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Abstract This study investigates the effects of consumer ac-
tivity in online media (paid, owned, and earned) on sales and
their interdependencies with the traditional marketing mix el-
ements of price, advertising and distribution. We develop an
integrative conceptual framework that links marketing actions
to online consumer activity metrics along the consumer’s path
to purchase (P2P). Our framework proposes that the path to
purchase has three basic stages–learning (cognitive), feeling
(affective), behavior (conative)—and that these can be mea-
sured with novel online consumer activity metrics such as
clicking on a paid search ads (cognitive) or Facebook likes
and unlikes of the brand (affective). Our empirical analysis of
a fast moving consumer good supports a know–feel–do path-
way for the low–involvement product studied. We find, for
example, that earned media can drive sales. However, we find
that the news is not all good as it relates to online consumer
activity: higher consumer activity on earned and owned media
can lead to consumer disengagement in the form of unlikes.
While traditional marketing such as distribution (60%) and
price (20%) are the main drivers of sales variation for the

studied brand, online owned (10%), (un)earned (3%), and
paid (2%) media explain a substantial part of the path to pur-
chase. It is noteworthy that TVadvertising (5%) explains sig-
nificantly less than online media in our case. Overall, our
study should help strengthen marketers’ case for building
share in consumers’ hearts and minds, as measured through
consumer online activity and engagement.
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Introduction

The new marketing paradigms of the third millennium have
made the notion of a linear consumer purchase process (i.e.,
funnel) obsolete and replaced it by a system-type network
structure (e.g., Achrol and Kotler 2011), often collectively
called the path to purchase (P2P). The growing prevalence
of different forms of online media offers exciting new oppor-
tunities for marketers to interact with consumers along their
path to purchase. In 2014, the two leading online media are
search and social. The search engine Google alone provides
40,000 searches per second (or 3.5 billion searches per day,
Internet Live Stats 2014) and has a market share of about 67%
of the US search traffic as of 2014 (Comscore 2014). Recently
Nielsen (2012) reported that 27% of US consumers have
searched product information based on a TV advertisement
and 22% have researched promotions advertised on TV.
Ofcom (2013) reported that 16% of UK consumers have
searched for product information or even posted to a social
network about a television advertisement. Social media giant
Facebook alone has 1.3 billion active users, 860 million daily
log-ons and generates 4.5 million Blikes^ daily (Zephoria
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2014). Research shows that 26% of consumers have increased
positive attitudes towards ads posted by friends and another
26% find ads targeted using their profile information accept-
able (Nielsen 2012). Online media have made it possible to
observe and leverage such behavior throughout the con-
sumer’s purchase decision journey. Marketers can now com-
municate with consumers through new channels and create a
brand space that consumers can easily access and interact
with. It also enables firms to monitor consumers’ conversa-
tions, brand attitudes, consumer engagement and disengage-
ment in a faster and cost-effective manner than classic surveys
(De Matos and Rossi 2008; Pauwels and van Ewijk 2014).

A critical question is how these online media interact with
each other and with traditional marketing mix actions such as
price, distribution and offline advertising. The marketing lit-
erature has started to analyze the effectiveness of consumer
activity metrics, but most often in stand-alone fashion without
accounting for the effects of traditional media (Li and Kannan
2014; Onishi and Manchanda 2012; Wiesel et al. 2011).
Moreover, these studies are typically either in high involve-
ment product categories (e.g., cars, lodging, or furniture) or
product categories that allow for online consumption (e.g.,
music, movies, books, or newspapers). Both of these factors
may overstate the role of consumer activity on the path to
purchase for more mundane consumer and business products,
such as, typically low involvement and non-online consum-
able, fast moving consumer goods (FMCGs). This is reflected
in the often-stated managerial opinion that Bnobody looks
online for toothpaste or paper clips^ (Lecinski 2011, p. 37).
If valid, this common wisdom implies that marketing commu-
nications for FMCGs do not drive higher online (paid, owned,
and earned) consumer activity, which in turn will not drive
brand sales. In contrast to survey-based attitude metrics
(Srinivasan et al. 2010; Lautman and Pauwels 2009), online
consumer activity metrics would therefore not drive (i.e.,
Granger-cause) brand sales and therefore not qualify as
Bleading performance indicators^ for FMCGs. There is a lack
of systematic empirical research on the role that consumer
activity metrics play on the path to purchase that either refutes
or confirms these managerial expectations for FMCG catego-
ries. Accordingly, our research questions are:

(1) Are online consumer activity metrics driven by FMCG
marketing actions?

(2) Are FMCG brand sales driven by online consumer activ-
ity metrics?

(3) How large are the effects among marketing, online met-
rics, and FMCG brand sales?

A particular feature of our study is that we consider both
the positive and negative sides of online consumer activity.
Not only can consumers engage with brands online, e.g., by
liking them on Facebook, they can also disengage with

brands, e.g., by unliking them. What is currently unknown is
whether such Bunearned media^ (typically by only a few con-
sumers) translate into an overall sales dip and whether they are
stimulated by marketing.

Overall, our contribution is threefold. First, we contribute
by proposing and testing a conceptual framework of how on-
line consumer activity reflected in online media interacts with
the traditional marketing mix actions (price, distribution and
advertising) in driving the path-to-purchase and ultimately
translates into sales and consumer engagement. We establish
this web of causal relations with Granger causality tests. We
demonstrate that brand managers of mundane products can
benefit from tracking online consumer activity as reflected in
paid, owned, and earned media metrics. In so doing, we re-
spond to the calls in previous research to offer new empirical
evidence of online media impact in such categories (Onishi
and Manchanda 2012).

As our second, empirical, contribution, we quantify the role
of online consumer activity measured by paid, owned, earned
and unearnedmedia metrics in driving sales within the context
of traditional marketing mix variables price, distribution and
advertising. We quantify the long-term impact of a change to
each marketing mix element. Based on the Vector
Autoregressive (VAR) model, we derive Generalized Forecast
Error Variance Decompositions (GFEVD) and Generalized
Impulse Response Functions (GIRF) to quantify the elasticity
and relative influence of consumer activity and traditional
marketing mix actions on sales. We show to what extent these
different consumer activity metrics contribute to driving sales,
as compared to the traditional marketing mix actions of price,
distribution and advertising.

Our third contribution is to assess whether, and if so how,
tracking online consumer activity through online media
metrics improves prediction of brand sales, as Srinivasan
et al. (2010) have done for traditional, survey-based mindset
metrics. In addition, we add to the understanding on media
effects by examining the impact of consumer activity metrics
on consumer engagement and disengagement and assess the
diagnostic value of these consumer activity metrics. First, we
investigate whether these metrics allow managers to better
evaluate their marketing efforts on the path to purchase. For
example, to what extent do more Facebook likes translate into
sales? Second, we consider whether these metrics can be used
as early indicators of trouble. For example, do a (few)
Facebook unlikes indicate a future sales decline? Beyond es-
tablishing online consumer activity metrics as leading sales
indicators, our study also shows that even small changes to
online engagement metrics can lead to sales declines. As a
potential wellspring of strategic intelligence, tracking them
could prove instrumental in expanding the role of marketing
in corporate decision making in practice.

In sum, online consumer activity tracking through paid,
owned, and earned media offers an important complement to
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previously relied upon survey-based metrics (i.e., mindset
metrics) to better understand the consumer decision process
and the consumer relationship with the brand (Court et al.
2009). What sets these new activity-based metrics apart is that
they are behavior-based—they reflect what consumers
actually do. Moreover, they offer potentially lower tracking
costs (e.g., surveys are costly) and the opportunity for earlier
warnings and more fine-grained data (e.g., surveys are often
monthly). Lastly, understanding the consumer’s decision jour-
ney and the role of the marketing mix are becoming increas-
ingly important. Our paper addresses these needs by providing
an overarching framework for the P2P and an integrated mod-
el of online media and marketing mix actions in a FMCG
setting.

Related literature

Our research is related to three streams of work: those focus-
ing on offline P2P, offline and online P2P, and offline–online
media synergy. The first research stream focuses on tracing
the consumer’s path to purchase in an offline setting.
Srinivasan et al. (2010) analyze the path to purchase by ex-
amining the value of including consumer mindset metrics in a
sales response model. They find that along the path to pur-
chase survey-based metrics of awareness, consideration, and
liking translate into sales performance and help explain sales
even in a model that accounts for long-term effects of own and
competitive marketing mix actions. Hanssens et al. (2014)
informs financially focused executives on how consumer atti-
tudes such as awareness, consideration, and liking influence
the consumer’s journey along the path to purchase. They
quantify the conditions under which the influence is strong
or weak, the extent of marketing’s role in it, and hence how
this knowledge can be used tomake soundmarketing resource
allocation decisions.

A second stream of literature has worked to build better
models to understand the cross-channel effects of online and
offline marketing on both offline and online sales.Wiesel et al.
(2011) investigate how consumers move through the purchase
funnel in the B2B domain to find evidence of many cross-
channel effects, in particular, offline marketing affects online
funnel metrics and online funnel metrics affect offline pur-
chases. Using individual level data on online marketing and
purchases through multiple channels for a franchised
hospitality firm, Li and Kannan (2014) find significant spill-
over effects from firm-initiated channels (i.e., display adver-
tising and email) to consumer-initiated channels (i.e., search,
website visits, referrals) at both the visit and purchase stages.
Their use of individual level data, for a high-involvement
service, on consumer touch points enables them to offer com-
pelling insights about these spillover effects. Both Li and
Kannan (2014) and Wiesel et al. (2011) consider paid and

owned media, but not earned media. These papers that do
model the effect of traditional media on online media study
high-involvement products and services such as movies, au-
tomobiles, fashion, and hoteling services, which lend them-
selves easily to online debate and/or purchase (Li and Kannan
2014; Onishi and Manchanda 2012) and call for future re-
search beyond their study’s context. We respond to these calls
with our study on FMCGs which are (still) mostly bought and
discussed offline.

The third stream of research has focused on offline–online
media synergy. Stephen and Galak (2012) investigate the ef-
fect of traditional and online earned media on lending volume
on a micro-lending marketplace and find that online earned
media affects lending volume. Naik and Peters (2009) inves-
tigate how offline (TV, radio, magazines) and online (website,
banner ads) advertising drive sales for a car company in Ger-
many. They find synergies within offline and online media as
well as cross-media synergies between the offline and online
media groupings. Danaher and Dagger (2013) use a single-
source, consumer-level database of ten advertising media and
retail sales for a large retailer to find that single-medium ad-
vertising elasticities were highest for catalogs, followed by
direct mail, television, email and search, suggesting that
direct-response traditional media are most effective at increas-
ing short-term sales. Finally, several recent papers (e.g.,
Zigmond and Stipp 2011) have used online search data to
show that search engine queries to Google and Yahoo! re-
spond almost immediately to TV advertising but have not
examined the impact on the consumers’ subsequent P2P. Giv-
en the prominence of multiple media including, paid, owned,
and earned media in the mix, it is important to marketers to
investigate their roles as a part of the complete marketing mix
and as proxy metrics for consumer online activity.

A framework to trace the consumers’ path to purchase

Our framework builds upon the idea of a path to purchase
sequence (Srinivasan et al. 2010) which holds that consumers
proceed through a series of stages on the path to purchase
(P2P) beginning with awareness and knowledge-building
(cognition or thinking) to liking and preference (affect or feel-
ing) to conviction and purchase (conation or doing). Con-
sumers, of course, do not necessarily follow the above se-
quence. Multiple pathways can exist for the consumer’s path
to purchase (Vakratsas and Ambler 1999). In addition, the
consumer can choose to exit the path to purchase at any time.
Figure 1 links marketing actions to online consumer activity
metrics along the consumer’s path to purchase (P2P) in terms
of consumer engagement and identifies the mechanisms by
which online consumer activity metrics affect the consumer
purchase decision journey. Specifically, it includes both direct
effects of marketing actions on performance and indirect
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effects, where marketing actions influence online consumer
activity metrics such as paid search, which in turn move the
consumers along the path to purchase.

Our goal is to take advantage of the explicit electronic
tracing of paid search clicks, website visits, and Facebook
like/unlikes, combined with traditional offline marketing mix
data and data for brand sales, to examine, via an econometric
model, which pathways are present and determine the magni-
tude of the effect size associated with each one. Specifically,
learning/cognitive components of the attitude towards the
brand are measured by paid search clicks and visits to the
firm’s website. The feeling/affective components of attitude
are measured by consumer engagement in the form of both
positive and negative sentiments on social media (e.g.,
Facebook likes and unlikes). The behavioral/conative compo-
nent is measured by brand sales. The rationale for our classi-
fication is the following. The overt actions required by the
consumer to search and click-through as well as the overt
actions required to browse to a specific website (whether
accessed by URL, bookmark, or click-through) reflect aware-
ness and knowledge-building and, accordingly, indicate a cog-
nitive process at work. The likes and unlikes consumers post
for brands (or other entities) on Facebook are overt expres-
sions of positive and negative sentiment, representing feelings
towards the brand. Lastly, brand sales reflect the aggregate
actions of consumers in their purchase conversion.

Kotler and Keller (2012) argue that the path to purchase of
learning/knowledge to feelings to action is appropriate when
consumers have high involvement with highly differentiated
product categories (e.g., automobiles, movies) while the ac-
tion to feelings to learning path is more probable when

consumers have high involvement but with less differentiated
product categories (e.g., airline tickets). In addition, they argue
the knowledge to action to feelings path to purchase is most
likely when consumers have low involvement and there is
little differentiation among brands (e.g., batteries, bathroom
tissue). A key reason is the low expected benefit and the com-
paratively high effort needed from consumers to get a Bsecond
opinion^ about the product. For example, the cost-benefit
tradeoff involved in identifying and asking another consumer
who cares enough about the product category to have/share
her (strong) opinions. However, online media have substan-
tially lowered this threshold as (even the very few) consumers
who care, can provide an easily accessible and permanently
available record of their likes and dislikes (Godes et al. 2005).

In our set-up, the classic knowledge to feelings to action
path holds that paid search clicks and own website visits
would lead to likes and unlikes, and in turn, likes and unlikes
to brand sales. Similarly, the knowledge to action to feelings
sequence holds that paid search clicks and own website visits
would lead to brand sales, and in turn, to consumer engage-
ment with the brand through earned media. It is important to
note that the possibility of multiple pathways exists for adver-
tising to influence sales and we adopt this perspective. Our
goal is to ascertain which pathways are supported by the data
and measure the effect sizes associated with each possible
pathway. As such, we aim to offer insights for advertising
managers and brand managers who want to assess the effects
of TV advertising via consumer online activity metrics. To-
gether with the direct sales effect of advertising, this allows an
assessment of how effective television advertising is in the
entire P2P journey.

Marketing Mix

Price 

Advertising

Distribution

Owned Media
Website Visits
-Cognitive -

Paid Media
Search Clicks
-Cognitive-

Earned Media
Facebook Likes

Facebook Unlikes
-Affective-

Online Customer Activity 
Metrics

Brand 
Performance

Sales
-Conative-

Indirect P2P

Direct P2P

Indirect P2P

Fig. 1 Customer’s path to and off
purchase
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In our empirical study, we examine a lower involvement
FMCG product category which would presumably draw
few, if any, cognitive resources. Thus, the classic knowl-
edge to action to feelings path to purchase seems unlikely
at first glance. However, if some consumers seek to learn
more about the brand (e.g., prompted by TV, friends, social
connections, or other stimuli) a different path from learn-
ing to sales or from learning to feelings to sales might co-
exist. To the extent that online media lower search costs,
they also lower the costs for consumers to learn about low-
involvement products online. Likewise, while few people
are likely to talk about great experiences with a mundane
product category, e.g., toothpaste, at a cocktail party or
another offline WOM opportunity, they may do so online
by simply clicking Blike.^

Additionally, online consumer activity metrics measured
via paid, owned, and earned media can serve as early signals
of performance successes and problems for brands
(Srinivasan et al. 2010; Ambler 2003). If marketing actions
move consumers closer to the buying decision in a series of
steps on the path to purchase, then tracking and interpreting
these customer activity metrics can provide early evaluation
signals. Specific actions that strengthen the competitive po-
sition of the brand in consumers’ Bhearts and minds^ may
not translate into sales immediately but the online activity
metrics can verify that marketing moves consumers in the
right direction (Keller and Lehmann 2006). In the case of
performance problems, the consumer may not react imme-
diately by switching to another brand, but tracking consum-
er attitudes may diagnose declining interest and offer a
chance for remedial action before sales are affected.

Modeling approach

In this section, we describe our approach to modeling the ef-
fects of online consumer activity metrics and traditional mar-
keting on brand performance. As our conceptual framework
shows, we require a methodology that accounts for dual cau-
sality and thus for indirect and feedback effects among online
consumer activity metrics (paid, owned, and earned), the tradi-
tional marketing mix (price, distribution, and TV advertising),
and brand performance. For instance, an increase in online
consumer activity through paid search clicks may induce web
users to visit the brand’s website and subsequently purchase the
brand, which increases brand revenues and, in turn, leads the
firm to increase paid search (a feedback effect). We anticipate a
similar pattern of causality for traditional marketing activity and
brand sales. It is likely that TV advertising will stimulate con-
sumers to engage in paid search (Nielsen 2012) and website
visits leading to another indirect effect on sales.We also include
lagged effects of traditional marketing, online consumer activ-
ity, and brands sales to account for varying wear-in and wear-

out effects likely for communication activity. The Vector
Autoregressive (VAR) model is specified as:

Y t ¼ Aþ
Xp

i−1
ΦiY t−i þ ΨX t þΣt; t ¼ 1; 2;…T ; ð1Þ

where Yt is an (8×1) vector of the endogenous variables
consisting of online consumer activity consisting of paid
(i.e., paid search clicks), owned (i.e., website visits), and
earned media (i.e., Facebook likes and unlikes), tradition-
al marketing mix (i.e., price, distribution, and TV adver-
tising) and brand sales, A is a (8×1) vector of intercepts,

Σt∼N 0
!
;Ω

� �
,and A,Φ,Ψ,Ω are parameters to be estimated

and the optimal lag length p is selected by the Bayesian Infor-
mation Criterion. VAR models are estimated equation-by-
equation: because all right hand side variables are identical
across equations, Seemingly Unrelated Regression (SUR)
does not improve efficiency (Hanssens et al. 2001).

Next, we compare the predictions of the full VAR model
with the two alternative benchmark models. In addition to this
Bfull model,^ we estimated two benchmark models nested
within the full model. The first is the model with only market-
ing mix where we estimate a 4-equation VAR model obtained
by deleting the online consumer activity consisting of paid
(i.e., paid search clicks), owned (i.e., website visits), and
earned media (i.e., Facebook likes and unlikes) media equa-
tions from the full VAR model. The second is the model with
only online consumer activity variables where we estimate a
5-equation VAR model obtained by deleting the traditional
marketing mix on brand sales (i.e., price, distribution, and
television advertising). We compare the performance of these
nested models with the full model to assess the improved
explanatory power of the different models.

The links represented in the conceptual framework can be
tested by investigating which variables Granger-cause other
variables (e.g., Hanssens et al. 2001). In essence, Granger
causality implies that knowing the history of a variable X
helps explain a variable Y, beyond Y’s own history. This tem-
poral causality is the closest proxy for causality that can be
gained from studying the time series of variables (i.e., in the
absence of manipulating causality in controlled experiments).
We perform a series of Granger-causality tests on each pair of
key variables. If indeed brand sales Granger-cause (some of)
the consumer activity metrics and traditional marketing vari-
ables, we need to capture the complex interactions of Fig. 1 in
a full dynamic system. Next, we test for potential permanent
effects of online consumer activity metrics and traditional
marketing on brand sales.1 In the case of permanent effects,

1 We use both the Augmented Dickey-Fuller test, which maintains evo-
lution as the null hypothesis and the KPSS test which maintains station-
arity as the null hypothesis (e.g., Pauwels and Weiss 2008).
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the time series for brand sales would be classified as evolving.
The opposite classification, that of stationary, implies that
sales has a fixed mean and that changes (including those
caused by marketing actions) do not have a permanent impact
(e.g., Dekimpe and Hanssens 1995).

In addition, based on the VAR parameters, we also estimate
the short-term and long-term responses of sales to online con-
sumer activity metrics and traditional marketing actions and
compute the corresponding elasticities. The impulse response
function estimates the net result of a shock to one variable on
the time path of another other variable relative to its baseline.
Specifically, we estimate Generalized IRFs (GIRF) with the
simultaneous-shocking approach (Evans and Wells 1983;
Dekimpe and Hanssens 1999). This approach does not require
researchers to specify a causal ordering among variables to
obtain their immediate (same-period) interactions. Instead,
the GIRF estimates, given a one-unit shock to variable i, the
expected value for shocks occurring simultaneously to the
other variables j (i≠j) is shown in Eq. (2)

E uj∣ui ¼ 1
� � ¼ σi j=σii; with σi j;σii elements of Σ ð2Þ

Thus, we obtain the immediate (same-period) effect of,
e.g., TV advertising on brand sales as the expected value
of the contemporaneous sales change for a one-unit
change to TV advertising. Summing up all significant im-
pulse response coefficients,2 we obtain the long-term unit
effects of one endogenous variable (the impulse variable)
on another (the response variable). When the response
variable is evolving, we derive the long-term unit effect
on the level (versus the change) in the variable by calcu-
lating accumulated impulse response functions and their
standard errors. Finally, we apply the procedure in Trusov
et al. (2009) to derive long-term elasticities from the unit
effects.

In addition, based on the VAR parameters, we derive
GFEVD estimates to investigate whether, and to what extent,
consumer activity metrics explain brand sales performance
beyond the impact of marketing mix actions (Pesaran and
Shin 1998). GFEVD estimates are derived using the following
equation:

θgi j nð Þ ¼
X n

l¼0
ψg
i j lð Þ

� �2

X n

l¼0

X m

j¼0
ψg
i j lð Þ

� �2 ; i; j ¼ 1;…m: ð3Þ

where ψij
g(l) is the value of a Generalized Impulse Response

Function (GIRF) following a one-unit shock to variable i on
variable j at time l. GFEVD quantifies the dynamic explanatory
value on sales of each endogenous variable akin to a Bdynamic
R2.^More specific, GFEVD provides a measure of the relative
impact over time of shocks initiated by each of the individual
endogenous variables in a VARmodel, without the need for the
researcher to specify a causal ordering among these variables.
Importantly, the GFEVD attributes 100% of the forecast error
variance in sales to either (1) the past values of the other en-
dogenous variables or (2) the past of sales itself, also known as
Bpurchase inertia.^ The former (e.g., a past change in earned
media drives current sales) is more managerially and concep-
tually interesting than the latter (i.e., a past change in sales
drives current sales). Therefore, we assess the dynamic explan-
atory value of the online consumer activity metrics by the ex-
tent to which they increase the sales forecast error variance
explained by the potential drivers of sales (i.e., other endoge-
nous variables) in the model, and thus reduce the percentage
explained by past sales. The relative importance of the drivers is
established based on the GFEVD values at 6 months, which
reduces sensitivity to short-term fluctuations. 3

Data

We obtained data from a large consumer packaged goods man-
ufacturer in the US marketing a leading brand of a low-in-
volvement, paper-based product with over 99% category pen-
etration.4 The transactions data are obtained fromA.C. Nielsen
for the entire US. The online consumer activity metrics in
terms of paid, owned, and earnedmedia data are obtained from
MindShare, also for the entire US, for the period of January
2010 to October 2010 (40 weeks). As the focal brand perfor-
mance measure, we use sales volume aggregated across all
SKUs of the brand, on average 408 K units of the product
are sold per week. For the marketing mix, our data include
weekly average price paid, weekly value-weighted distribu-
tion coverage, and weekly offline advertising media in Gross
Rating Points (GRPs). The average weekly price was $7.15
per unit. For distribution coverage, a value-weighted overall
distribution presence is calculated at the brand level in the
form of a percentage. Stores are weighted for their sales in
the product category, and each UPC is weighted for its contri-
bution to sales. TVadvertising data are provided by an adver-
tising audit service on a national level. On average, the firm
has 78 GRPs in TVadvertising per week.

(from Eq. 1).

2 We use the one standard error criterion to judge the statistical signifi-
cance of each impulse response coefficient (Pesaran and Shin 1998).
Standard errors are calculated using a Monte Carlo simulation approach
with 1,000 runs in each case (see Horváth 2003).

3 To evaluate the accuracy of our GFEVD estimates, we obtain standard
errors using Monte Carlo simulations (see Benkwitz et al. 2001).
4 Our non-disclosure agreement with the data provider does not allow us
to specifically name the product category and brand.
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After discussion with the data provider, we capture the
different types of online consumer activity (paid, owned, and
earned) as follows: Paid media was measured by paid search
click-throughs (on average, 8 K clicks per week), Owned
media by the number of weekly website visits by consumers
(on average, 60 K visits per week), and Earned media as
Facebook likes (on average, 36 K per week) and unlikes (on
average, 43 per week). During the observation period, the
manufacturer initiated a major nationally televised engage-
ment campaign, inviting consumers to upload videos, share
(and engage with) consumer-generated content, and engage in
conversations about this brand and the category overall on
company websites, Facebook, and other social media
websites. This campaign created a mechanism and platform
for consumers to engage with the brand on multiple online
forums (e.g., website, paid search, Facebook).

Our data set, with coverage of the entire US, with compre-
hensive measures for the marketingmix, and paid, owned, and
earned consumer online activity metrics, is uniquely suited to
address our research questions on the impact of online con-
sumer activity on brand performance. Table 1 provides de-
scriptive statistics on our data. We observe sufficient variation
in each of the paid, earned and owned activity metrics over
time to relate it to both marketing actions and to brand sales.

Empirical findings

We start by discussing the results of the unit root,
cointegration, and Granger Causality tests. Next, we compare
the performance of the full model with that of the marketing
mix only model (no online consumer activity metrics) and the
online consumer activity variables only model (no marketing
mix) and discuss the relative importance of marketing mix and
online consumer activity in explaining volume over time
leveraging the GFEVD estimates. Finally, we discuss the

long-term elasticities and unit effects, based on the GIRF
results.

Both unit root tests detect evolution in volume, price and
distribution. Inspection of the time series reveals Btrend
turnarounds^ (Pauwels and Hanssens 2007), with volume
and distribution declining and then rebounding and prices
depicting the opposite pattern. This provides an important
context against which online consumer activity measured
through paid, owned, and earned media may help to turn
around the volume decline. Beyond these stochastic trends,
we detected no significant deterministic trend nor seasonality,
as the product is used year-around in steady consumption
amounts. Cointegration was not detected among the evolving
variables, so we first difference the evolving variables (here-
after Bvolume change^ etc.).

Considering the results for each row (i.e., the variable that
is Granger caused) in Table 2, we first observe that volume
change is Granger Caused by each variable at the 5% signif-
icance level.Moreover, distribution change is Granger Caused
by volume change, price change and by online consumer ac-
tivity in terms of paid search clicks. Paid search clicks in turn
are driven by TV advertising, by website visits and by
(Facebook) likes. Website visits are driven by paid search
clicks and by likes, while likes are driven by clicks, website
visits and unlikes (−). Finally, unlikes are Granger Caused by
likes5 and by website visits. Thus, we observe dual causality
among cognitive and affective metrics in the online space,
consistent with the literature in the offline space (e.g.,
Vakratsas and Ambler 1999). This dual causality also high-
lights the need for modeling these variables in a dynamic
system.

We estimate three VAR-models explaining volume change
with (1) all variables (full model with both marketing mix and
online consumer activity metrics), (2) offline marketing mix

Table 1 Descriptive statistics of sales, marketing mix, and online consumer activity variables

Weekly metric Mean Maximum Minimum Std. dev.

Brand sales Units 408,502 727,792 280,128 89,152

Price $ 7.15 7.70 6.12 0.40

Distribution VWODP1 93.34 96.00 91.00 1.06

TVadvertising GRP2 78 366 0 111

Paid search clicks # Clicks 8,194 23,168 2,656 3,892

Website visits # Visit 60,064 436,399 9,376 74,099

Facebook likes #Likes 36,003 71,766 7,670 10,414

Facebook unlikes #Unlikes 43 95 4 16

1 Distribution is measured by using a value-weighted overall distribution presence. It is calculated at the brand level in the form of a percentage. Stores
are weighted for their sales in the product category, and each UPC is weighted for its contribution to sales
2 GRP stands for Gross Rating Points

5 Because only consumers that like a brand, can unlike it later, this causal
relation is similar to that of marriage Granger causing divorce.
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variables only (and no online consumer activity metrics,
offline-only model) and (3) online consumer activity metrics
only (and no marketing mix, online-only model). The
observation-to-parameter ratio of these models is 4.2 for the
full model,6 7.6 for the offline-only model and 6.3 for the
online-only model. Figure 2 shows the R2 and adjusted R2

for each model in explaining volume change.
As expected, the online-only model does a poor job of

explaining volume changes for this FMCG (R2 of 9% and ad-
justed R2 of 7%). However, adding the online activity metrics to
the offline-only model substantially increases the explanatory
power from 27% (R2 of offline-only model) to 33% (R2 of full
model), and the adjusted R2 from 25 to 30%.

Next, we consider the Bdynamic R2,^ i.e., the GFEVD of
volume change in each model. In their assessment of the im-
portance of offline funnel metrics, Srinivasan et al. (2010)
compare the percentage of volume variance that is explained
by the past of volume (sales inertia) versus by the past of other
variables. For our models, sales inertia decreases as we move
from the online-only model (no marketing mix, 86%) to
offline-only model (no online consumer activity metrics,
51%) to the full model (marketing mix and online consumer
activity metrics, 42%). The GFEVD of the full model also
allows us to directly compare the relative influence of market-
ing mix and consumer activity variables in explaining volume
change over time. Figure 3 shows the part that each variable
plays among the sales volume drivers (excluding sales
inertia).

As expected for a FMCG, distribution is the major driver of
sales, explaining 60% of the volume change variance (note

that the analyzed major brand is an interesting case in which
distribution does vary in the data period). Price comes next
with 20%. Thus, 80% of volume change variance is
accounted for by distribution and price, consistent with the
low-involvementnatureof theproduct category.Thesurprise
is in the remaining 20%: TVaccounts for only 5% while the
online consumer activity variables account for 15% of vol-
ume change variance. Many FMCG companies continue
spending the majority of their communication budgets on
TV advertising to brand and differentiate their, often low-
involvement andmundane, products.Our results point to po-
tential to redistribute spending towardsonlinemedia even for
these products, which might be more cost-effective as com-
pared to national TVadvertising. For the analyzed brandwith
respect to these online activity variables, owned media
(website visits) is key at 10%,while earnedmedia (2%), paid
media (2%) and unearnedmedia (1%) are less important. The
effect of website visits on purchases is twice that of paid and
earnedmedia combined, suggesting thatwebsite visits canbe
critical even for low-involvement products in driving pur-
chases. Our analysis thus finds market-level empirical evi-
dence against the often-stated managerial opinion that
Bnobody looksonline for toothpasteorpaper clips^ (Lecinski
2011, p. 37).

Summing up, even for this mundane FMCG, using online
consumer activity metrics on the path to purchase sheds light
on previously unexplained variation in sales – both in terms of
(adjusted) R2 and in terms of dynamic explanatory power
(GFEVD). To the best of our knowledge, our analysis is the
first to show this sales-explanatory power of online consumer
activities on the path to purchase journey. Interestingly, our
analysis indicates a similar Bdynamic R2^ performance for
online consumer activity metrics (15%) as Srinivasan et al.
(2010) found for mindset metrics variables (16%). Moreover,
we also find a dominance of cognitive (learning) consumer
online metrics: 12% for paid search clicks and website visits

Table 2 Granger causality tests: lowest p-value for the null hypothesis of no Granger causality

Column variable is
causing row variable

Sales Marketing mix Online consumer activity

Volume change Price change Distribution
change

TV
advertising

Paid search
clicks

Website visits New likes New unlikes

Volume change 0.00 0.00 0.02 0.00 0.03 0.05 0.02

Price change 0.17 0.37 0.55 0.54 0.45 0.86 0.54

Distribution change 0.02 0.04 0.11 0.00 0.22 0.13 0.29

TVadvertising 0.18 0.92 0.33 0.10 0.32 0.17 0.14

Paid search clicks 0.40 0.50 0.13 0.05 0.00 0.03 0.40

Website visits 0.10 0.14 0.66 0.89 0.05 0.04 0.26

New likes 0.21 0.42 0.18 0.12 0.00 0.00 0.09

New unlikes 0.10 0.19 0.28 0.17 0.11 0.04 0.01

P-values 0.05 and below appear in bold face

6 Each equation requires estimation of 9 parameters (the intercept and 1
lag of each endogenous variable). While we have 40 observations, we
need to use 1 to take first differences and 1 to include lags, leaving 38
observations for parameter estimation.
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versus 12% for advertising awareness and brand consideration
in Srinivasan et al. (2010). Affective online consumer metrics,
in contrast, explain only 3% (earned media Facebook likes
and unlikes) in our study, similar to the 4.5% effect of brand
liking in Srinivasan et al.’s (2010) study.

Based on the generalized impulse response functions, the
long-term elasticities of the Granger-causing variables are
displayed in Table 3, and the long-term unit effects in Fig. 4.

In Table 3 (in the first row with estimates), the traditional
marketing mix shows sales elasticities of −3.53 for price, 2.73
for distribution and 0.03 for TVadvertising, each in line with
empirical generalizations (e.g., Hanssens 2009; Tellis 2004).
As to the new contribution of our study, the clicks elasticity of
TV advertising is 0.10 (see Table 3), indicating that doubling
TV spending increases online consumer activity in the form

paid search clicks by 10% for the analyzed brand. Such an
impact of offline marketing on online marketing has also been
confirmed by related research (e.g., Li and Kannan 2014;
Wiesel et al. 2011). These paid search clicks translate into
boosting the other two online consumer activity metrics as
well: site visits increase with an elasticity of 0.72, and paid
search clicks and consumer site visits in turn have a high
elasticity impact on engagement in the form of likes (2.42
and 2.72 respectively). The reverse causality elasticities are
smaller, respectively 0.09, 0.05 and 0.25. Increased online
consumer activity is not all good news though: likes and
web site visits increase unlikes (elasticities of 0.18 and
0.38), indicating that at least some people may be turned off
by the brand’s campaign. Such differential social media reac-
tions have been recently documented with Twitter data: posi-
tive and negative tweets are strongly correlated in time
(Pauwels and van Ewijk 2014). We find new evidence that
(1) such disengagement significantly reduces company-wide
sales and (2) that higher consumer activity on paid and owned
media also leads to consumer disengagement in the form of
unlikes.

How do the online consumer activity metrics translate into
sales volume changes? In terms of these online activity met-
rics, paid search clicks have the highest elasticity (0.81),
followed by likes (0.16), site visits (0.13) and unlikes
(−0.01). These elasticities reflect the increase in sales as the
number of clicks, the number of likes of the brand, the number
of site visits and the number of unlikes increase, respectively.
As such, the estimates reflect the elasticity of sales to these
online consumer activity metrics. The low elasticity of site
visits is almost certainly linked to the nature of the analyzed
product: the brand does not sell online, so consumers have toFig. 3 Variance decomposition of volume change, excluding sales inertia

Fig. 2 Explanatory power (R2

and adjusted R2) across models
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remember to buy it in a physical store. Interestingly, the online
consumer activity metric of paid search clicks is a leading
indicator of distribution in addition to sales feedback and price
(higher prices typically also mean higher retailer margins).
The size of the elasticity is not large (0.006): doubling paid
search clicks is needed to increase distribution by 0.6 points.
This improvement appears plausible because paid search
clicks range from the mid 2000s to the mid 20,000 s and
distribution ranges from 91 to 96 ACV (Table 2). Thus, retail-
er distribution decisions appear to be based on brand popular-
ity metrics reflected by consumer activity on the path to pur-
chase. As retailers were not willing to answer our questions on
this subject, we do not know whether and how well such

online consumer activity metrics are tracked by retailers, or
whether changes to paid search clicks are indicative of a
broader change in popularity, on which retailers act by im-
proving product availability and distribution.

Figure 4 displays the long-term unit effects, i.e., the impact
of a 1-unit change in a variable. This is especially critical for
our understanding given the low base of several online con-
sumer activity variables (Table 1) and tracking the unit effect
of marketing spending is of key managerial relevance. In-
creasing TV by 1 GRP yields 137 more sales units directly,
but also increases paid search clicks by 9 units, each of which
in turn yields 40 more sales units. Moreover, each paid search
click yields 5 more site visits in the long run, and half a like.

Table 3 Long-term elasticities based on generalized impulse response functions (effects of only ‘Granger-causing’ column variables reported;
standard errors in parentheses)

Effect of column variable
to row variable

Sales Marketing mix Online consumer activity

Price Distribution TVadvertising Paid clicks Website visits New likes New unlikes

Sales −3.530 (1.598) 2.727 (.820) 0.032 (.014) 0.813 (.255) 0.126 (.053) 0.157 (0.064) −0.007 (.003)

Distribution 0.040 (.014) 0.068 (.031) – – 0.006 (.002) – – –

Paid clicks – – – 0.096 (.039) – 0.088 (.046) 0.050
(.021)

–

Website visits – – – – 0.718 (.311) 0.248 (.038) –

New likes – – – – 2.419 (1.177) 2.716 (.241) – –

New unlikes – – – – 0.375 (.058) 0.178 (.040) –

1. Each row represents the elasticity of the row variable with regards to the column variables, i.e., the elasticity of sales with regards to price is −3.53 (row
Sales, column Price)

2. Bold estimates are significantly different from zero

3. Price and TVadvertising do not appear in the rows since they are not Granger caused by another variable

4. B—^denotes that the corresponding column variable does not Granger-cause the row variable in that cell

Paid Search 
(paid)

Facebook unlikes 
(earned)

Sales
TV Advertising

Price

Distribution

Visits to own 
site (owned)

Facebook likes 
(earned)

1,000K

0.89

137

9.00

0.53

40.25

1.80

-319

0.87

0.00001

0.00007

5.21 0.01

0.23

0.37

0.0045

5.26

0.08

-200K

Fig. 4 Long-term unit effects
based on generalized impulse
response functions
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Especially strong in magnitude are the impact of a like on site
visits (5.26) and of an unlike on sales (−319). The latter is
unlikely to come from reduced purchases only of the person
who unliked the brand. Instead, we believe an unlike is part of
a larger problem of negative word-of-mouth for the brand.
Thus, Bunearned^ media, similar to earned media, appears to
serve as a useful proxy for general word-of-mouth behavior,
which has proven difficult and/or expensive to track in its
entirety. Overall, by investigating the effects of online con-
sumer activity metrics on consumer (dis)engagement in the
form of (un)likes, we shed new light on consumer‘s path to
purchase and off purchase journey.

Our results thus indicate that online consumer activity met-
rics interact with each other, are affected by traditional com-
munication activities, and convert into sales. We find a pre-
dominant flow of TV advertising influencing the cognitive
metrics (e.g., clicking on a paid search to find out more), then
the affective metrics (e.g., liking the brand on Facebook) and
finally conative (increase brand purchase). Displaying the
generalized impulse response functions for the unit effect,
Fig. 5 a-c shows how this chain of events plays out over time
for TVadvertising leading to paid search clicks, which in turn
lead to new likes, which in turn lead to volume increase.

When the brand increases TVadvertising by 1 GRP, paid
search clicks increase by 6 clicks in the same week and 3 in
the next week (further increases are not statistically signif-
icant from zero). We expect this effect of TV ads on online
search to be driven by media multitasking, an activity in
which consumers divide attention between the television
set and a secondary screen, the computer. Anderson and
Renault (2006) formally modeled this behavior and found
that the rational consumer’s willingness to incur a search
(paid search in our context) increases when the firm pro-
vides partial information about product attributes and price
(through TVadvertising in our context). In turn, every click
increases new likes by 0.25 in the same week and 0.28 in the
next week. Finally, each like results in a 1.8 increase in
volume in the third week. While the accumulated impulse
response function (translating volume change effects into
volume effects) indicates that volume stays above its previ-
ous baseline, this permanent effect is not significantly dif-
ferent from zero. Both the magnitude and the timing of ef-
fects are of interest to the brand manager who can use our
results to project the likely effect of increased TV spending.
Moreover, the importance of indirect marketing effects
through online consumer activity on the P2P highlights
the importance of tracking these metrics. A new TV cam-
paign that fails to increase consumer activity on the P2P
within the short time period suggested in Fig. 5 is unlikely
to move volume beyond the—relatively small—direct ef-
fect of TV advertising.

To gauge the practical implications of our results, we conduct
counterfactual scenario analyses using the estimated effects. For

example, what would the net sales impact be if managers were
to increase price while ramping up paid online media or if an
unearned media shock hit while managers also increase TV
advertising? To answer these questions, we use the long-term
unit effects in Fig. 4 to compute the net sales effect, accounting
for both direct and indirect effects of such managerial actions.

First, an increase in price of 10% results in a weekly sales
decrease of 136,600 units, after accounting for both the direct
effect of price on sales and its indirect effect on sales through
distribution (see Fig. 4). A simultaneous ramping up of paid

a Unit increase in paid search clicks for 1 TV GRP

b Unit increase in Likes for 1 paid search click

c Unit increase in sales volume for 1 Like
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Fig. 5 aUnit increase in paid search clicks for 1 TVGRP bUnit increase
in likes for 1 paid search click c Unit increase in sales volume for 1 like
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search by 10% results in a sales increase of 38,050. Overall,
the net sales decreases by 98,550 units due to a combined 10%
price increase shock and a paid search shock of 10%. In order
to fully offset the sales impact from a 10% price increase, the
paid search shock would need to be 36%. Second, we com-
pare the scenario where an unearned customer activity shock
of 10% hits while managers also increase TV advertising by
10%. The net effect on weekly sales is an additional 2,520
units using long-term effects in Fig. 4. As it turns out, unlikes
can increase by as much as 28% with a 10% positive shock to
TV advertising before there is a negative net long-run sales
impact. In sum,managers for the analyzed brand can offset the
sales harm of a price increase and of more Facebook unlikes
by ramping up TV spending and/or inducing more paid
search.

Finally, what is the equivalence of TV advertising, owned
media (website visits) and earnedmedia (Facebook likes)?We
first assess the scenario where a manager increases TVadver-
tising by 10% with a simultaneous earned customer activity
shock of 50 new Facebook likes. Using the long-term unit
effects in Fig. 4, the combined effect of these two shocks on
weekly sales is 1,800 units, after accounting for both direct
and indirect effects. Interestingly, this increase can be
achieved with the same TV advertising increase of 10% and
with a simultaneous owned customer activity shock of only
17.4 additional website visits. In other words, each website
visit is equivalent to approximately 3 likes on Facebook in
terms of long-term sales impact. Such scenario analyses allow
managers to examine the relative interplay between offline
marketing and customer activity metrics in driving sales
performance.

In sum, our results show that online consumer activity met-
rics (1) Granger Cause brand sales volume, and are Granger
Caused by TVadvertising, (2) add to the modeler’s power to
explain brand sales volume over and above the traditional
marketing mix in terms of both adjusted R2 and GFEVD, (3)
are important drivers on the path to purchase (P2P) and to off
purchase, and (4) have significant and substantial impact on
volume and on each other, with the dominant flow of knowl-
edge to feelings to action pathway to purchase.

Conclusion, implications, limitations, and future research

While many academic papers have focused on social media or
search engine marketing alone, little work so far has taken an
integrative perspective vis-à-vis the offline and online market-
ing mix to understand the consumer’s path to purchase.
Aiming to build this stream of research, we investigate the
effects of traditional offline marketing mix instruments and
novel online consumer activity metrics in an integrated dy-
namic framework on the path to purchase in the FMCG space.
Our approach allows for interaction and feedback effects

among the different marketing mix elements and online con-
sumer activity metrics. Our findings offer new substantive and
managerial insights on the important role these new online
consumer activity metrics play and how they interact with
the traditional marketing mix along the path to purchase.

It is important to note that the online consumer activities on
the path to purchase are reflected in paid, owned, and earned
media metrics. These online activity metrics differ from tradi-
tional media as exposure to (advertising) content is often trig-
gered by an overt (and traceable) user decision. The trace the
consumer leaves provides us with a novel opportunity to em-
pirically shed new light on how learning, feeling and doing are
related in the consumer’s path to purchase journey. The new
activity-based consumer metrics are behavior-based data
(what consumers actually do) and also offer potentially lower
tracking costs and opportunity for earlier warning to help
brand managers (in contrast most surveys are monthly at best).

Our work builds on the recent work of Srinivasan et al.
(2010) who used a sequence in the evaluation of offline brand
performance from a consumer’s perspective using offline con-
sumer mindset metrics of awareness, consideration and liking
for a brand. As in their study, we also investigate the effect of
the complete marketing mix in conjunction with online con-
sumer activity metrics. In essence, the path to purchase jour-
ney posits that that consumers, in responding to advertising,
proceed through a series of stages beginning with awareness
and knowledge-building (cognition or learning) to liking and
preference (affect or feeling) to conviction and purchase (co-
nation or doing). The contemporary path to purchase model
allows for the possibility of multiple pathways for advertising
to influence sales and we adopt this perspective in our inves-
tigation of the effect of online consumer activity metrics on
brand sales. Our modeling approach is well suited to identify-
ing such causal pathways (throughGranger Causality tests), as
well as estimating the effect sizes involved (through VAR
models). We investigate a seemingly low involvement prod-
uct, believed to draw few, if any, cognitive resources in pro-
cessing advertising. We next organize our discussion based on
the major findings and highlight the managerial implications
of the study.

The first major finding is that online consumer activity
metrics interact with each other, are affected by traditional
communication activities, and convert into sales even for a
product that is still mostly bought offline. Our analysis also
provides market-level support for Google’s managerial claim
that consumers engage online even for mundane products: Bif
consumers will do research online for houses and healthcare,
they will do so for Band-Aids and ballpoint pens^ (Lecinski
2011, p. 12). In total, online metrics explain about 15% of the
variance in sales. While not as impactful as traditional mar-
keting mix activity such as price (20%) or distribution (60%),
online metrics drive more sales than TVadvertising (5%), and
at a lower cost (as communicated to us by the data provider).
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We find that online consumer activity metrics of paid, owned,
and earned media influence brand performance differentially.
In our case, owned media (website visits) is key at 10%, while
earned media (3%) and paid media (2%) have smaller, albeit
significant, effects.

The second major finding relates to a novel substantive
issue: consumer disengagement as measured by unearned me-
dia such as Facebook unlikes. Previous work has investigated
the effect of negative social media sentiment, e.g., by posting a
negative comment or review (e.g., De Matos and Rossi 2008;
Sonnier et al. 2011). Posting such negative comments is an
effortful way of expressing dissatisfaction – most consumers
would exit instead of voicing complaints for low-involvement
products (Hirschman 1970; Moe and Schweidel 2012).
Facebook with its unlike feature, and similar sites with simple
ways of expressing sentiment, allow for a more costless way
to express disengagement from a brand. In addition, previous
work has investigated the effect of negative WOM on sales
without explicitly allowing for feedback effects and the non-
linear nature of the path to purchase. We find that consumer
disengagement, measured via Facebook unlikes, has a sub-
stantial negative effect on sales. Hence, the benefit of
obtaining more likes should be accompanied by a careful
monitoring of unlikes, and exploring the reasons behind them.
Some consumers may unlike the brand because they disagree
with the content of a new campaign. Others may have had a
bad product or service experience. Still others simply feel
overexposed by the number of brand messages. Understand-
ing which is which can help managers take targeted action to
prevent harm to the brand.

The third major finding involves the dynamic feedback
loops among the studied metrics in our system of equations.
For instance, more website visits inform consumers and thus
can increase sales, but also increases Facebook unlikes. Addi-
tionally, our counterfactuals assess the relative equivalence of
these customer activity metrics in terms of sales impact. For
the analyzed brand, we show that the sales benefits are similar
when TV advertising is increased by 10%, when Facebook
likes increase by 50 and when website visits increase by 17.
Thus, a website visit is about 3 times more valuable than a
Facebook like for the studied brand. This finding suggests
caution in the excessive reliance on earned (social) media
versus owned media, and we encourage practitioners to con-
sider these tradeoffs in moving the consumers along the path
to purchase and beyond.

From a managerial perspective, our results and counterfac-
tuals shed light on the interplay between online and offline
activity, which has implications for media spending. We find
that a predominant flow exists from TVadvertising first to the
cognitive consumer metrics (e.g., clicking on a paid search to
find out more), then to the affective costumer metrics (e.g.,
liking the brand on Facebook) and finally to conative (increase
brand purchase) metrics. More specific, an impulse response

approach reveals how an increase in TV advertising leads to
more clicks, which in turn lead to new likes, which in turn lead
to volume increase. Evaluating these spillover effects of TV
advertising is crucial for brand managers evaluating media
spending. A new TV campaign that fails to move the con-
sumers on the path to purchase as reflected in these online
activity metrics within a short time period is unlikely to move
volume beyond the—relatively small—direct effect of TV
advertising. This finding also has practical implications for
the ongoing discussion in the advertising industry, which fo-
cuses on the potentially detrimental effects of media multi-
tasking: distracting consumer attention away from advertise-
ments. Our findings underscore a potentially positive aspect in
this context in a practical sense: the consumer’s second screen
enables a paid search response to television advertising. It also
suggests that advertising managers and brand managers who
wants to assess the online effects of their TVadvertising bud-
get might consider using additional metrics of success such as
paid search clicks as well as other online engagement metrics
in addition to the traditional metric of purchases to allow an
assessment of how effective TV is in the entire P2P journey.

Limitations of our studymostly pertain to the data. First, our
conclusion about the relatively lower importance of online
affect as a sales driver may be related to the focus on one social
media platform. However, Facebook is by far the dominant
platform for this product, and affective responses on other
platforms are highly correlated with Facebook likes and un-
likes. Second, we only had data for a brand in a product cate-
gory in one country in a specific time period. Further studies
are needed to investigate the extent to which our findings gen-
eralize. We specifically call for establishing empirical general-
izations and boundary conditions (e.g., by a meta-analysis of
the findings in this and previous papers). Third, the data is
aggregated over individual consumers because of privacy and
reporting ease concerns. Analysis at the individual consumer
level, possibly using behavioral approaches, is required for
segmentation and targeting insights. Overall, our study should
help strengthen marketers’ case for building share in con-
sumers’ hearts and minds, as measured through consumer
online activity and engagement. Additionally, we also show
that online consumer activity metrics, which are free or
require very little investment, can function as additional
leading indicators of sales, building on the work of
Srinivasan et al. (2010) on mindset metrics. In the long run,
we expect that marketers can effectively design traditional tele-
vision advertising to influence the related goals of increasing
both online consumer engagement and transactions in the P2P.
Lastly, online consumer activity metrics captured via paid,
owned, and earnedmedia can be inputmarketing levers as well
as outcome metrics that can be tracked to evaluate the path to
purchase journey unlike mindset metrics which are not mar-
keting levers. This makes the present context a fascinating
topic which we hope future research will build on.
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