver-
tising triggers other paid and nonpaid advertising exposures
in the funnel path.  We argue that instead of attributing the
whole credit for a conversion across all the channels, adver-
tisers should attempt to identify the incremental lift that each
channel has in changing the consumers’ behavior in desired
ways.  An incremental lift approach is appropriate as con-
sumers almost never enter the funnel path in a vacuum since
there exists a reservoir of past experiences, brand equities,
and other factors, such as social influences, that will affect a
consumer’s decision to make a purchase.

Managerial Implications 

The deployment of the proposed multichannel attribution
model itself from advertisers can also have significant mana-
gerial implications.  In particular, implementing the proposed
display channel attribution method, advertisers will be able to
use big data analytics in order to substitute away marketing
budget from less effective and cost efficient channels and
media and enhance the overall effectiveness of their digital
marketing strategy (Tucker 2012).  At the same time, through
the implementation of the proposed model, advertisers will be
able to discern the most effective advertising channels and
further capitalize on their targeting features to improve their
return on investment.  For instance, examining the various
effects across the different types of display advertising
targeting types in our data set, it is evident that some targeting
methods (e.g., retargeting advertising) perform better than
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Figure 5.  Allowing for Heterogeneity in Consumers’ Response to Advertising (tau) Through a
Hierarchical Bayesian Model (Posterior Probability Distribution Density for Direct Visits)

others (e.g., branding pre-roll video advertising) in increasing
consumers’ propensity to make a conversion.  Conversely,
other targeting methods are better suited for driving consumer
awareness.  In addition, the proposed channel attribution
model can facilitate performance-based advertising by al-
lowing advertisers to reward their digital display networks
partners based on their true effectiveness in driving key
marketing objectives.  In addition, the proposed channel
attribution model can also facilitate real-time bidding while
allowing the advertisers to perform real-time analysis of their
advertising campaigns.  Finally, the channel attribution model
also enables better optimization of granular advertising
choices for advertisers, such as the effectiveness of display
creative strategies or the identification of the optimal time
intervals between advertising exposures.  In particular, the
proposed framework can be effectively used to identify
subgroups of treated and untreated individuals that have been
exposed to different tactical advertising strategies in order to
identify the true causal effect of these advertising strategies in
achieving key marketing objectives.

Our paper has limitations, which primarily arise from the data. 
Although we have data on all of the search sessions that
resulted either in a click on a paid advertisement, or in a click
on the organic results for the specific advertiser, we do not
have information about search sessions that led to com-
petitors’ websites.  However, this would only imply that our
results could underestimate the effect of display advertising
on spurring consumers’ interest in the brand and the product,

in which case we should interpret the corresponding estimates
as a lower bound of the corresponding effects.  Future work
could also examine whether the effects we identify are
persistent across various industries and business models and
further enhance the external validity of the results.  Addi-
tionally, in the current paper, we focus on examining
consumers’ behaviors as captured by their actions at the next
touchpoint of the funnel path.  Future work could further
examine long-term behavioral changes on outcomes other
than the consumer’ propensity to convert and evaluate the role
of online advertising in the establishment of positive brand
equity.  Notwithstanding these limitations, we hope our paper
paves the way for more research in this increasingly important
and emerging stream of work in digital attribution.
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Appendix

Table A1.  Summary Statistics of Advertising Exposure Data at the Observation Level

Observations Mean St. Deviation Min Max

Search Brand 3,000,000 0.028 0.165 0 1

Direct Visit 3,000,000 0.028 0.166 0 1

Organic Search 3,000,000 0.026 0.158 0 1

Search Non-Brand 3,000,000 0.021 0.144 0 1

Display Clicks 3,000,000 0.013 0.113 0 1

Conversion 3,000,000 0.031 0.173 0 1

Treat 3,000,000 0.449 0.497 0 1

Treat Duration 2,820,9341 1.114 1.439 0 55.39

Dynamic Ad 3,000,000 0.852 0.355 0 1

1 The duration of the exposure of the consumer to the display advertisement is not known for a small sample of the consumers who were indeed

treated.  Thus, the tables referring to the duration of the treatment have slightly fewer observations.
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Figure A1.  Overlap of Estimated Propensity Score Matching Probability Distributions of Treated and
Untreated Individuals with Demographics

Table A2.  Covariate Balance Summary for Matching Estimator Including Demographic Variables (2)

Standardized Differences Variance Ratio

Raw Matched Raw Matched

Lagged Frequency of Display Clicks -0.0158 -0.0002 0.9110 0.9910

Lagged Frequency of Display Impressions 0.0095 0.0004 0.4504 0.9811

Lagged Frequency of Direct Website Visits -0.0095 -0.0020 1.0434 1.0097

Lagged Frequency of Organic Searches -0.0207 -0.0002 0.9442 1.0000

Lagged Frequency of Brand Paid Searches -0.0253 -0.0014 1.0174 0.9915

Lagged Frequency of Brand Non-Paid Searches -0.0209 -0.0005 0.8523 0.9688

Median Household Income -0.0013 0.0009 1.0189 0.9994

Median Age 0.0074 0.0001 1.0233 0.9993

White Alone Population Ratio 0.0001 0.0004 0.9883 0.9988

Black Alone Population Ratio 0.0062 -0.0005 1.0068 0.9992

Asian Alone Population Ratio -0.0165 0.0001 0.9324 0.9991

Male to Female Ratio -0.0075 -0.0012 0.9856 0.9968

Walked No Vehicle Ratio -0.0008 -0.0002 1.0203 1.0010

Walked with Vehicle Ratio -0.0029 -0.0010 0.9853 0.9982

Minimum Education Ratio -0.0089 0.0010 0.9987 0.9976

Number of days since Last Purchase -0.0106 -0.0007 1.0379 1.0093

Lagged Ratio of Successful Viewable Treatments 0.0477 0.0109 1.3381 1.0281
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Figure A2.  Covariate Balance Summary (Standardized Differences in Means) for the Difference-in-
Differences Matching Estimator

Figure A3.  Covariate Balance Summary (Standardized Differences in Means for the Difference-in-
Differences Matching Estimator with Demographics
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Figure A4.  Covariate Balance Summary (Variance Ratios) for the Difference-in-Differences Matching
Estimator

Figure 5.  Covariate Balance Summary (Variance Ratios) for the Difference-in-Differences Matching
Estimator with Demographics
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Figure A6.  Allowing for Heterogeneity in tau (Search Brand)

TableA3.  DID Binary Exposure with Targeting Controls

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0020*** -0.0018*** -0.0011*** -0.0008*** -0.0011*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0071*** 0.0101*** 0.0053*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Constant
0.0575*** 0.0570*** 0.0514*** 0.0429*** 0.0278*** 0.0243***

(0.0006) (0.0006) (0.0006) (0.0005) (0.0004) (0.0003)

Type of Targeting
Controls

     

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0475 0.0443 0.0437 0.0385 0.0192 0.0141

F-statistic 2827.3846 2630.3258 2589.9686 2268.9049 1113.4152 813.9582

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Controlling for time-varying unobserved confounders with type of targeting dummies.  Significance levels defined as *p < 0.05, **p < 0.01,

***p < 0.001; robust standard errors are in parentheses.
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Table A4.  DID Binary Exposure with Targeting Controls (2)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0019*** -0.0017*** -0.0010*** -0.0007*** -0.0010*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0069*** 0.0101*** 0.0053*** 0.0030*** 0.0038*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Constant
0.0598*** 0.0585*** 0.0526*** 0.0440*** 0.0309*** 0.0243***

(0.0009) (0.0009) (0.0008) (0.0007) (0.0006) (0.0004)

Type of Targeting
Controls

     

Network Targeting
Controls

     

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0476 0.0443 0.0437 0.0385 0.0194 0.0141

F-statistic 1945.0753 1807.6042 1779.3672 1559.0867 771.2577 558.8322

No. of observ. 2,999,984 2,999,984 2,999,984 2,999,984 2,999,984 2,999,984

Notes:  Controlling for time-varying unobserved confounders with advertising network dummies.  Significance levels defined as *p < 0.05, **p <
0.01, ***p < 0.001; robust standard errors are in parentheses.

Table A5.  DID Binary Exposure with Targeting Controls (3)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0018*** -0.0017*** -0.0010*** -0.0007*** -0.0009*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0067*** 0.0100*** 0.0051*** 0.0030*** 0.0037*** 0.0020***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Constant
0.0516 0.0512 0.0479 0.0394 0.0213 0.0243

(0.0579) (0.0582) (0.0555) (0.0503) (0.0409) (0.0292)

Campaign level
targeting controls

     

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0477 0.0445 0.0438 0.0385 0.0195 0.0141

F-statistic 1166.7978 1084.5281 1066.1234 933.0788 464.1052 334.2958

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Controlling for time-varying unobserved confounders with campaign dummies.  Significance levels defined as *p < 0.05, **p < 0.01, ***p
< 0.001; robust standard errors are in parentheses.
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Table A6.  DID Binary Exposure with Control for Relevant Website Content 

Search Brand Direct Visit
Organic
Search

Search Non-
Brand Display Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0019*** -0.0017*** -0.0010*** -0.0008*** -0.0010*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0071*** 0.0101*** 0.0053*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Constant
0.0579*** 0.0576*** 0.0515*** 0.0431*** 0.0267*** 0.0243***

(0.0007) (0.0007) (0.0007) (0.0006) (0.0005) (0.0004)

Viewability
Ratio Control

     

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0475 0.0443 0.0437 0.0384 0.0192 0.0141

F-statistic 3023.4639 2813.6266 2770.4000 2426.7234 1187.7859 870.7470

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Controlling for time-varying unobserved confounders with a proxy variable.  Significance levels defined as *p < 0.05, **p < 0.01, ***p <
0.001; robust standard errors are in parentheses.

Table A7.  IV (2SLS) Fixed Effects Estimation (2)

Search Brand Direct Visit
Organic
Search

Search Non-
Brand Display Click Conversion

Treat
-0.0004 -0.0003 -0.0020 -0.0009 -0.0005 -0.0010

(0.0042) (0.0041) (0.0040) (0.0037) (0.0029) (0.0021)

Time
-0.0556*** -0.0516*** -0.0494*** -0.0430*** -0.0244*** 0.0133***

(0.0013) (0.0013) (0.0012) (0.0011) (0.0009) (0.0007)

ATE
0.0061* 0.0093*** 0.0059* 0.0037 0.0033 0.0020

(0.0028) (0.0027) (0.0027) (0.0025) (0.0020) (0.0014)

Constant
0.0555*** 0.0516*** 0.0495*** 0.0425*** 0.0244*** 0.0248***

(0.0017) (0.0016) (0.0016) (0.0015) (0.0012) (0.0009)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

Centered R² 0.0487 0.0423 0.0430 0.0395 0.0193 0.0143

F-statistic 1298.70 1119.71 1140.68 1043.17 499.47 368.01

No. of observ. 1,307,342 1,307,342 1,307,342 1,307,342 1,307,342 1,307,342

Notes:  IV (2SLS) Fixed Effect estimation with precipitation level as instrument.  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001;
robust standard errors are in parentheses.
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Table A8.  ATE of Display Advertising Exposure by Type of Targeting  (Exposure in minutes)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0528*** -0.0508*** -0.0488*** -0.0412*** -0.0237*** 0.0140***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
0.0053*** 0.0027*** 0.0048*** 0.0037*** 0.0019*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Duration
Retargeting

-0.0087*** -0.0038*** -0.0077*** -0.0069*** -0.0032*** 0.0022***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

ATE Duration
Affiliate

-0.0021*** -0.0014*** -0.0024*** -0.0020*** -0.0013*** 0.0007***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Duration
Seeding CPM

0.0130*** 0.0128*** 0.0119*** 0.0100*** 0.0057*** -0.0026***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

ATE Duration
Targeted CPA

0.0128*** 0.0129*** 0.0121*** 0.0101*** 0.0059*** -0.0028***

(0.0004) (0.0004) (0.0004) (0.0003) (0.0003) (0.0002)

Constant
0.0508*** 0.0500*** 0.0469*** 0.0393*** 0.0235*** 0.0252***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0003) (0.0002)

R² 0.0560 0.0468 0.0515 0.0456 0.0223 0.0159

F-statistic 3224.4167 2667.1417 2948.8987 2598.2613 1241.8777 877.1480

No. of observ. 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Table A9.  ATE of Display Advertising Exposure (Falsification Check)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0519*** -0.0502*** -0.0477*** -0.0405*** -0.0229*** 0.0140***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
0.0016*** 0.0033*** 0.0016*** 0.0007*** 0.0008*** -0.0000

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Average Treatment
Effect

-0.0001 0.0003 0.0001 0.0001 -0.0000 0.0000

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

Constant
0.0534*** 0.0530*** 0.0489*** 0.0411*** 0.0243*** 0.0238***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0003) (0.0002)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0472 0.0439 0.0435 0.0384 0.0191 0.0141

F-statistic 3079.0830 2850.0415 2826.3297 2480.5812 1207.5744 886.0775

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.
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Table A10.  ATE of Display Advertising Exposure (Falsification Check)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0519*** -0.0502*** -0.0477*** -0.0405*** -0.0229*** 0.0141***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
0.0016*** 0.0033*** 0.0016*** 0.0007*** 0.0008*** 0.0000

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

ATE Duration
-0.0034 0.0039 -0.0001 0.0041 -0.0025 -0.0008

(0.0043) (0.0043) (0.0041) (0.0038) (0.0031) (0.0022)

Constant
0.0534*** 0.0530*** 0.0490*** 0.0411*** 0.0243*** 0.0238***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0004) (0.0003)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0473 0.0439 0.0436 0.0383 0.0191 0.0141

F-statistic 2858.8320 2649.3417 2624.4127 2297.5775 1121.5676 821.6368

No. of observ. 2,801,016 2,801,016 2,801,016 2,801,016 2,801,016 2,801,016

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Table A11.  Falsification Check by Exposure (DID Matching Estimator)

Search
Brand Direct Visit

Organic
Search

Search 
Non-Brand

Display
Click Conversion

1st Exposure
0.0002 0.0001 -0.0010 0.0004 -0.0005 0.0009

(0.0008) (0.0009) (0.0008) (0.0007) (0.0005) (0.0008)

2nd Exposure
-0.0015 0.0022* -0.0006 -0.0007 0.0001 -0.0001

(0.0010) (0.0010) (0.0009) (0.0008) (0.0006) (0.0007)

3rd Exposure
-0.0011 -0.0009 -0.0009 0.0005 -0.0019** 0.0003

(0.0011) (0.0011) (0.0010) (0.0009) (0.0007) (0.0006)

4th Exposure
-0.0014 0.0018 0.0006 0.0003 -0.0001 0.0004

(0.0011) (0.0012) (0.0011) (0.0010) (0.0008) (0.0006)

5th Exposure
-0.0019 -0.0004 -0.0001 0.0001 0.0022** -0.0001

(0.0012) (0.0012) (0.0011) (0.0010) (0.0008) (0.0006)

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.
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Table A12.  DID Unconfoundedness Binary Treatment (Robustness Check)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

ATE
0.0051*** 0.0091*** 0.0048*** 0.0023*** 0.0031*** -0.0001

(0.0002) (0.0002) (0.0002) (0.0001) (0.0001) (0.0001)

Lag Search Brand
-1.6351***

(0.0018)

Lag Direct Visit
-1.4829***

(0.0022)

Lag Organic Search
-1.5707***

(0.0019)

Lag Search Non-Brand
-1.6779***

(0.0018)

Lag Display Click
-1.5135***

(0.0015)

Lag Conversion
0.0000

(.)

Constant
0.0257*** 0.0215*** 0.0212*** 0.0199*** 0.0088*** -0.0276***

(0.0004) (0.0006) (0.0004) (0.0003) (0.0004) (0.0001)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

R² 0.7193 0.5811 0.6832 0.7287 0.7466 0.0003

F-statistic 11456.5678 6200.3400 9640.4826 12003.6341 13170.2782 1.1741

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.
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Table A13.  DID Unconfoundedness Non-Binary Treatment (Robustness Check)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand Display Click Conversion

ATE Duration
0.0002*** 0.0005*** 0.0002*** 0.0001*** 0.0004*** -0.0000

(0.0001) (0.0001) (0.0001) (0.0000) (0.0001) (0.0000)

Lag Search Brand
-1.6305***

(0.0019)

Lag Direct Visit
-1.4770***

(0.0023)

Lag Organic Search
-1.5695***

(0.0019)

Lag Search Non-
Brand

-1.6737***

(0.0018)

Lag Display Click
-1.5094***

(0.0016)

Lag Conversion
0.0000

(.)

Constant
0.0274*** 0.0222*** 0.0226*** 0.0207*** 0.0092*** -0.0282***

(0.0004) (0.0006) (0.0004) (0.0003) (0.0004) (0.0001)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

R² 0.7174 0.5798 0.6835 0.7327 0.7471 0.0003

F-statistic 10570.2735 5745.9138 8993.1679 11415.5008 12301.5474 1.2590

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Table A14.  DID Exposure as Function of Relative Position

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand Display Click  Conversion

Time
-0.0434*** -0.0453*** -0.0402*** -0.0329*** -0.0169*** 0.0154***

(0.0002) (0.0003) (0.0002) (0.0002) (0.0002) (0.0002)

Treated
-0.0032*** -0.0018*** -0.0026*** -0.0024*** -0.0014*** -0.0014***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0002)

Average Treatment
Effect

0.0133*** 0.0141*** 0.0115*** 0.0085*** 0.0058*** 0.0037***

(0.0004) (0.0004) (0.0004) (0.0003) (0.0003) (0.0002)

Constant
0.0422*** 0.0451*** 0.0390*** 0.0317*** 0.0170*** 0.0279***

(0.0007) (0.0008) (0.0007) (0.0006) (0.0005) (0.0005)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

R² 0.0345 0.0351 0.0325 0.0280 0.0120 0.0170

F-statistic 989.9772 1008.0952 930.1717 798.0168 335.3563 479.8568

No. of observ. 1,500,000 1,500,000 1,500,000 1,500,000 1,500,000 1,500,000

Notes:  Effects of display advertising (ATE as Function of Relative Position).  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001;
robust standard errors are in parentheses.
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Table A15.  DID Exposure as Function of Relative Position (Non-Binary Exposure)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand Display Click  Conversion

Time
-0.0411*** -0.0412*** -0.0386*** -0.0318*** -0.0160*** 0.0168***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Duration
0.1308*** 0.2390*** 0.1274*** 0.0928*** 0.0648*** 0.0195***

(0.0070) (0.0070) (0.0067) (0.0060) (0.0046) (0.0044)

Constant
0.0416*** 0.0415*** 0.0385*** 0.0313*** 0.0166*** 0.0279***

(0.0008) (0.0008) (0.0007) (0.0006) (0.0005) (0.0005)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0345 0.0323 0.0327 0.0283 0.0120 0.0171

F-statistic 943.7914 881.0574 893.0538 769.3703 320.6975 461.0108

No. of observ. 1,406,380 1,406,380 1,406,380 1,406,380 1,406,380 1,406,380

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Table A16.  Effects of Display Advertising DID Matching Estimator with Demographics

Search
Brand Direct Visits

Organic
Search

Search
Non-Brand

Display
Clicks Conversion

ATE Exposure 1
0.0082*** 0.0159*** 0.0076*** 0.0022*** 0.0039*** 0.0081***

(0.0008) (0.0009) (0.0007) (0.0005) (0.0004) (0.0014)

ATE Exposure 2
0.0072*** 0.0088*** 0.0070*** 0.0039*** 0.0034*** 0.0002

(0.0007) (0.0008) (0.0006) (0.0006) (0.0005) (0.0008)

ATE Exposure 3
0.0064*** 0.0090*** 0.0064*** 0.0022** 0.0042*** 0.0017*

(0.0008) (0.0009) (0.0008) (0.0007) (0.0005) (0.0008)

ATE Exposure 4
0.0028*** 0.0054*** 0.0033*** 0.0009 0.0026*** -0.0011

(0.0006) (0.0008) (0.0006) (0.0005) (0.0004) (0.0007)

ATE Exposure 5
0.0005 0.0058*** -0.0002 0.0014* 0.0023*** 0.0005

(0.0007) (0.0009) (0.0007) (0.0007) (0.0005) (0.0007)

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

A12 MIS Quarterly Vol. 40  No. 4—Appendix/December 2016



Ghose & Todri/Toward a Digital Attribution Model

Table A17.  DID Binary Exposure with Monthly Time Dummies

Search
Brand Direct Visit

Organic
Search

Search
Non-Brand Display Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0018*** -0.0016*** -0.0009*** -0.0007*** -0.0009*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0072*** 0.0101*** 0.0054*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Constant
0.0514*** 0.0517*** 0.0476*** 0.0405*** 0.0231*** 0.0243***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0004) (0.0003)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

Monthly Time
Dummies

     

R² 0.0477 0.0445 0.0438 0.0385 0.0193 0.0141

F-statistic 2779.8676 2586.1707 2543.2289 2222.1008 1094.8877 796.6396

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Controlling for average time-varying unobserved confounders with monthly dummies.  Significance levels defined as *p < 0.05, **p < 0.01,
***p < 0.001; robust standard errors are in parentheses.

Table A18.  DID Binary Exposure with Monthly Time Trend

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0018*** -0.0016*** -0.0009*** -0.0007*** -0.0009*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0072*** 0.0101*** 0.0054*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Constant
0.0464*** 0.0474*** 0.0439*** 0.0392*** 0.0203*** 0.0243***

(0.0006) (0.0006) (0.0006) (0.0005) (0.0004) (0.0003)

Monthly Trend
0.0058*** 0.0053*** 0.0042*** 0.0017*** 0.0032*** 0.0000

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0477 0.0445 0.0438 0.0385 0.0193 0.0141

F-statistic 3036.9275 2824.6953 2778.1322 2428.2146 1195.8632 796.6396

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Controlling for average time-varying unobserved confounders with monthly time trend.  Significance levels defined as *p < 0.05, **p < 0.01,
***p < 0.001; robust standard errors are in parentheses.
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Table A19.  DID Binary Exposure with Weekly Time Dummies

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0017*** -0.0016*** -0.0009*** -0.0007*** -0.0009*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0072*** 0.0101*** 0.0054*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Constant
0.0471*** 0.0457*** 0.0436*** 0.0393*** 0.0185*** 0.0243***

(0.0007) (0.0007) (0.0007) (0.0006) (0.0005) (0.0004)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

Weekly Time
Dummies

     

R² 0.0477 0.0446 0.0438 0.0385 0.0194 0.0141

F-statistic 1982.6512 1846.2147 1813.1859 1582.7457 783.8970 567.2998

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Controlling for average time-varying unobserved confounders with weekly dummies  Significance levels defined as *p < 0.05, **p < 0.01,
***p < 0.001; robust standard errors are in parentheses.

Table A20.  DID Binary Exposure with Weekly Time Trend

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0017*** -0.0016*** -0.0009*** -0.0007*** -0.0009*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0072*** 0.0101*** 0.0054*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Weekly Trends
0.0015*** 0.0015*** 0.0011*** 0.0005*** 0.0009*** 0.0000

(0.0001) (0.0001) (0.0001) (0.0001) (0.0000) (0.0000)

Constant
0.0482*** 0.0487*** 0.0452*** 0.0398*** 0.0211*** 0.0243***

(0.0005) (0.0006) (0.0005) (0.0005) (0.0004) (0.0003)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0477 0.0445 0.0438 0.0385 0.0194 0.0141

F-statistic 3039.3896 2828.1526 2779.7225 2428.3989 1198.6085 870.7470

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Controlling for average time-varying unobserved confounders with weekly time trend.  Significance levels defined as *p < 0.05, **p < 0.01,
***p < 0.001; robust standard errors are in parentheses.
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Table A21.  DID Binary Exposure with Weekly Time Trend (2)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0017*** -0.0016*** -0.0009*** -0.0007*** -0.0009*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0072*** 0.0101*** 0.0054*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Weekly Trends
0.0027*** 0.0031*** 0.0015*** 0.0010*** 0.0021*** 0.0000

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Weekly Trends Sq.
-0.0001*** -0.0001*** -0.0000* -0.0000*** -0.0001*** -0.0000

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Constant
0.0453*** 0.0448*** 0.0443*** 0.0386*** 0.0181*** 0.0243***

(0.0007) (0.0007) (0.0007) (0.0006) (0.0005) (0.0003)

Individual-level
Heterogeneity

     

Ad-level Heterogeneity      

R² 0.0477 0.0446 0.0438 0.0385 0.0194 0.0141

F-statistic 2971.4985 2766.0181 2716.6661 2373.4887 1173.8197 850.9569

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Controlling for average time-varying unobserved confounders with nonlinear weekly time trend.  Significance levels defined as *p < 0.05,
**p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Table A22.  DID Binary Exposure with Daily Time Trend and Weekly Time Dummies

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treat
-0.0017*** -0.0015*** -0.0009*** -0.0007*** -0.0009*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0072*** 0.0101*** 0.0054*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Daily Trend
0.0004*** 0.0005*** 0.0003*** 0.0001 0.0003*** 0.0000

(0.0001) (0.0001) (0.0001) (0.0001) (0.0000) (0.0000)

Constant
0.0461*** 0.0443*** 0.0428*** 0.0390*** 0.0175*** 0.0243***

(0.0007) (0.0007) (0.0007) (0.0006) (0.0005) (0.0004)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

Weekly Time
Dummies

     

R² 0.0478 0.0446 0.0439 0.0385 0.0195 0.0141

F-statistic 1953.5120 1819.5246 1786.4447 1559.1672 772.9866 558.8325

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Controlling for average time-varying unobserved confounders with weekly time dummies and daily time trend.  Significance levels defined
as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.
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Table A23.  DID Non-Binary Treatment (Duration Normalized)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click  Conversion

Time
-0.0526*** -0.0506*** -0.0486*** -0.0411*** -0.0236*** 0.0140***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
0.0018*** 0.0000 0.0016*** 0.0010*** 0.0005** -0.0004**

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Duration
-0.0034 0.1452*** 0.0045 -0.0088 0.0162*** 0.0154***

(0.0056) (0.0055) (0.0054) (0.0049) (0.0039) (0.0028)

Constant
0.0542*** 0.0520*** 0.0498*** 0.0418*** 0.0247*** 0.0244***

(0.0005) (0.0005) (0.0005) (0.0004) (0.0003) (0.0002)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0480 0.0418 0.0444 0.0392 0.0195 0.0143

F-statistic 2937.7869 2541.6991 2702.6603 2376.6326 1157.6243 845.0611

No. of observ. 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934

Notes:  Effects of display advertising (Duration of Treatment Normalized).  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust
standard errors are in parentheses.

Table A24.  DID Binary Exposure (Controlling for Dynamic Ads)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand

Display
Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
-0.0020*** -0.0018*** -0.0011*** -0.0008*** -0.0010*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0072*** 0.0101*** 0.0054*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Dynamic Ad
0.0008** 0.0010** 0.0006* 0.0003 0.0004 0.0000

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0002)

Constant
0.0542*** 0.0542*** 0.0495*** 0.0415*** 0.0248*** 0.0243***

(0.0006) (0.0006) (0.0006) (0.0005) (0.0004) (0.0003)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0474 0.0443 0.0436 0.0384 0.0192 0.0141

F-statistic 3022.5313 2813.3556 2770.0085 2426.4775 1187.4175 870.7620

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  Effects of display advertising .  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors
are in parentheses.

A16 MIS Quarterly Vol. 40  No. 4—Appendix/December 2016



Ghose & Todri/Toward a Digital Attribution Model

Table A25.  DID Non-Binary Exposure (Controlling for Dynamic Ads)

Search
Brand Direct Visit

Organic
Search

Search
Non-Brand Display Click Conversion

Time
-0.0526*** -0.0506*** -0.0486*** -0.0411*** -0.0236*** 0.0140***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
0.0019*** 0.0000 0.0016*** 0.0010*** 0.0005** -0.0004**

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Duration
-0.0001 0.0026*** 0.0001 -0.0002 0.0003*** 0.0003***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Dynamic Ad
0.0009** 0.0011*** 0.0007* 0.0003 0.0004 -0.0000

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0002)

Constant
0.0533*** 0.0509*** 0.0491*** 0.0415*** 0.0244*** 0.0245***

(0.0006) (0.0006) (0.0006) (0.0005) (0.0004) (0.0003)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

R² 0.0480 0.0418 0.0444 0.0392 0.0195 0.0143

F-statistic 2869.6362 2482.8912 2639.9218 2321.3889 1130.7659 825.4082

No. of observ. 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934

Notes:  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust standard errors are in parentheses.

Table A26.  DID Binary Exposure (Absolute Position Controls)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand Display Click Conversion

Time
-0.0551*** -0.0547*** -0.0501*** -0.0418*** -0.0246*** 0.0131***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated
-0.0020*** -0.0018*** -0.0011*** -0.0008*** -0.0010*** -0.0011***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE
0.0072*** 0.0101*** 0.0054*** 0.0031*** 0.0037*** 0.0022***

(0.0003) (0.0003) (0.0003) (0.0003) (0.0002) (0.0001)

Constant
0.1181 -0.0363 0.1975 0.0416 0.0823 0.0243

(0.1271) (0.1275) (0.1217) (0.1103) (0.0897) (0.0641)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

Controls for Position      

R² 0.0478 0.0453 0.0441 0.0385 0.0208 0.0141

F-statistic 728.1813 687.7421 672.9900 583.4672 309.1202 209.1666

No. of observ. 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000 3,000,000

Notes:  ATE of Display Advertising Exposure (Absolute Position Controls).  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust
standard errors are in parentheses.
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Table A27.  DID Non-Binary Exposure (Absolute Position Controls)

Search
Brand Direct Visit

Organic
Search

Search Non-
Brand Display Click Conversion

Time -0.0526*** -0.0506*** -0.0486*** -0.0411*** -0.0236*** 0.0140***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0001) (0.0001)

Treated 0.0018*** 0.0000 0.0017*** 0.0010*** 0.0005** -0.0004**

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0001)

ATE Duration -0.0001 0.0026*** 0.0001 -0.0002 0.0003*** 0.0003***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Constant 0.1187 -0.0409 0.1983 0.0413 0.0821 0.0244

(0.1281) (0.1252) (0.1229) (0.1115) (0.0901) (0.0648)

Individual-level
Heterogeneity

     

Ad-level
Heterogeneity

     

Controls for
Position

     

R² 0.0484 0.0429 0.0448 0.0393 0.0210 0.0143

F-statistic 710.8314 625.7401 655.8840 570.9528 300.1428 202.8036

No. of observ. 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934 2,820,934

Notes:  ATE of Display Advertising Exposure (Absolute Position Controls).  Significance levels defined as *p < 0.05, **p < 0.01, ***p < 0.001; robust
standard errors are in parentheses.
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