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Abstract
Digital technologies lead consumers to engage with companies online after they see TV ads, and firms increasingly wish to

coordinate TV advertising in real time with online marketing activities. As a result, firms are keen to measure how TV adver-

tising affects consumers’ online behavior, but a key question is over what window of time to measure this effect. The standard

industry practice of using short attribution windows around an ad to measure a causal effect may miss the possibility that

consumer behavior shifts over time due to, for example, intertemporal substitution. The authors collaborate with an online

travel platform and evaluate the results of a field test in which part of the country was exposed to TV ads while another part

of the country formed a control group. Using the synthetic difference-in-differences approach, the authors find that TV adver-

tising leads to an instantaneous increase in online browsing and sales. However, they also document evidence for intertem-

poral substitution: consumers appear to move their online activities forward in time in response to TV advertising, leading to

lower browsing and lower sales at times when no ad is airing. The authors further explore the effects of TV advertising on

channel choices, device choices, and promotion usage and discuss the implications for advertisers and the ad-measurement

industry.
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Digital technologies allow consumers to instantaneously
respond to TV advertising by engaging online with compa-
nies and their products. Among firms, this has spurred inter-
est in coordinating online marketing activities in real time
with offline advertising events such as TV advertising, also
referred to as moment marketing (Liu and Hill 2021).1 To
optimize such campaigns, firms need to measure in real
time how TV advertising affects consumers’ online activities.
An important question, however, is what scope of data is
most appropriate for evaluating how TV advertising affects
consumers’ online activities and how the effectiveness of
TV advertising varies with channels, devices, and
promotions.

A standard industry practice for measuring how TV advertis-
ing affects consumers’ online activities is to rely on narrow
attribution windows. For example, Google introduced a TV
attribution service to measure advertising effectiveness and

return on investment (ROI) at an hour or minute level.2

Services such as AppsFlyer allow companies to measure
whether someone installs an app within a 20-minute window
of a TV ad being shown.3 The benefit of a narrow attribution
window is a sharper identification of the effect of a TV ad
because it is less likely to pick up spurious correlations.
However, a narrow attribution window might lead an advertiser
to miss insights into consumer behavior that would shape their
evaluation of ad effectiveness. Narrow attribution windows, for
example, cannot capture the possibility that consumers may
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take longer to complete their decision process, potentially
resulting in higher future sales. Alternatively, TV advertising
may prompt consumers to shift website visits and purchases
forward in time, potentially decreasing future sales.

To empirically analyze how measurement practice shapes
estimates of TV ad effectiveness, we collaborated with a large
online travel platform focused on selling hotel stays.
Specifically, we evaluated the results of a field test. In this
field test, the company ran TV advertising in some part of the
country while shutting off TV advertising for the remainder
of the country. Given that this TV advertising treatment repre-
sented an exogenous intervention, we are able to use a synthetic
difference-in-differences (SDID) approach in our estimation
(Arkhangelsky et al. 2021). We then measure the immediate,
lagged, and any intertemporal substitution effects. By contrast-
ing our results with the standard industry practice of relying on
relatively narrow attribution windows, we investigate what a
narrow attribution window misses in terms of consumers’
online behavior.

We find that typical industry models that rely on narrow
attribution windows consistently indicate a strong positive
immediate online response to TV ads in terms of both consum-
ers’ browsing and purchases. However, our proposed approach
that uses field test data points to a caveat hidden in typical
industry models. Specifically, we find that after the immediate
positive responses, TV ads appear to reduce online browsing
and purchase at times when no TV ad is aired in the treated
area. We interpret this pattern as intertemporal substitution
(i.e., purchase acceleration): in response to TV advertising, con-
sumers appear to shift forward in time online activities that they
would otherwise do at later points in time. Typical industry
models with observational data cannot identify such intertem-
poral substitution effects, potentially leading them to overstate
the effect of TV ads on online responses.

To optimally coordinate offline TV advertising and online
marketing activities, it is essential not only to quantify the
immediate and intertemporal substitution effects of TV ads,
but also to understand how these effects vary across a set of
marketing variables. This includes the channels through
which consumers arrive at the company’s website, the devices
consumers use when browsing the company’s website, and
the extent to which consumers rely on promotional offerings.
Measuring heterogeneity along these variables can provide
advertisers with additional parameters to optimize when allocat-
ing marketing budgets. However, such insights are lacking in
current industry offerings. For example, Google Attribution
360 can only link TV advertising with search queries on
Google, Meta can only link TV advertising with social media
channels, and no data analytics provider that we are aware of
has linked TV advertising with consumers’ online promotion
usage. In our study, we use rich information on channels,
devices, and promotion usage for each session to explore in
depth the heterogeneous effects of TV advertising.

We find that TV advertising increases both the activities
originating from owned channels (including sessions coming
via direct URL entry, via an app, and from organic search)

and the activity from paid channels (including sessions
coming from travel aggregators, paid search, affiliate market-
ing, and display ads) immediately after the ad being aired, but
also creates intertemporal substitution: the owned-channel
activity and the paid-channel activity both decrease at times
when no ad is aired. The immediate increase is stronger for
paid channels, whereas the negative intertemporal substitution
is stronger for owned channels. This cross-channel variation
in both magnitudes and timing in online responses to TV adver-
tising indicates a potential cost structure shift for advertisers and
a potential need to reallocate resources across paid and owned
channels to optimize the coordination between offline TV
advertising and online marketing activities.

For devices, we find that the positive immediate impact of
TV ads on consumers’ purchases is significantly positive on
both PCs (including laptops and desktops) and mobile
devices (including cell phones and tablets). The negative inter-
temporal substitution effect is stronger on mobile devices rela-
tive to PCs. Over the entire campaign, TV advertising
significantly increases browsing and purchases from PCs, but
has no significant impact on browsing and purchases from
mobile devices. This implies that advertisers may benefit
from directing particular attention to sessions from PCs when
coordinating TV advertising and online marketing activities,
because the conversion rate is generally higher on PCs for
more complex goods like hotels due to the greater ease and
lower search cost (Ghose, Goldfarb, and Han 2013).

We then use information on whether consumers visited
the firm’s price-promotion-focused web pages. We find that
TV ads have an immediate positive impact on browsing
and purchase in sessions where consumers do not seek
price promotions but have no significant immediate impact
on browsing and purchase in sessions where consumers
show interest in price promotions. Over the entire campaign
period, purchases during sessions involving price promo-
tions decrease, whereas browsing and purchases during
sessions not involving price promotions increase. These
findings indicate that advertisers could potentially benefit
from using fewer price promotions immediately following
a TV ad.

Our findings have three implications. First, for advertisers,
although focusing measurement on a narrow attribution
window around a TV ad might appear an attractive method
for evaluating whether a purchase was causally related to an
ad, our results suggest that these narrow windows also have
drawbacks because they cannot identify intertemporal substitu-
tion. Therefore, firms should be careful using this method when
they wish to infer whether advertising significantly increased
the total amount of website browsing or sales rather than focus-
ing on a short-term lift. Second, our proposed model suggests
an essential role of field tests in teasing apart the positive imme-
diate responses and the negative intertemporal substitution. The
extent to which TV advertising leads to immediate responses
and intertemporal substitution will likely vary significantly
across industries. Fortunately, however, it is to be expected
that the current introduction of targeted TV advertising and
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digitization of TV analytics will make implementing field tests
at scale significantly more straightforward in the near future and
will thus provide a fruitful field to implement our proposed
method.4 Third, our findings highlight the heterogeneity in
TV advertising effectiveness on consumers’ online activities
across various variables, such as channels, devices, and promo-
tions. A deep understanding of how response to TV advertising
varies across these variables could potentially lead to better
coordination between TV advertising and online marketing
activities, thus further shifting the effectiveness and ultimately
the profitability of TV advertising.

Related Literature
Our study is related to four streams of research. First, we con-
tribute to a small literature on the optimal use of attribution
windows in advertising. Despite the practical importance of
this issue for advertising analytics, it has been less of a focus
for articles published in mainstream marketing journals. This
may reflect the fact that the challenge of advertising measure-
ment has been classically conceptualized as a trade-off in mar-
keting between measuring long-run and short-run effects in
marketing models (Dekimpe and Hanssens 1995), but has not
yet been updated for the digital world, where the choice of attri-
bution window is now an endogenous variable that managers
have to determine with little guidance.5 However, the attribu-
tion window question has been addressed as a potential chal-
lenge in a variety of computer science publications (Chapelle
2014; Vernade, Cappé, and Perchet 2017). These have
focused on proposing new statistical models to incorporate
delayed purchases in measuring advertising effectiveness
given that the right window over which to measure conversions
is unknown. However, these studies do not consider the inter-
temporal substitution, also referred to as purchase acceleration,
issues in the measurement, and their focus is mostly on method-
ology rather than substantive learning around consumer behav-
ior. Our research contributes to this stream of literature by
highlighting the economic relevance of considering intertempo-
ral substitution.

Second, recent research has aimed to measure the effect of
TV advertising on online behavior. Lewis and Reiley (2013),
Joo et al. (2014), Joo, Wilbur, and Zhu (2016), Du, Xu, and
Wilbur (2019), Liu and Hill (2021), and He and Klein (2022)
find a positive relationship between TV advertising and con-
sumers’ tendency to search or purchase online. Fossen and
Schweidel (2016) and Tirunillai and Tellis (2017) demonstrate
that TV advertising positively influences online word of mouth
and online chatter. Our research complements these findings by

leveraging data from a field test to identify not only the positive
immediate online reactions to TV advertising, but also the
potential negative intertemporal substitution due to TV adver-
tising. Furthermore, we provide fresh insights on how the
effect of TV advertising on online browsing and purchases
varies across channels, devices, and promotion usage and the
implications of how to use this heterogeneity to better coordi-
nate TV advertising and online marketing activities.

Third, our research relates to a literature that studies TV
advertising effectivenessmore broadly. Lodish et al. (1995) con-
ducted the first large-scale field study to look at the effect of TV
advertising on purchases using split-cable tests and found a wide
dispersion of sales effects of TV advertising. More recently,
Shapiro, Hitsch, and Tuchman (2021) analyze a large number
of products and document that over two-thirds of the estimated
long-run elasticity of TV advertising on sales are either not stat-
istically different from zero or negative. Danaher and Dagger
(2013) focus on a unique case study of a larger retailer, in
which the authors examine rich advertising and sales data cover-
ing ten different media and find that TV is among the media with
the strongest influence on sales and profits. Like Danaher and
Dagger’s work, our article also focuses on a case study in the
context of TV advertising. We use the field test data from an
online travel platform linking TV advertising and consumers’
online activities and demonstrate how an individual firm can
use digital field data to investigate whether its TV ad campaigns
generate incremental online activity.We point to the need for the
advertiser to consider shifts of consumers’ behavior over time
and to be cautious when deciding the length of the attribution
window. Importantly, relative to this prior study, our study
also sheds light on the effects of TV advertising on the choice
of channels, devices, and promotions.

Fourth, our results relate to a literature documenting con-
sumers’ intertemporal substitution more generally. Simester
et al. (2009) provide evidence for intertemporal substitution
(i.e., purchase acceleration) in the context of direct mail order-
ing. Blattberg and Neslin (1990) and Hendel and Nevo (2003)
show that price reductions can cause intertemporal substitution
(i.e., purchase acceleration) in sales due to consumer stockpil-
ing. In the context of digital display advertising, Johnson,
Lewis, and Nubbemeyer (2017) document that the median
advertiser should expect little or no positive carryover after
the campaign, whereas about one-third of the studied cam-
paigns have negative carryover effects (i.e., an immediate pos-
itive but a negative future impact). We contribute to this
literature by documenting patterns of intertemporal substitution
in online consumer activities caused by TV advertising and,
thus, linking offline marketing interventions with online
responses.

Data and Model-Free Evidence

Data
Our data come from one of the world’s top ten online travel
agents selling hotel stays. The online travel industry is a large

4 See, for example, the digital advances offered by the digital TV platform Roku
(2023).
5 For example, Google Analytics provides advertisers the opportunity to choose
how quickly they need to analyze and understand their website interactions after
interventions (Google 2023). Similarly, advertising analytics platforms require
advertisers themselves to set exactly what “lookback” window they want to use
to measure an ad’s effectiveness (Adobe 2023).
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part of the digital economy: in 2015, the year of our data, the
size of the online travel market exceeded $390 billion, of
which $150 billion was attributed to online travel agents.6 To
evaluate the effectiveness of TV advertising, the company con-
ducted a field test in 2015 in one of the world’s top ten econo-
mies. The online travel agent advertised on TV through a large
TV broadcast network in certain areas of the country and
showed no TV ads in the remaining areas. The areas where
TV ads were shown were selected to have a similar audience
demographic composition as the control areas and, thus, the
country overall. The past performance of TV advertising was
not part of the selection criteria. To the best of our knowledge,
our study is the first in the literature to employ a field test
approach to assess the effectiveness of offline TV advertising
on online browsing and purchase behavior. Running such a
field test is typically difficult due to the resources required,
the unwillingness of companies to forgo the potential benefits
of advertising in certain areas for a prolonged period of time,
and the difficulty in collecting data on both TV advertising
and online consumer behavior (Tirunillai and Tellis 2017).

The TV campaign was built such that the advertising weight
and length mirrored those of the company’s previous national
TV campaigns. The scale of this TV ad campaign is comparable
to the top 5% of the top 500 consumer packaged goods brands
in the United States in terms of TV ad spend per capita
(numbers are based on Shapiro, Hitsch, and Tuchman
[2021]). The company is one of the country’s leading online
travel agencies but operates in a highly competitive industry
where brand awareness does not guarantee customer loyalty.
Additionally, due to the typical infrequency of purchases, the
primary goal of the ad campaign is to promote the brand
broadly and remind both past and new customers about its
offerings. The campaign did not focus on any specific destina-
tion or hotel, and it did not communicate any price promotions,
special offers, price levels, or relative prices.

The company further ran online marketing activities during the
test period. The largest share of this online marketing budget was
directed toward affiliate marketing, including both travel aggrega-
tors such as TripAdvisor and Trivago and third-party websites
such as travel blogs. The second largest share of the budget
was spent on paid search, in which the company bid on
branded keywords, unbranded keywords, and Google HPA.7

The company also conducted activities for which we are unable
to quantify marketing spend, such as improving its website,
search engine optimization, mobile app development, and email
marketing. During the period of the field test, display advertising
and social media marketing accounted for a tiny fraction of all
marketing spend. Note that apart from the field test of TV

advertising, no online or offline marketing interventions were tar-
geted at either the treated or the control region during the sample
period.

We have access to data covering a period of around six
weeks in 2015.8 In the first four weeks, the company did not
show any TV advertising. In the following 15 days, the
company ran the TV ad campaign in the treated areas. We
obtain two types of data: consumer activities on the company’s
website and the company’s TV advertising.

Consumer online activity data. We collect clickstream data from
the company. Each clickstream record includes the time stamp
of the page visit, the location of the user, the device used, infor-
mation on the channel by which a user arrived for the session,
and basic information on the page content. The company, follow-
ing the industry standard, defined a browsing session as a contin-
uous period of user activity on the website, in which successive
events are separated by no more than 30 minutes. The firm
could not at this time link individual consumers across devices.
The locations included in the data allow us to link each record
to a specific geographic region that is broadly defined by a
town or a city and the area surrounding it. For the purpose of
this research, we refer to these geographic regions as “counties.”
In total, the data come from 126 such counties. Of these, 11 were
treated and 115 were in the control group.

Over the six-week period, the website recorded a total of
4,920,968 sessions in the treated and control groups.9 It also
recorded detailed information on the channels by which users
arrived at the company’s digital offering and the devices
users used to browse the web page. Regarding channels,
among all the sessions, 36.3% came from travel aggregator
sites, such as TripAdvisor and Trivago,10 15.8% were initiated
through direct visits to the website, 13.2% came from paid
search and 8.5% from organic search, 9.8% were visits to the
app, 8.9% arrived through clicking on an email, 5.3% were
referred by third-party affiliate marketing, such as travel
blogs, and the remaining 2.2% arrived through other means,
including display advertising and social media advertising. In
terms of the devices used, 48.5% of sessions were from PCs,

6 See Forbes (2015). The market has since grown further.
7 Google HPA is a form of search engine marketing, but instead of a regular
Google ad (with a bit of text and link), this ad format allows the consumer to
put in dates and see availability, location, pictures, and then click to make
their booking. See Resort Income Optimization (2023).

8 The advertiser had planned to run the test to learn the effectiveness of TV
advertising on online sales. We collaborated with the advertiser throughout
the process. Due to confidentiality reasons, we are not allowed to disclose the
exact dates of the field test. The period of the field test does not overlap with
any major holidays in the country.
9 We exclude the 1,274,507 sessions with a duration of less than one second,
suggesting accidental clicks or bot traffic.
10 Note that travel aggregators are different from travel agents. Travel agents are
companies that broker hotel stays; for example, a user may purchase a night at a
Marriott hotel on a website such as Booking.com or Expedia. Travel aggrega-
tors (also called travel meta-search engines) aggregate results for a specific
search query across suppliers (e.g., hotels) and travel agents. During our
sample period, most travel aggregators only functioned as travel search
engines; that is, they showed results from other sources and would earn commis-
sion from clicks to these websites. Over the years, some travel aggregators have
added various forms of booking functionality to their sites to directly compete
with travel agents.
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including both desktops and laptops, and the remaining 51.5%
were from mobile devices, including 31.7% from cell phones
and 19.8% from tablets.

On average, as shown in Table 1, consumers browsed 11.4
pages during a session, and an average session lasted 6.8
minutes. Over the six-week sample period, 305,884 sessions
concluded with a transaction, yielding an average conversion
rate of 6%. A hotel stay on average lasted 2.2 days and cost
$605. The average hotel star rating among transactions was 3.5.

For our main analysis, we create panel data sets that
aggregate the data at the county level for four different
time intervals. Table 2 reports summary statistics of the
panel data aggregated at the 30-minute level, where an obser-
vation records the number of sessions and sales in a county
within a 30-minute time interval. We likewise create panels
for 2-minute, 10-minute, and 60-minute intervals to assess
the robustness of our results to the varying data intervals
(Tellis and Franses 2006).

Table 2 demonstrates that, accounting for 24 hours a day
over 43 days in the 126 counties, the county panel data at the
30-minute interval gives a total of 1,344 30-minute intervals
and 169,344 observations in the pretreatment period and 720
30-minute intervals and 90,720 observations during the treat-
ment period. The summary statistics of the other three panels
are reported in Web Appendix Table W1. We see that the
numbers of sessions and sales are broadly similar between the
pretreatment period and the treatment period, although counties
in the treated region on average have about twice the number of
sessions and sales than counties in the control region. These
panel data sets form the basis of our analyses, and we employ

the SDID approach throughout to adjust for the baseline differ-
ence between the treated and control counties.

TV advertising data. We further collect data on TV advertising in
the treated region during the campaign period. The schedule
and the budget of the TV advertising campaign were set
months before the start of the ad campaign and thus were not
influenced by the ex post realized effectiveness of TV
ads. The TV advertising data are provided by the TV broadcast
network directly. For each ad, the data report the second-level
time stamp, ad length, ad spend, and television ratings. Ads
are either 10 or 30 seconds long, and the two versions are cut
from a single ad creative. The ad featured a humorous scene
in a vacation setting without revealing any specific hotel
name. They were shown on three different channels of the
TV network across the 11 treated counties simultaneously.
All the counties in the country share the same time zone. The
TV broadcast network sets the ad spend to be a linear function
of the television ratings, so we focus on ad spend and ad length
in the following analysis.

Figure 1 shows the patterns of the hour-level ad spend and ad
duration. Ad duration is defined as the sum of ad length in a
given time interval. Ad spend is plotted in Panels A and C of
Figure 1, and ad duration is plotted in Panels B and D. Due
to confidentiality concerns, we do not display the scale for ad
spend. The top panel shows the TV ad intensity over the
15-day campaign period. The bottom panel shows the TV ad
intensity over hours of the day averaged across the 15 days.
On an average day, 14 ads, or a total of 284 seconds of ads,
were shown across the three TV channels of the TV broadcast
network. The ads were mostly shown between 5 p.m. and 12
p.m. The cost per ad is higher between 7 p.m. and 11 p.m.

The figures demonstrate substantial variation in advertising
across days and across times of day. Thus, we include day
fixed effects and hour-of-day fixed effects in all analyses.
Because the figures suggest some degree of difference
between ad spend and ad duration, we use ad spend in the
main analysis and as a robustness check replicate the main find-
ings using ad duration.

Model-Free Evidence
To better understand the data, we provide model-free evi-
dence for TV ad effectiveness using tight time windows

Table 1. Summary Statistics of Sessions and Transactions.

Observations M SD Min Max

Number of

pages

4,920,968 11.4 18.5 1 2,500

Duration

(minutes)

4,920,968 6.8 13 .02 1,426

I(Payment) 4,920,968 .06 .24 0 1

Stay length 305,884 2.15 2.07 1 28

Star rating 305,884 3.52 .83 0 5

Transaction

amount ($)

305,884 605.21 1,092.80 .82 94,468

Table 2. Summary Statistics of Sessions and Sales for the 30-Minute Interval Panel.

Region Period Obs.

Sessions Sales ($)

M SD Min Max M SD Min Max

Control Pretreatment 154,560 16.7 39.4 0 754 666.2 2,407.3 0 85,990.8

Control Treatment 82,800 17.2 41.5 0 819 632.7 2,429.1 0 105,416.7

TV Pretreatment 14,784 40.0 55.2 0 448 1,344.3 2,533.7 0 42,446.4

TV Treatment 7,920 40.9 56.4 0 468 1,250.6 2,432.3 0 38,489.2

All All 260,064 18.9 42.2 0 819 711.8 2,429.5 0 105,416.7
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around the airing of TV ads in the treated counties. Figure 2,
Panel A, focuses on online sessions, and Panel B displays
online sales. We present results for the 30-minute windows
before and after an ad. In each instance, the vertical line
denotes the start time of an ad, and each dot represents the
average number of sessions in Panel A and average sales in
Panel B, at a given point in time relative to when the ad
was displayed (e.g., 10 minutes prior to the ad) across all
ad incidences in the treated counties. The dashed lines repre-
sent the average of all the dots for the 30-minute window
before the ad and the 30-minute window after the ad, and
the shaded area represents the standard errors of these aver-
ages. Across all treated counties, the average number of ses-
sions is 21.5 in the 30-minute window before the ad and 22.1
in the 30-minute window after the ad, a statistically signifi-
cant 3% lift across all the ads. The average amount of sales
is $721 in the 30-minute window before the ad and $773 in
the 30-minute window after the ad, a 7% lift across all the
ads, although not statistically significant due to the large var-
iation in sales.

In addition to the visual documentation of the immediate
effect of TV ads on online activities, we further conduct an
event study following one of the industry’s standard prac-
tices. Data analytics companies typically have granular
observational data on consumer online response to advertis-
ing, but do not have access to the type of field test that we
have, including both a control group and a treated group.
Because advertisers typically choose advertising times
when they expect online activities to be high, the measure-
ment of advertising effectiveness can be plagued by endoge-
neity. To circumvent the endogeneity problem, data
analytics companies rely on tight attribution windows for
identification; that is, they focus on a short time period
around the event during which they assume any other poten-
tially confounding factors stay constant. We establish a
baseline for the type of results our firm would obtain using
such tight attribution windows by conducting an analysis
from the perspective of a typical advertiser. Because such
an advertiser typically would not run a field test, we focus
in this event study on data from treated counties during the

Figure 1. Ad Spend and Ad Duration Patterns.
Notes: Panels A and C plot the ad spend, and Panels B and D plot the ad duration. Panels A and B show the TV ad intensity over the 15-day campaign period, and

Panels C and D show the TV ad intensity over hours of the day averaged across the 15 days.
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treatment period only. The event is defined as a TV ad being
aired, the sample includes a short time window right before
and right after an event, and sessions and sales are measured
at the minute level. This short time period is set to be 2
minutes, 10 minutes, 30 minutes, and 60 minutes in the
four samples, respectively.

The specification for the event study is as follows: Yit=
θAfterit+Dt+Zi+ ξit, where Yit is either a measure of the
number of sessions, being ln(Sessionsit+ 1), or the value of
online sales, ln(Salesit+ 1), in county i from the traffic originat-
ing at time t. Since consumers may not instantaneously complete
a purchase, we attribute transactions within the following 24
hours from the same IP address to the initiating session in the
event study, similar to Blake, Nosko, and Tadelis (2015a) and
Liaukonyte, Teixeira, and Wilbur (2015). Afterit equals 1 if
minute t is in the attribution window after a TV ad for county
i.11 Dt captures the date fixed effects and the hour-of-day fixed
effects to control for fluctuations over time, Zi captures the
county fixed effects to control for time-invariant differences
across counties, and ξit is the idiosyncratic error term. Finally,
θ is the parameter of interest, measuring the effect of TV adver-
tising on online sessions and online sales.

Table3presents the results.Wesee thatTVadvertising leads to a
significant increase in online sessions across the four attribution
windows and a significant increase in online sales for 2-, 10-, and
30-minute attribution windows. This method mirrors the tight attri-
butionwindowsusedby industry, and the results are consistentwith
case studies reported by commercial firms that report an instanta-
neous positive online response to TV advertising (see Dughi

2018). The magnitude of the increase changes with the length of
the attribution window. The percentage increase in online sessions
is biggest when the attribution window is narrow, which suggests
that consumers respond to viewing an ad reasonably quickly, but
this effect appears to dissipate over time. The pattern for online
sales is similar, suggesting that the increase in sessions leads to an
increase in sales following a TV ad.

Synthetic Difference-in-Differences Approach

Motivation for Synthetic Difference-in-Differences
Approach
Event studies with tight attribution windows provide sharp iden-
tification; however, they come with some potential concerns.
First, focusing on tight attribution windows may miss activities
that happen with some delay; that is, it can be difficult to
measure long-lasting effects. Second, tight attribution windows
do not capture any potential intertemporal substitution (i.e., con-
sumers moving their activities forward in time due to TV ads).
Both of these concerns may lead to an incomplete understanding
of TV ad effectiveness and suboptimal coordination between TV
advertising and online marketing activities in real time.

These concerns highlight the need to look at the whole treatment
period in order to have a comprehensive understanding of TV ad
effectiveness. However, such an approach is typically challenging
because of endogeneity concerns. Thus, we take advantage of the
field test because it provides us with a control group and a treated
group with pretreatment and treatment periods, offering a clean
difference-in-differences (DID) setting. Because of the differences
in levels of sessions and sales between the treated and the control
region, we turn to the synthetic difference-in-differences (SDID)
approach (Arkhangelsky et al. 2021). The advantage of the SDID
approach is that, unlike DID, it uses matching and reweighting to
construct a control group that mirrors the trends of sessions and

Figure 2. Online Responses Around TV Ads.
Notes: For all incidences of advertising, the plot covers the 30 minutes before and after the ad was shown. Panel A presents online sessions, and Panel B presents

online sales. The vertical line indicates the ad start time. The dots represent the average number of sessions (Panel A) and sales (Panel B) at a given minute across

all ad incidences in the treated counties. The horizontal dashed lines represent the average for the 30-minute windows before and after the ad. The shaded area

represents the standard errors of these averages.

11 We report the minute-level analysis in this article. The results with aggrega-
tion of windows before and after the ad are similar. If an attribution window
covers more than one ad (e.g., in a 30-minute attribution window, one ad airs
at 8:00 p.m. and another at 8:20 p.m.), we then define 7:30 p.m. to 7:59 p.m.
as the time window before the ad and 8:21 p.m. to 8:50 p.m. as the time
window after the ad.
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sales of the treated group so that it alleviates any omitted variable
concerns caused by the observed gap between the two regions.12

Synthetic Difference-in-Differences
The SDID estimation is based on the classic DID framework
with matching and reweighting at both the unit and time dimen-
sions. In our field test context, the classic DID estimation of the
average treatment effect would be

Yit = μ+ ϕTreatmentit + Dt + Zi + νit, (1)

where Yit is either a measure of the number of sessions, being
ln(Sessionsit+ 1), or the value of online sales, ln(Salesit+ 1).
We use the four alternative panel data sets, as described in
the “Data” section, in which we aggregate the number of ses-
sions or sales to 2-, 10-, 30-, and 60-minute time intervals
t. The term μ is an intercept. Treatmentit indicates whether

county i was in the treated group and t was in the treatment
period. Dt represents date and hour-of-day fixed effects that
absorb the baseline differences between the precampaign and
campaign periods as well as across times of day. Zi represents
the county fixed effects, absorbing the baseline differences
between the control and the treated regions.

In the SDID approach, we construct the unit weights ω̂sdid
i and

time weights λ̂sdidt . Matching and reweighting along the unit
dimension allows us to make the control units and the treated
units similar during the pretreatment periods. Matching and
reweighting along the time dimension allows us to make the pre-
treatment and treatment periods of the control group similar on
average. Denoting by N the total number of counties and by T
the total number of periods, the SDID estimators are solved by
the following optimization problem:

(μ̂, ϕ̂, D̂, Ẑ) = argmin
μ,ϕ,D,Z

∑N
i=1

∑T
t=1

(Yit − μ− ϕTreatmentit − Dt − Zi)
2ω̂sdid

i λ̂sdidt

{ }
, (2)

where ϕ is the parameter of interest representing the average
treatment effect of the TV campaign over the entire campaign
period.

The unit weights ω̂sdid
i and the time weights λ̂sdidt are con-

structed as follows. Suppose that the first Nco counties are in
the control group and the last Ntr=N−Nco counties are in
the treated group. T= 1,…, Tpre are in the pretreatment time

period, and t=Tpre+1,…, T are in the treatment period. The
unit weights ω̂sdid are constructed by aligning the pretreatment
trends of the control group to be similar to those of the
treated group, that is, solving the following optimization
problem:

(ω̂0, ω̂sdid) = argmin
ω0∈R,ω∈Ω

∑Tpre

t=1

ω0 +
∑Nco

i=1

ωiYit − 1

Ntr

∑N
i=Nco+1

Yit

( )2

+ ζ2Tpre||ω||22

⎧⎨
⎩

⎫⎬
⎭, (3)

where ζ is a regularization parameter to reduce the variance and
to ensure the uniqueness of the weights.

The time weights λ̂sdid are constructed by making the pretreat-
ment time periods similar to the treatment periods for the control
group, that is, solving the following optimization problem:

(λ̂0, λ̂sdid)= argmin
λ0∈R,λ∈Λ

∑Nco

i=1

λ0+
∑Tpre

t=1

λtYit− 1

Tpost

∑T
t=Tpre+1

Yit

⎛
⎝

⎞
⎠

2⎧⎨
⎩

⎫⎬
⎭.

(4)

Details on ζ, Ω, and Λ can be found in Arkhangelsky et al.
(2021). With the estimated unit weights ω̂sdid and time weights

λ̂sdid, we can create a group of synthetic control regions. To visu-
ally check the overall campaign effectiveness, we start by plot-
ting the average online sessions and online sales for treated
and synthetic control regions at the day level. Figure 3 suggests
that there exists no visually discernible evidence for TV ad effec-
tiveness during the campaign period and that, broadly, the paral-
lel trend holds between control and treated regions for the
pretreatment period.

In addition to the visual inspection, we further estimate the
average treatment effect ϕ̂ using Equation 2. Standard errors
are estimated using the jackknife approach (see Arkhangelsky
et al. 2021, Algorithm 3). The SDID is more robust than the
DID or the synthetic control approach because the combination
of matching and reweighting at both the unit and time dimen-
sions removes bias and improves precision, by strengthening

12 The SDID approach is also more appropriate compared with the synthetic
control approach (Abadie, Diamond, and Hainmueller 2010; Abadie and
Gardeazabal 2003) in our setting because SDID allows for inferences in large
panels with many treated units and long pretreatment periods, as well as for dif-
ferences in the baseline between control and treated groups.
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the role of control counties that are similar to the treated coun-
ties and strengthening the role of pretreatment time periods that
are similar to the treatment periods.

Table 4 presents the average effect of TV advertising over
the entire campaign period on online sessions and online
sales for panels of 2-, 10-, 30-, and 60-minute intervals. In esti-
mating the average effect, we treat all the time intervals during
the campaign period as treated periods and ignore whether in
any particular time interval an ad was shown. Contrary to the
strong positive impact of TV advertising estimated in the
event study, we find that the average impact of TV advertising
on the number of sessions and sales over the campaign period is
not statistically different from zero. This result is not an outlier,
as previous meta-analyses on TV advertising effectiveness have
documented that it is not rare that TV ads can yield little or no
ROI (Lodish et al. 1995; Sethuraman, Tellis, and Briesch 2011;
Shapiro, Hitsch, and Tuchman 2021). However, this result does
present a contrast to the strong positive effects of TV advertis-
ing that we documented in the event study in Table 3. Although
it is possible that the difference in results could be driven by the
lack of statistical power, it could also be an outcome of consum-
ers’ online activities shifting across time during the campaign
period, which the event study fails to capture. We next
propose a specification that can capture an instantaneous
effect of TV advertising and possible lagged effects as well as
any intertemporal substitution effects.

SDID with Intertemporal Substitution Effects
To estimate the immediate and lagged effects of TV ads and
allow for the possibility that consumers may shift their
online activities along the time dimension, we propose the
following specification:

Yit = η+
∑Γ
τ=0

βτait−τ + αI(Treated-NoAd)it + Dt + Zi

+ ϵit, (5)

where, as previously, Yit denotes either a measure of the
number of sessions, being ln(Sessionsit+ 1), or the value of
online sales, being ln(Salesit+ 1), and η is an intercept. As
before, we aggregate the number of sessions or sales to 2-,
10-, 30-, and 60-minute time intervals and estimate four
panels separately.

Instead of using a single indicator for the treatment period,
we now separately measure three effects. First, we measure
the immediate effect of TV advertising on sessions and
sales during the time period in which the ad was shown.
The term ait= ln(AdSpendit+ 1) measures the time-varying
advertising expenditure in county i during the time interval
t, and β0 captures the immediate effects of TV advertising
on sessions, or sales, during the time period the ad was
shown.

Second, we use β1,…, βΓ to capture the lagged effects of TV
ads on sessions, or sales, in subsequent time intervals where Γ isT
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the number of lagged periods.13 We include lagged terms cov-
ering up to 180 minutes because in our data any positive effects
from advertising dissipate after this time period.14

Third, we allow for TV advertising to affect sessions, or
sales, outside of the period covered by lagged effects.
Specifically, we suggest that consumers may reduce their
online activities at times when no ad is aired and that fall
outside of the period of lagged effects because viewing the
TV ad might prompt consumers to move activities forward
in time. Our specification captures this intertemporal substitu-
tion in the term I(Treated-NoAd)it, which indicates a point in
time in the treated period and for the treated group when no
TV ad was aired and that did not overlap with any of the

periods in which we would expect to find a lagged effect;
that is, I(Treated-NoAd)it= 1 if Treated Regionit= 1 and
Treatment Periodit= 1 and AdSpend= 0 for ∀t ∈ [t− Γ, t].
Thus, α captures the average intertemporal substitution across
all observations over the full 15-day period of the field test.

There are two reasons why we focus on documenting the
intertemporal substitution effect as an average across
the 15-day period of the campaign, rather than accounting for
the specific amount of time passed since a consumer had been
exposed to a TV ad and instead of quantifying how far
forward in time individual consumers moved their online activ-
ities. First, our data do not record whether an individual con-
sumer was actually exposed to a TV ad. Second,
intertemporal substitution may happen over any time horizon,
so a model would need to be flexible enough to allow for inter-
temporal substitution over a sufficiently long time frame. For
example, to measure a one-week intertemporal substitution
effect in a 30-minute panel, one would need to include at
least 336 lagged terms, which leads to identification challenges
for any data sets typically available to firms or researchers (see

Figure 3. Day-Level Trends of Control and Treated Regions with SDID Weights.
Notes: The vertical line represents the campaign start date, and the shaded areas around the lines represent 95% standard errors of the day-level average.

Table 4. Average Effect of TV Advertising on Online Activities.

Panel

ln(Sessions+ 1) ln(Sales+ 1)

2 Minutes 10 Minutes 30 Minutes 60 Minutes 2 Minutes 10 Minutes 30 Minutes 60 Minutes

Average effect .0085 .012 .011 .0091 −.012 −.020 −.018 −.0081
(.010) (.015) (.018) (.020) (.016) (.042) (.051) (.058)

Date fixed effects Yes Yes Yes Yes Yes Yes Yes Yes

Hour-of-day fixed effects Yes Yes Yes Yes Yes Yes Yes Yes

County fixed effects Yes Yes Yes Yes Yes Yes Yes Yes

Observations 3,900,960 780,192 260,064 130,032 3,900,960 780,192 260,064 130,032

*p< .10.

**p< .05.
***p< .01.
Notes: The sample is the panel data set including both control and treated counties from the field test. Standard errors are clustered at the county level.

13 The lagged effects of TV advertising are modelled in a similar fashion as in
Dubé, Hitsch, and Manchanda (2005), Tellis et al. (2005), and Joo et al. (2014).
14 This is in line with the finding in He and Klein (2022) and Joo, Wilbur, and
Zhu (2016) that the effect of TV advertising only persists for several hours. We
also note that the estimated results are robust to including lagged effects of up to
240 minutes as opposed to 180 minutes that we report on in this article.
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detailed discussions in Johnson, Lewis, and Nubbemeyer
[2017] and He and Klein [2022]).

Note that the traditional approach without this term implicitly
assumes that at times in the treatment period when no ad is aired
and no lagged effects occur, the baseline difference in sessions,
and respectively in sales, between the control and the treated
group should be identical to the pretreatment period. The identi-
fication for α comes from this change in baseline difference and
thus can only be measured with field test data that provide both
a proper control group and a pretreatment period.

Further, as before, Dt and Zi denote time and county fixed
effects, respectively. Next, ɛit denotes the error term, which is
clustered at the county level to allow for correlations over
time within a county.15 In the robustness section, we use the
Newey–West approach to account for possible serial correla-
tions and heteroskedasticity in the error terms (Newey and
West 1987) instead of the clustered standard errors.

With the estimated unit weights and time weights, which we
discussed in the previous subsection, the SDID estimators are
computed by solving

(α̂, η̂, β̂, D̂, Ẑ) = argmin
α,η,β,D,Z

∑N
i=1

∑T
t=1

(Yit − η−
∑Γ
τ=0

βτait−τ − αI(Treated-NoAd)it − Dt − Zi)

2

ω̂sdid
i λ̂sdidt

{ }
, (6)

where α captures the intertemporal substitution effect, β0 cap-
tures the immediate effects, and β1,…, βΓ capture the lagged
effects of TV ads on online activities.

Figure 4 presents the SDID results of the new model, showing
the results for data aggregated at 2-, 10-, 30-, and 60-minute inter-
vals. Panels A, C, E, and G of Figure 4 plot the results for online
sessions; Panels B, D, F, and H plot the results for online sales.
Within each panel of the figure, the left y-axis shows the scale
for the estimated βs (immediate and lagged effects) within a
180-minute period after the ad aired, and the right y-axis shows
the scale for the estimated αs (average intertemporal substitution)
beyond the 180-minute period.

We explain Figure 4, Panel A, in detail. Zero on the y-axis rep-
resents the baseline from the control group, against which we
compare the treated group. The first dot indicates a positive imme-
diate effect of advertising on the number of sessionswhen data are
aggregated at 2-minute intervals. This positive immediate effect
mirrors prior results, such as the findings of Du, Xu, and Wilbur
(2019), Fossen and Schweidel (2016), Joo et al. (2014), and
Liaukonyte, Teixeira, and Wilbur (2015). The remaining dots
capture the lagged effects within a 180-minute period. It is
obvious that the initial positive effect rapidly declines and is
around zero after about 90 minutes. The dashed line after 180
minutes reflects the average intertemporal substitution effect,
which we find to be negative. Throughout, the shaded areas
around the plots indicate the 95% confidence intervals.

All other panels of the figure follow the same logic. Panels
A, C, E, and G of Figure 4 demonstrate an immediate positive
effect of TV advertising on sessions, positive lagged effects that
decline over time as well as negative intertemporal substitution
effects. Similarly, Panels B, D, F, and H of Figure 4 plot the
effect on sales. Note that again the immediate effect, indicated
by each first dot, is positive throughout. Further, the lagged
effects on sales, indicated by the following dots, decline
rapidly over time. The immediate and lagged effects become
more pronounced as the time intervals used for estimation
become longer. We attribute this to multiple factors. First, con-
sumers may need more than a few minutes to make a purchase
decision following an ad exposure, which can explain why the

instantaneous effect is not significant in Figure 4, Panel B.16

Second, the inclusion of 90 βs in this specification for
2-minute intervals means that we have to estimate a large
number of parameters; thus, these are noisier and less precise.
Third, the large variation in sales as an outcome variable
means that the noise of any estimate will be bigger for shorter
time intervals. Throughout, the average intertemporal substitu-
tion effect, indicated by the dashed line, is negative.

In summary, these results suggest that exposure to TV adver-
tising prompts consumers to browse the firm’s website and
make purchases within roughly the following hour to two
hours. However, this appears to come at the cost of lower
browsing and purchases at later points in time when ads are
not shown, suggesting that, at least in the context we study,
TV advertising moves forward in time online activities that con-
sumers would otherwise carry out later.17

Importance of Intertemporal Substitution
We assess the importance of capturing the intertemporal substitu-
tion effect. We compare the implied effectiveness of the TV
advertising campaign based on our proposed measurement
approach to the more common industry practice by advertisers

15 Clustering standard errors at the county level follows prior research with field
tests in which the treatment is at a broader geographic region while the standard
errors are clustered at a more disaggregated level (see Blake, Nosko, and Tadelis
2015b). Alternatively, our results are also robust if the standard errors are clus-
tered at the region level.
16 Note that in the analysis for Figure 4, each time interval (e.g., 30-minute
period) records the online sales that happened in that period. This approach
differs from the event study presented in Table 3, where we use a 24-hour attri-
bution window for sales.
17 Any immediate increase in online sessions or sales following TV ads may be
the result of either TV ads bringing forward in time visits and purchases that oth-
erwise would have happened later at the same firm, or TV ads stealing attention
and sales from competing online travel agents. Given that the average effect
over the entire campaign period is null and that the focal travel agency offers
a wide selection of hotels, we conclude that it is more likely that the first is
the dominant mechanism.
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Figure 4. Effects of TV Advertising from the Four Panels.
Notes: The dots to the left of the vertical lines represent β0,…, βΓ, the estimated immediate and lagged effects of TV advertising on online sessions and sales. The

dashed lines to the right of the vertical lines represent α, the estimated intertemporal substitution effect. The shaded areas represent the 95% confidence interval.

The vertical line indicates that the lagged effects and the intertemporal substitution effect are reported on different scales. Note that the lagged effect part is

measured for individual points in time, and the intertemporal substitution part is measured as an average effect across all available observations beyond 180

minutes after the most recent ad being shown. The length of the period during which the intertemporal substitution effect is identified may vary across advertising

instances, depending on when the next ad would be shown.
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and measurement companies, that is, the distributed lag model
that captures immediate and lagged effects, but ignores intertem-
poral substitution.18 Our specification for the standard distributed
lag model is Yit = η+∑Γ

τ=0 βτait−τ + Dt + Zi + ϵit, which is a
modification of Equation 5 that includes lagged effects of up to
180 minutes but ignores intertemporal substitution. Columns 1
and 3 of Table 5 present the results of our proposed approach,
mirroring Figure 4. Columns 2 and 4 present the results for the
standard distributed lag model using the same SDID-reweighted
data but ignoring intertemporal substitution. All estimations are
based on 30-minute intervals. We find similar patterns when
aggregating data to different time intervals.

Our proposed approach and the standard distributed lag model
generate different estimates, with the key difference being the
intertemporal substitution effect. In our proposed model, this
effect is significantly negative, whereas it is ignored in the stan-
dard distributed lag model. This contrast has important implica-
tions for a company’s ROI from TV advertising. The standard
distributed lag model produces positive and significant estimates,
suggesting strong positive elasticities of TV advertising on online
sessions and online sales. However, our proposed model suggests
that the negative intertemporal substitution effect would offset
much of the positive significant immediate and lagged effects.
Therefore, the elasticities of TV advertising on online sessions
and online sales are likely to be much smaller or even insignifi-
cant. As a result, for the same TV ad campaign, the standard dis-
tributed lag model would find a significant positive ROI for the
company, whereas our proposed model would suggest an ROI
close to zero.19 Further, although we estimate a similar magnitude
of the immediate effect of advertising across the standard distrib-
uted lag model and our model, there is a statistically significant
difference between these two estimates (with p-values below
.01 for estimates for online sessions and below .05 for estimates
for online sales) as confirmed by a cross-model test using the
method proposed by Clogg, Petkova, and Haritou (1995). The
same applies to the lagged effects across the two models. We
note that while our analysis is based on a single category, the
concern that measurement of TV advertising effectiveness may
miss intertemporal components is likely to apply to other catego-
ries as well, albeit to different degrees.

For a firm, this means that the best practice in measuring TV
advertising effectiveness involves four components. First, the firm
needs to ensure there is an exogenous intervention. Second, the
firm likewise needs to ensure the presence of a control group.
Third, the firm needs to consider the possible existence of intertem-
poral substitution in the data analysis. Fourth, since at least in the
context of TV advertising in practice it is often difficult to fully ran-
domize and thushave fullymatchingpretreatment trends acrossboth
treatment and control groups, it will often be necessary for the anal-
ysis to strengthen the causal identification using an approach such as
SDID that we employ in our setting.

In conclusion, the contrasts between the two sets of results
suggest that firms should be cautious when interpreting reports
generated by market research companies based on the analysis
of short time windows (e.g., the event study) or standard regres-
sion models that do not account for the possibility of consumers’
intertemporal behavioral change (e.g., the standard distributed lag
model), because they may give companies a false belief that TV
advertising may be effective when it is not.

Identification and Robustness
In this section, we discuss the identifying assumptions of the
SDID approach, and then we present a series of robustness
checks.

Identification
The standard DID approach requires three identifying assump-
tions. First, in the absence of the treatment, the trends of the key
outcome variables of the control and the treated regions should
be parallel. The SDID approach utilizes the unit and time
weights to match the pretreatment trend such that the reliance
on parallel trend type assumptions can be weakened. We find
that although in the raw data the control regions have a lower
level of online activities relative to the treated regions, after
reweighting and including an additive unit-level shift, the pre-
treatment trends across control and treated regions match
almost perfectly (Web Appendix Figure W1). This suggests
that SDID is effective in constructing a valid “counterfactual”
control group that satisfies the parallel trend assumption. In
addition to the visual inspection, the test for parallel trends sug-
gested by Angrist and Krueger (1999, p. 1299) fails to reject the
null hypothesis of a parallel trend (Web Appendix Table W2).

In two placebo tests, we further confirm that the results are
indeed an effect of the treatment and not an artefact of
broader patterns in the data. In the first placebo test, we focus
on the four-week pretreatment period. We assign the first two
weeks to a hypothetical pretreatment period and the second
two weeks to a hypothetical treatment period where TV ads
were delivered at the same level of advertising that we
observe in the first two weeks of the real campaign in the
treated regions. We estimate the same model as in Equation 6
and Figure 4. We find statistically insignificant estimates of
the intertemporal substitution effects (see Web Appendix
Table W3), suggesting that the pattern of intertemporal

18 Many previous studies that use the distributed lag model impose the assump-
tion of a geometric decay on ad effectiveness for identification purposes with the
observational data (see the review by Sethuraman, Tellis, and Briesch [2011]).
This type of model cannot capture the intertemporal substitution because all
effects are bounded above zero by construction.
19 To calculate an approximate elasticity of TV advertising spend on online ses-
sions and sales, we reestimate the log-log specification in Equation 5 with a
single effect capturing all lagged advertising effects up to 180 minutes and
one effect for intertemporal substitution. The estimated elasticity on the
lagged advertising effect is significantly positive on both online sessions at
.006 (p< .01) and on online sales at .014 (p< .01). The estimates on the
effect of intertemporal substitution are very similar to those in Table 5. With
the observed advertising spend and the frequency of I(Treated-NoAd), the esti-
mated positive immediate and lagged elasticities and the negative intertemporal
substitution effect suggest the overall elasticities of the campaign period is close
to zero, similar to those reported in Table 4.
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substitution that we observe in the field data is not driven by dif-
ferences in the hour-of-day and day-of-week site traffic and
transactions between treated and control regions. In the
second placebo test, we focus on the control region in the three-
week treatment period. We assume that the control region was
exposed to the same level of TV advertising as the treated
region. We estimate an event study, similar to Table 3. The stat-
istically insignificant estimates suggest that these hypothetical
ads would not have any placebo effect on online sessions and
sales, implying that the positive instantaneous effects of TV
ads that we identified in the treated region were unlikely to be
caused by unobserved confounding factors (see Web
Appendix Table W4).

Second, we rely on the assumption that the company did
not implement any changes to its marketing activities specific
to either the TV or the control region during the course of the
campaign. The company indeed confirmed that during the
period of the field test, there were no changes in the marketing
activities. Further, the company was careful not to run any
region-specific marketing activities in the country, except
for the TV advertising that forms the basis of our study. In
addition, the company scheduled the full TV advertising cam-
paign prior to the start of the treatment period and kept both
this TV advertising schedule and the budget fixed during
the course of the test.

Throughout various channels, display ads, social media ads,
and targeted emails differ from the others (e.g., direct website

visit, app visit, search, and travel aggregators) as they are not
directly accessible by consumers unless the company initiates
it. Consequently, there is a concern that TV ads might have
spurred web browsing and subsequently shifted exposure to
display ads, social media ads, or targeted emails differently
between the treated and the control regions. If this were the
case, our results would not only measure the direct impact of
TV ads on online activities, but also the indirect impact of
TV ads on online activities via digital ads. To assess the impor-
tance of such an indirect effect and to construct a conservative
measure, we reestimate the effect of TV ads on online activities,
excluding sessions originating from affiliate marketing, display
marketing, social media marketing, and email marketing (about
16.4% of total sessions). The results are almost identical to our
main results in Table 4 and Figure 4, as shown in Web
Appendix Table W5 and FigureW2, in terms of both magnitude
and statistical significance. We also present the individual
channel results in Web Appendix Tables W6 and W7. We con-
clude that the direct impact prevails over any potential indirect
impact of TV ads on online activities in the observed pattern.

Third, we assume that competitors did not respond to the
TV ad campaign in a way that would be specific to the
treated region. The execution of the field test is private infor-
mation to the company. Without knowing ahead of time when
the test would run and which region would be treated, there is
no reason to believe that competitors would respond to this
test strategically, let alone respond specifically to the TV

Table 5. Model Comparison With and Without Intertemporal Substitution Effect.

ln(Sessions+ 1) ln(Sales+ 1)

Proposed Approach Standard Approach Proposed Approach Standard Approach
(1) (2) (3) (4)

Immediate effect .014*** .016*** .046*** .052***

(.0030) (.0028) (.012) (.012)

Lag 1 effect .0060*** .0082*** .033*** .040***

(.0020) (.0019) (.010) (.010)

Lag 2 effect .0089*** .010*** .0040 .0084

(.0020) (.0018) (.011) (.011)

Lag 3 effect .0026 .0040* .0093 .014

(.0024) (.0022) (.012) (.012)

Lag 4 effect .0042** .0064*** −.00024 .0062

(.0019) (.0020) (.0093) (.010)

Lag 5 effect .00058 .0026 −.0055 .00072

(.0023) (.0022) (.015) (.013)

Intertemporal substitution −.061*** −.19**
(.018) (.073)

Date fixed effects Yes Yes Yes Yes

Hour-of-day fixed effects Yes Yes Yes Yes

County fixed effects Yes Yes Yes Yes

Observations 260,064 260,064 260,064 260,064

Adjusted R2 .9012 .9011 .5435 .5433

*p< .10.

**p< .05.
***p< .01.
Notes: The results are based on the 30-minute interval panel. Standard errors are clustered at the county level. The immediate effect is the estimated β0, and the

lagged effects are estimated β1,… , β5.
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region. One caveat is, once again, that TV ads might spur
online browsing that, in turn, could lead to consumers in
the treated and control regions being exposed to competitors’
digital ads with different propensities, a pattern we would be
unable to measure directly. Note, however, that since the pre-
vious analysis suggested little, if any, indirect effect of TV
advertising through increased exposure to the focal firm’s
own digital ads on the focal firm’s sessions and sales, it
seems unlikely that the effect of competitors’ advertising on
online activities at the focal firm would be any greater. This
leads us to believe that our results are not significantly influ-
enced by indirect effects that come through either the firm’s
own digital marketing activities or those of competitors. We
note that if there were such indirect effects, the effects we
measure should be interpreted as the aggregate of the direct
effect of TV advertising as well as those through other
digital media.

Overall, we conclude that the three identifying assumptions
are valid in our context using the SDID approach.

Robustness Checks
We report a set of checks to confirm the robustness of the SDID
results reported in Figure 4 that provide evidence for an

intertemporal substitution effect. We report the robustness
check results for the 30-minute panel data on online sessions
in Table 6 and on online sales in Table 7. For the sake of
brevity, robustness checks for results based on the 2-, 10-,
and 60-minute panels are reported in the Web Appendix
(Table W8 for online sessions and Table W9 for online sales).

Serial correlations. The previous analyses control for date fixed
effects, hour-of-day fixed effects, and county fixed effects,
but it remains possible that standard errors are biased due to
serial correlations. Here, we use the Newey–West approach to
account for the possible serial correlations and heteroskedastic-
ity in the error terms (Newey and West 1987). The similarity
between the original results, which we display again in
Column 1, and this additional set of results displayed in
Column 2 in Table 6 and Table 7 suggests that our results are
robust to serial correlations.

Position of the ad in a time interval. In creating the panel, we
aggregate TV advertising in time intervals, but ignore the
exact position of the TV ad within a time interval. This
approach may be concerning, especially when aggregating the
data to 30- or 60-minute time intervals, because ads may be
placed at different segments of the observation interval so

Table 6. Robustness Checks on Online Sessions for 30-Minute Panel.

ln(Sessions+ 1)

(1) (2) (3) (4) (5)
Original Newey–West Position of Ad Ad Duration Time-Varying

Immediate effect .014*** .014*** .017*** .0022*** .013***

(.0030) (.0020) (.0046) (.00038) (.0031)

Lag 1 effect .0060*** .0060*** .0058*** .00088*** .0091***

(.0020) (.0020) (.0019) (.00029) (.0020)

Lag 2 effect .0089*** .0089*** .011*** .00065** .0081***

(.0020) (.0023) (.0021) (.00031) (.0022)

Lag 3 effect .0026 .0026 .0030 −.00010 .0049**

(.0024) (.0024) (.0024) (.00033) (.0022)

Lag 4 effect .0042** .0042** .0039** .00038 .0074***

(.0019) (.0021) (.0018) (.00035) (.0022)

Lag 5 effect .00058 .00058 .0011 −.00038 .0031

(.0023) (.0025) (.0022) (.00036) (.0022)

Intertemporal Subs× I(1st Week) −.061*** −.061*** −.064*** −.058*** −.030**
(.018) (.0083) (.018) (.018) (.015)

Intertemporal Subs× I(2nd Week) −.064***
(.023)

Date fixed effects Yes Yes Yes Yes Yes

Hour-of-day fixed effects Yes Yes Yes Yes Yes

County fixed effects Yes Yes Yes Yes Yes

Observations 260,064 260,064 260,064 260,064 260,064

Adjusted R2 .90 .90 .90 .90 .90

*p< .10.

**p< .05.
***p< .01.
Notes: Column 1 reports the original results. Column 2 reports the Newey–West standard errors that are robust to serial correlations. Column 3 reports the

weighted ad spend accounting for the position of the ad in a time interval. Column 4 reports the alternative treatment measure of ad duration. Column 5 allows the

intertemporal substitution effects to differ in the first week and the second week of the TV ad campaign. The immediate effect is the estimated β0, and the lagged

effects are estimated β1,… , β5.
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that the data would not evenly mirror the effect of an ad. In this
robustness check, we control for the position where the ad
appeared in a time interval by weighting ad spend such that
ads that have more time to influence online behavior are
given more weight. For example, a TV ad that aired at 8:15
p.m. can only have influenced 15 minutes during the 8:00–
8:30 p.m. interval and thus is given a weight of .5 in the
30-minute analysis. Table 6 and Table 7 present the results in
Column 3. Once again, the positive immediate effects and the
negative coefficients of the intertemporal substitution indicate
the robustness of the results.

Ad duration versus ad spend. In our main specification, we use
ad spend as the treatment. An alternative treatment measure is
ad duration; that is, the sum of ad length in seconds in a time
interval. Table 6 and Table 7 show, in Column 4, that our
results are robust to quantifying advertising treatment as the
total duration of ads during that time interval.

Time-varying effects. The previous analyses measure the average
intertemporal substitution effect. In Column 5, Table 6 and
Table 7 estimate the intertemporal substitution effect separately
for the first and the second week of the TV ad campaign.

Intertemporal Subs× I(1st Week) measures the average inter-
temporal substitution effect of TV advertising in the first
seven days of the ad campaign, whereas Intertemporal Subs×
I(2nd Week) measures that in the last eight days. We find stat-
istically significant negative intertemporal substitution effects
in the first week for both online sessions and sales and more
pronounced effects in the second week, with online sessions
exhibiting significance at a p-value of .01 and online sales at
a p-value of .1. This result is consistent with a larger number
of consumers having been affected by a potentially greater
number of ads by the second week than in the first week and,
thus, having moved their browsing and purchases forward in
time.

Broader Investigation of TV Advertising
Effects
Results in the previous section document that TV advertising
drives up immediate online sessions and sales, but lowers
future browsing and purchasing activities in periods where
ads are not aired. These findings add to companies’ understand-
ing that both real-time and future responses matter when mea-
suring the return on TV advertising. They also provide

Table 7. Robustness Checks on Online Sales for 30-Minute Panel.

ln(Sales+ 1)

(1) (2) (3) (4) (5)
Original Newey–West Position of Ad Ad Duration Time-Varying

Immediate effect .046*** .046*** .058*** .0054*** .043***

(.012) (.012) (.014) (.0013) (.012)

Lag 1 effect .033*** .033*** .032*** .0036* .042***

(.010) (.013) (.010) (.0022) (.011)

Lag 2 effect .0040 .0040 .0095 .00061 .0028

(.011) (.014) (.012) (.0012) (.011)

Lag 3 effect .0093 .0093 .011 −.00067 .016

(.012) (.013) (.012) (.0018) (.012)

Lag 4 effect −.00024 −.00024 −.0015 −.0013 .0092

(.0093) (.013) (.0093) (.0017) (.011)

Lag 5 effect −.0055 −.0055 −.0040 −.0024 .0022

(.015) (.013) (.015) (.0017) (.013)

Intertemporal Subs× I(1st Week) −.19** −.19*** −.19** −.16** −.100*
(.073) (.044) (.074) (.063) (.059)

Intertemporal Subs× I(2nd Week) −.14*
(.076)

Date fixed effects Yes Yes Yes Yes Yes

Hour-of-day fixed effects Yes Yes Yes Yes Yes

County fixed effects Yes Yes Yes Yes Yes

Observations 260,064 260,064 260,064 260,064 260,064

Adjusted R2 .54 .54 .54 .54 .54

*p< .10.

**p< .05.
***p< .01.
Note: Column 1 reports the original results. Column 2 reports the Newey–West standard errors that are robust to serial correlations. Column 3 reports the

weighted ad spend accounting for the position of the ad in a time interval. Column 4 reports the alternative treatment measure of ad duration. Column 5 allows the

intertemporal substitution effects to differ in the first week and the second week of the TV ad campaign. The immediate effect is the estimated β0, and the lagged

effects are estimated β1,… , β5.
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insights for companies that are keen to adopt moment market-
ing. To use moment marketing, companies can further benefit
from learning how TV ad effectiveness, and especially the
immediate and intertemporal substitution effects, vary across
a set of variables, such as the channels through which consum-
ers arrive at the firm’s website, the device consumers use when
browsing the firm’s site, and the extent to which consumers rely
on promotional offerings. In this section, we explore how TV
advertising shifts users’ browsing and purchases across chan-
nels, devices, and promotion usage. For the sake of brevity,
we focus on the panel with 30-minute intervals. To ensure con-
sistency across all different sets of results, we conduct the SDID
analyses using the same set of unit and time weights, which is
based on the estimation of the full sample.20

Effects of TV Advertising on Channel Choice
As consumers increasingly use a variety of different channels to
arrive at a company’s offering, a key question for managers is
whether marketing actions shift channel usage. If TV advertis-
ing prompts consumers to come to the company’s website and
make purchases mostly via owned channels (e.g., by directly
entering the URL or by using a mobile app), rather than using
paid channels (e.g., travel aggregators or paid search), this
may reduce costs associated with customer acquisition. If,
however, TV advertising leads consumers to focus more on
paid channels, this may increase the costs of acquiring consum-
ers. Several unique features of our data, including detailed
information on originating channels, information on both
browsing and purchase, and the exogenous variation in TV ad
treatment from the field test, enable us to shed light on the
effects of TV advertising on channel choice.

As discussed in the “Data” section, the focal company
records channels by which consumers arrive to view the com-
pany’s digital offering. These include travel aggregators (e.g.,
TripAdvisor and Trivago), directly loading the website by
typing in the URL, paid search, app visits, organic search,
email, affiliate marketing, display ads, and social media, listed
in descending order of the proportion of sessions coming
from each channel to the company. We classify travel aggrega-
tors, paid search, affiliate marketing, and display ads as paid
channels, which account for 56.6% of the total traffic and
sales at the website. The remaining channels, accounting for
43.4% of the traffic and sales, are classified as owned channels.
We aggregate the sessions and sales in a county at 30-minute
time intervals to create one panel for paid channels and one
panel for owned channels. We then conduct SDID analyses
on the immediate, lagged and intertemporal substitution
effects (Equation 6) and the average effects (Equation 2) for
each of the two panels.

Table 8 shows the results for two sets of regressions on paid
channels and owned channels. The top part summarizes the

immediate and intertemporal substitution effects, and the
bottom part displays the average effect over the entire campaign
period. Both sets of regressions include date, hour-of-day, and
county fixed effects. The results are presented in a parsimonious
way to save space.

The top part of the table confirms positive immediate effects
and negative intertemporal substitution effects on both sessions
and sales for paid channels and owned channels. Comparing the
results from paid channels to those from owned channels, we
find that the immediate positive effects on sessions are more
pronounced for paid channels (in both instances, the difference
in coefficients is significant with p < .1) and the negative inter-
temporal substitution effects on both sessions and sales are
more pronounced for owned channels (in both instances, the
difference in coefficients is significant with p < .1). Together,
these patterns suggest that immediately after viewing a TV
ad, consumers are relatively more likely to use paid channels
than owned channels and that these increases are more likely
to substitute for a future owned-channel visit rather than that
of a paid channel. This aggregate behavioral change could
come from two different sources. First, the effects of TV ads
across various channels may be different for a given consumer.
Second, there could be a selection effect whereby consumers
from different channels react differently to a TV ad.

The bottom part of the table focuses on the average effects of
TV advertising on paid and owned channels over the entire cam-
paign period. TV advertising significantly increases sessions and
sales from paid channels, but has no significant impact on owned
channels. This is consistent with the pattern we see in the top
part of the table: part of the sessions and part of the sales that
would in the absence of TV advertising happen in owned chan-
nels appear to shift to paid channels as a result of TV advertising.
For completeness, we report the detailed results across individ-
ual channels for sessions in Web Appendix Table W6 and for
sales in Web Appendix Table W7.

We suggest two reasons why TV advertising may shift con-
sumers from less expensive owned channels to more expensive
paid channels. First, TV advertising may prompt consumers to
initiate a search in the category (e.g., “hotel in Madrid”) and
explore sites of aggregators, even if their preferences then
direct them to the focal firm’s web page. Second, paid search
advertising may be seen as a simpler navigational tool relative
to visiting the website through owned channels (Blake, Nosko,
and Tadelis 2015a; Liu and Hill 2021). Both rationales are con-
sistent with findings by Joo et al. (2014), who demonstrate that
TV advertising increases both searches in the product category
and consumers’ tendency to use branded keywords. This result
emphasizes that advertisers may wish to coordinate their mar-
keting activities, and specifically their budgets, across TV and
digital advertising channels, such as travel aggregators and
paid search. For example, it may be useful to ensure that
daily budgets for digital advertising through paid channels
vary with the amount of TV advertising across days.

Furthermore, this result demonstrates the benefit of sepa-
rately identifying the immediate effects, lagged effects, and
intertemporal substitution effects. A narrow focus on only the

20 As an alternative approach, we can create unit and time weights separately for
each analysis. Such results closely mirror those reported in the article.
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immediate effect would not have revealed the differences
between paid channels and owned channels (the estimates on
immediate effects are similar across the two), because the anal-
ysis of the intertemporal substitution effect is missing. A narrow
focus on only the average effects could have led a firm to mis-
takenly conclude that TV advertising reduced sessions and sales
coming from owned channels, despite its significantly positive
immediate impact. Thus, our proposed approach, accounting
for the immediate, lagged, and intertemporal substitution
effects, is useful to provide companies a comprehensive
picture of the effectiveness of TV advertising.

Effects of TV Advertising on Device Choice
If TV advertising shifts the time when users access the firm’s
website or app, then TV advertising may likewise shift the type
of device consumers use to access the firm’s offering. For a
firm, understanding the implications of TV advertising on
device usage is important when attempting to coordinate TV
advertising with online marketing activities. In online advertising,
device is a key parameter; both Meta and Google allow for target-
ing by device and provide cross-device reports so that firms can
allocate their budgets to account for possible shifts through adver-
tising. Further, the variation in accessibility and screen size across
device types means that consumers’ browsing and purchasing
behaviors may change depending on what device they use
(Ghose, Goldfarb, and Han 2013; Xu et al. 2017). We explore
the effect of TV advertising across devices in this section.

We have two types of devices: PCs (including desktops and
laptops), accounting for 48.5% of traffic and 66.4% of sales,
and mobile devices (including cell phones and tablets), account-
ing for the remaining 51.5% of traffic and 33.6% of sales.
Mirroring the approach in the analysis of the channel choice,

we again create a panel for each device type; use the SDID
approach to first estimate the immediate, lagged, and intertem-
poral substitution effects; and then estimate the average effects
of TV advertising over the entire campaign period. Table 9
summarizes the results. From the top panel, we see that follow-
ing a TV ad, website traffic and sales both increase immediately
across PCs and mobile devices. The negative intertemporal sub-
stitution effects are much stronger on sessions and sales from
mobile devices compared with PCs (p < .1). This suggests
that TV advertising is effective in prompting immediate
second-screen browsing behavior on both PCs and mobile
devices, potentially by moving forward in time online activities
that consumers would otherwise carry out later, mostly on
mobile devices.

The bottom part of the table demonstrates that over the entire
campaign period, TV advertising significantly increases ses-
sions on PCs but not on mobile devices. The increased sessions
further lead to an increase in sales from PCs. The positive
impact of TV advertising on sales from PCs but not mobile
devices is likely driven by the greater ease of navigating on a
PC and the resulting lower search cost (Ghose, Goldfarb, and
Han 2013) as well as generally higher conversion rates
among PC sessions (Web Appendix Figure W3). This analysis
on device choice suggests that advertisers may benefit from
directing particular attention to sessions from PCs when coordi-
nating TV advertising and online marketing activities, because
the conversion rate is higher on PCs, where consumers gener-
ally tend to buy more complex goods like hotel stays.

Effects of TV Advertising on Promotion Usage
To fully understand the effect of TV advertising on profitability
and to better coordinate TV advertising and digital marketing

Table 8. Effects of TV Advertising on Channel Choice.

Paid Channels Owned Channels

ln(Sessions+ 1) ln(Sales+ 1) ln(Sessions+ 1) ln(Sales+ 1)

Immediate and Intertemporal Substitution Effects
Immediate effect .016*** .047** .011*** .042**

(.0028) (.020) (.0029) (.020)

Intertemporal substitution −.035*** −.031 −.077*** −.17***
(.0072) (.043) (.0076) (.043)

Three-hour lagged effects Yes Yes Yes Yes

Average Effects
Average effect .036*** .069* −.012 −.037

(.015) (.036) (.022) (.034)

Date fixed effects Yes Yes Yes Yes

Hour-of-day fixed effects Yes Yes Yes Yes

County fixed effects Yes Yes Yes Yes

Observations 260,064 260,064 260,064 260,064

*p< .10.

**p< .05.
***p< .01.
Notes: Standard errors are clustered at the county level. Both the top regression and the bottom regression control for date fixed effects, hour-of-day fixed effects,

and county fixed effects.
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activities, firms should likewise explore the impact of TV
advertising on promotion usage. If TV advertising shifts the
degree to which consumers use promotions, this could increase
or decrease overall profitability. With knowledge of the effects
of TV advertising, firms may wish to consider whether to adjust
promotional offerings. One unique feature in our data is that we
can identify based on the URL of each web page whether in a
session consumers visited a price-promotion-focused web page.
In 6.8% of all sessions, we find that consumers visited at least
one web page focused on price promotions. The transactions
made by consumers in those sessions amounted to a higher per-
centage—16.8%—of total sales. Recall that, as noted previously,
the advertising campaign focused on promoting its brand. It did
not communicate prices, relative prices, price levels (e.g.,
“cheap holidays”), or specific price promotions.

To explore how TV advertising affects consumers’ likeli-
hood to explore promotion-focused web pages, we separate ses-
sions into those during which a consumer visited a
price-promotion-focused web page (promotion sessions) and
those in which this was not the case (nonpromotion sessions).
We create a panel for nonpromotion sessions and a panel for
promotion sessions respectively and conduct the SDID estima-
tion accordingly. Table 10 presents the SDID results of the
effect of TV advertising on sessions and sales in the nonpromo-
tion panel on the left and the promotion panel on the right, with
the top part presenting the immediate and intertemporal substi-
tution effects and the bottom part presenting the average effects
over the entire campaign.

Focusing on the top part, we find that TV advertising has a
much stronger immediate positive impact on sessions and sales
from nonpromotion sessions compared with promotion sessions.
Two potential mechanisms can lead to this pattern. First, TV
advertising may cause a selection effect in that TV ads may
have a bigger impact on consumers who are less likely to seek

price promotions, moving their browsing and purchases forward
in time. Second, TV advertising may change behavior in that
when browsing the firm’s offering immediately after seeing the
TV ad, consumers may be less likely to seek price promotions.

The negative intertemporal substitution effects suggest both
mechanisms may be at play. The negative estimate of the inter-
temporal substitution effect for nonpromotion sessions suggests
that some consumers not seeking price promotions shift their
browsing and purchases forward in time in response to TV
advertising. At the same time, the negative intertemporal substi-
tution effect and the null immediate effect for promotion ses-
sions suggest that some consumers who would otherwise
have looked at promotional content may shift their browsing
and purchases forward in time in response to TV advertising,
but no longer visit promotional content. The latter mechanism
is consistent with prior insights that an increase in nonprice
advertising can lead to lower price sensitivity among consumers
(Kaul and Wittink 1995).

The average effects in the bottom panel demonstrate an
increase in sessions and sales when nonpromotion pages are
visited and a decrease in sales when promotion pages are
visited. This further confirms that TV advertising may shift
some consumers away from visiting price-promotion-focused
web pages at a later time to instead focus on the broader
product offerings immediately. These findings indicate that
advertisers could potentially benefit from using fewer price pro-
motions immediately following a TV ad or targeted TV ads.

Effects of TV Advertising on Number and Value
of Transactions
The previous analyses suggest that TV advertising has hetero-
geneous effects across channels, devices, and promotion

Table 9. Effects of TV Advertising on Device Choice.

PC Mobile

ln(Sessions+ 1) ln(Sales+ 1) ln(Sessions+ 1) ln(Sales+ 1)

Immediate and Intertemporal Substitution Effects
Immediate effect .011*** .072*** .016*** .042***

(.0034) (.011) (.0037) (.018)

Intertemporal substitution −.035*** −.033 −.060*** −.18**
(.014) (.043) (.022) (.073)

Three-hour lagged effects Yes Yes Yes Yes

Average Effects
Average effect .025** .068* .004 −.015

(.012) (.038) (.024) (.040)

Date fixed effects Yes Yes Yes Yes

Hour-of-day fixed effects Yes Yes Yes Yes

County fixed effects Yes Yes Yes Yes

Observations 260,064 260,064 260,064 260,064

*p< .10.

**p< .05.
***p< .01.
Notes: PC includes desktop PCs and laptop PCs. Mobile includes cell phones and tablets. Standard errors are clustered at the county level. Both the top regression

and the bottom regression control for date fixed effects, hour-of-day fixed effects, and county fixed effects.
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usage. In this subsection, we explore the extent to which the
changes in total sales are a result of a change in the number
of transactions and the value per transaction.

In Table 11, we first mirror in Column 1 the original results
on sales presented in Column 3 of Table 5. We then decompose
the results on sales into the number of transactions in Column 2
and into the average transaction value in Column 3. Similar to
before, the top part of the table reports the immediate and inter-
temporal substitution effects, and the bottom part reports the
average effect of the TV advertising campaign. Intuitively,
the sum of the elasticities on the number of transactions and
the average transaction value equals the elasticity on sales;

that is, the sum of the coefficients in Columns 2 and 3
roughly equals that in Column 1 (slight differences are due to
the column-specific SDID weights). We find that both the
number of transactions and the average value per transaction
increase immediately following a TV ad, but both of them are
lower in periods when there is no ad in the treated group. The
immediate positive response in both the number of transactions
and the value per transaction once again highlights the impor-
tance of real-time coordination between the company’s TV
advertising and online marketing activities. We further
analyze the effects of TV advertising on the number and
value of transactions for nonpromotion sessions and promotion

Table 11. Effects of TV Advertising on Number and Value of Transactions.

ln(Sales+ 1) ln(Transactions+ 1) ln(Average Sales+ 1)

Immediate and Intertemporal Substitution Effects
Immediate effect .046*** .013*** .032***

(.012) (.0035) (.0094)

Intertemporal substitution −.19** −.043*** −.15**
(.073) (.015) (.065)

Three-hour lagged effects Yes Yes Yes

Average Effects
Average effect −.018 −.0068 −.011

(.051) (.012) (.041)

Date fixed effects Yes Yes Yes

Hour-of-day fixed effects Yes Yes Yes

County fixed effects Yes Yes Yes

Observations 260,064 260,064 260,064

*p< .10.

**p< .05.
***p< .01.
Notes: Standard errors are clustered at the county level. Both the top regression and the bottom regression control for date fixed effects, hour-of-day fixed effects,

and county fixed effects.

Table 10. Effects of TV Advertising on Promotion Usage.

Nonpromotion Sessions Promotion Sessions

ln(Sessions+ 1) ln(Sales+ 1) ln(Sessions+ 1) ln(Sales+ 1)

Immediate and Intertemporal Substitution Effects
Immediate effect .015*** .044*** .0053 .011

(.0036) (.016) (.0035) (.017)

Intertemporal substitution −.056*** −.092 −.044** −.16*
(.018) (.056) (.018) (.082)

Three-hour lagged effects Yes Yes Yes Yes

Average Effects
Average effect .017* .090* −.011 −.20**

(.010) (.054) (.015) (.088)

Date fixed effects Yes Yes Yes Yes

Hour-of-day fixed effects Yes Yes Yes Yes

County fixed effects Yes Yes Yes Yes

Observations 260,064 260,064 260,064 260,064

*p< .10.

**p< .05.
***p< .01.
Notes: Standard errors are clustered at the county level. Both the top regression and the bottom regression control for date fixed effects, hour-of-day fixed effects,

and county fixed effects.
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sessions respectively (see Web Appendix Tables W10 and
W11). We find that the negative intertemporal substitution of
the number of transactions is caused by a decrease from both
nonpromotion sessions and promotion sessions. The negative
intertemporal substitution of the average transaction value is
mainly caused by a decrease from promotion sessions.

Conclusion
With the emergence of new technology and moment marketing
campaigns, companies increasingly wish to integrate their
offline and online marketing activities in real time. This real-
time coordination requires the ability to measure the immediate
impact of TV advertising on consumers’ online activities, spur-
ring data analytics companies to use narrow attribution
windows for sharp identification. However, narrow attribution
windows may miss longer-lasting effects or potential intertem-
poral substitution effects, resulting in a misleading estimate of
TV ad effectiveness. Furthermore, the use of tight attribution
windows may obfuscate the heterogeneous impact of TV adver-
tising across channels, devices, and promotions.

This study sets out to investigate the importance of the attri-
bution window length in measuring the TV ad effectiveness of
online sessions and sales and explore how this effectiveness
varies across channels, devices, and promotions. We utilize
rare, rich data from a field test in which an online travel plat-
form focused on selling hotel stays ran TV advertising in one
area of the country while shutting off TV advertising for the
remainder of the country. The exogenous variation in the expo-
sure to TV advertising means that in our analysis, consumer
activity in the untreated regions can serve as a control group
for browsing behavior on the company’s website as well as
for its online sales. We propose a model to measure the imme-
diate, lagged, and intertemporal substitution effects and esti-
mate the model with the SDID approach.

We find that both online browsing and sales increase imme-
diately after a TV ad being aired. However, TV ads also appear
to reduce online browsing and sales at times when no TV ad is
aired in the treated region during the treatment period. We inter-
pret this pattern as intertemporal substitution (i.e., purchase
acceleration): in response to TV advertising, consumers
appear to shift forward in time online activities that they
would otherwise do at later points in time.

We document that these effects of TV advertising are hetero-
geneous across channels, devices, and promotions. Our analysis
demonstrates that TV advertising can have a bigger immediate
positive impact and a smaller negative intertemporal substitu-
tion effect on paid channels compared with owned channels.
This implies that TV advertising may change cost structures
for advertisers as consumers become more likely to use higher-
cost acquisition channels that firms need to compensate for pro-
viding traffic, but less likely to use lower-cost acquisition chan-
nels that firms own. Further, we find that over the entire
campaign period, TV advertising significantly increases ses-
sions and sales on PCs, but not on mobile devices, suggesting
that advertisers may benefit from directing particular attention

to sessions from PCs when integrating TV advertising and
online marketing activities. Finally, we find TV ads induce
more nonpromotion sessions, in which consumers do not visit
price-promotion-focused web pages, than promotion sessions.
This is likely caused by TV ads leading consumers not
seeking price promotions to bring forward their browsing and
purchases in time and making consumers less price sensitive
right after viewing an ad. These findings highlight the impor-
tance of the interaction between TV advertising and users’
online promotion usage.

Our insights matter for managers who wish to measure the
effectiveness of their TV advertising on online activities and
better coordinate TV advertising and online marketing cam-
paigns in real time. Our results document that while narrow
attribution windows can provide sharp identification of immedi-
ate effects, such tools may impose costs in terms of ignoring
broader shifts in user behavior, such as the type of intertemporal
substitution we document. This leads to overestimation of the
effectiveness of TV advertising. Thus, our proposed approach
may become useful as the increasing popularity of targeted
TV advertising and digitalization of TV analytics will enable
more companies to conduct field tests linking TV advertising
and online activities. Furthermore, our findings suggest that
advertisers could benefit from the intertemporal substitution
effect of TV advertising on online sessions and sales, as it
has the potential to expedite online purchases.

More broadly, our findings across channels, devices, and
price promotions suggest that TV advertising shifts consumer
behavior beyond merely changing when and whether they pur-
chase; it also affects how they purchase (i.e., through which
channel, via what device, and whether they use price promo-
tions). Such subtle heterogeneous effects highlight the potential
gain for advertisers from looking beyond a single channel, a
single device, or a fixed level of promotion to better coordinate
TV advertising and online marketing activities in real time.

There are, of course, limitations to our results. First, our data
stem from the travel sector, where online sales play a significant
role, but where purchases are relatively large and infrequent,
and consumers tend to go through a longer decision process.
It is possible that the importance of intertemporal substitution
varies across product categories. Further, it is possible that in
categories in which products have lower value and consumers
are more likely to engage in impulsive purchases, TV advertis-
ing may lead to not only intertemporal substitution but also
market expansion. Second, our analysis focuses on the effect
of an advertising campaign within a 15-day window. This
means that our results extend significantly beyond a short
time window that focuses on a by-minute or by-hour effect.
However, we are unable to derive insights on the extent to
which TV advertising might contribute to long-term brand
building. Third, we are unable to track individual consumers
across multiple channels and devices or monitor their
individual-level TV ad exposure. As a result, we quantify the
average intertemporal substitution effect but cannot disentangle
the extent to which this is a result of consumers moving their
individual-level activities forward in time or a heterogeneous
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response across consumers. Future research could explore in
more depth the precise intertemporal substitution path.
Notwithstanding these limitations, we believe our research is
a useful step toward understanding the interplay between TV
advertising and online activities.
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