The Impact of Brand Familiarity on Online and Offli ne Media Synergy

ABSTRACT

Rooted in the Integrated Marketing Communicati@mfework, this paper conceptualizes
how brand familiarity affects online and cross-amg@rsynergies. The empirical analysis
uses Bayesian Vector Autoregressive models to attifong-term elasticities for four
brands. The authors distinguish customer-initi@@umunication (typically online) from
firm-initiated communication (typically offline).ieir results indicate that within-online
synergy is higher than online-offline synergy foitho familiar brands but not for both
unfamiliar brands. Managers of unfamiliar brandy mlatain substantial synergy from
offline marketing spending, even though its dirdetsticity pales in comparison with that
of online media while managers of familiar brande generate more synergy by

investing in different online media.

Keywords:marketing effectiveness, online paid, owned andexhmedia, synergy,
integrated marketing communications, brand famitigrBayesian Vector Autoregression.



“Getting paid, owned and earned media to work indam, enhancing the effect of each is
the ultimate goal,” Alistair Green, head of strajgdMindshare (2012).

“You cannot build a brand simply on the Internéau have to go offline,” J.G. Sandom
Chairman and CEO at Mneman({Rfeiffer and Zinnbauer 2010).

Since the introduction of the first banner ad @94, online advertising has
redefined the global advertising landscape. Spenidithe sector has continued to grow,
reaching $117.60 billion globally in 2013 with expagions for this to reach $132.62
billion in 2014 and $173.12 billion by 2017 (EMat&e2013). A key reason for this
popularity is that companies typically only pay @orline media when prospective
customers take action, for example, by clickinglenad or visiting the site (Bowman
and Narayandas 2001). In contrast to offline adsiag spending, the long-term
effectiveness of online media is not well underdt@idanssens 2009). While Li and
Kannan (2014) found a low value of paid searchaese for a well-known hospitality
brand, they acknowledge that this result may beedrby the strength of the one brand
under study and call for future research. Insigit®nline media effectiveness are
important to Chief Marketing Officers, who are kbeinterested in its return on
investment (CMO Survey 2013). Beyond the individeiéctiveness of online media,
their synergy within-online and with offline medias only recently started to attract
academic scrutiny (Dinner, van Heerde and Nesli¥206laik and Peters 2009). Which
media types are mosbmplementarith each other and thus produce synéfgy

different brands?

We address this research question by assessingevtad how within-online

synergy and cross-channel synergy vary across sr&uilding on research regarding

! Throughout the paper, ‘synergy’ is bidirectioras, it arises when the combined effect or impaet ofimber
of media activities is greater than the sum ofrthmlividual effects on sales (Schultz, Block arahian 2012).
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the effectiveness of banner ads (e.g., Manchandlag DGoh and Chintagunta 2006),
paid search (e.g., Wiesel, Pauwels and Arts 20irindD, van Heerde and Neslin 2014),
and social media conversations (e.g., Godes anaIvi&3004; Moe and Trusov 2011,

Sonnier, McAlister and Rutz 2011). We offer threatcibutions.

First, we provide a conceptual framework and apigoal analysis of how brand
familiarity influences online and cross-channel rmexynergy. Second, we analyze long-
term online media elasticities and synergies angige empirical insights into the
interplay between online and offline media in dnyisynergy. As hypothesized, for
relatively unknown brands, the synergy of onlinedraevith offline media (cross-
channel synergy) is higher than within-online sgyeiFinally, we illustrate the
managerial implications by comparing optimal budgkgications in the presence and
absence of such synergy. For the unfamiliar selarghd analyzed in a previously
published paper (Wiesel et al. 2011), we show endte& change in the optimal budget
allocation, with the recommended online/offlinebalition moving from 91% / 9% to

45% / 55% after incorporating synergy.

The rest of the article is organized as followleAa description of related work, we
develop a conceptual framework based on which fex bfypotheses on online media
synergy with each other and with offline mediatHa research methodology section, we
propose our Bayesian VAR econometric approach.\We tlescribe the data set and present
our key findings on synergy as well as sales dffeness of online and offline media, and
offer managerial implications for marketing budghktcation optimizationWe conclude

the paper with a summary and a discussion of iraptios for practitioners and academics.



RESEARCH CONTEXT AND CONCEPTUAL FRAMEWORK

This section provides an overview of the extanéaesh on online versus offline media
and the role of synergy within and among these andgliilding on this, we propose a
conceptual framework that characterizes conditiorder which offline and online media

should be mostomplementarwith each other and thus produce synergy.

Customer-Initiated (Online) Media versus Firm-Initiated (Offline) Media

Recent marketing literature distinguishes betweestomner-initiated (often online)
and firm-initiated (often offline) media. Customeitiated media (hereafter ‘online media’
for ease of exposition) charge companies only wpetential) customers actively click on,
search for and/or engage in online conversationsitahe company’s offerings (Bowman
and Narayandas 2001; Gartner 2008; Hoffman andi2@it0; Wiesel et al. 201%)in
contrast, firm-initiated media (hereafter ‘offlingedia’ for ease of exposition) can be
increased by companies without specific customgomce.g., by doubling the TV
broadcasting time. Online media spending has ssegasffline radio and magazine
spending (Danaher and Dagger 2013), widening théotaesearch on its effectiveness
from both marketing academics and practitioners.

While online media used to be classified as pamhexnl and earned online media
(Corcoran 2009), these distinctions are increagiblylrry. Still, the classification offers a

useful starting point for describing different tgpaf online media.

2 Data on the fixed costs of setting up and runirgebsite and hiring online media experts (onlireslia) or
developing traditional marketing messages are eoégally available. We indirectly capture such affo
reflected in the higher effectiveness of weeklyrgfieg on online media as is typical in previous kviWiesel
et al. 2011).



Paid online medianclude online banner ads, affiliate marketing pad search.
Affiliate marketing (Gallaugher, Auger and Barn@(®) involves paying affiliates (e.qg.,
Amazon) a percentage of the sales revenue genevaeda customer is redirected from
the website of the affiliate to that of the compd&ey., Sony). Hoffman and Novak
(2000) find a low effectiveness of online bannes,ahd propose affiliate marketing as a
more efficient way of customer acquisition. Moreawtly, paid search has gained
popularity with US companies spending more than 49%e total online advertising
dollars for paid search (Animesh, RamachandranVasaanathan 2010). In paid search
(e.g., Google’'s AdWords), advertisers bid for aifias close to the top in the listing of
the paid search results which are displayed promiyen the top or side of organic
search results. Two recent studies find littlgn§, incremental sales impact from paid
search for the studied brand, as verified in @fexdperiment of shutting off paid search

(Blake et al. 2015; Li and Kannan 2014).

Owned mediancludes the online media assets owned by a coympach as its
websites and their search engine optimization tieslias reflected in organic search
results. Prospective customers visit a brand’s webs obtain more information
regarding the attractiveness of the product orisenis-a-vis competing offers (Li and
Kannan 2014). The strength of owned media is refte the company’s ranking in
organic search (Yang and Ghose 2010) and in theuaihod ‘direct visits’, i.e. visitors
that type the company’s name directly into the URLand Kannan 2014). Such ‘type-
in’ traffic may include loyal, repeat customersgdate-stage buyers who may have

already visited the site but needed time to ma&eotirchase decision (Bustos 2008).



Earned mediarises organically from consumers (Lieb and Owy20tR). This
includes social media about the brand which indualegging, microblogging (e.g.
Twitter), co-creation, social bookmarking, forunmeladiscussion boards, product
reviews, social networks (e.g. Facebook) and viéeao- photo-sharing (Hoffman and
Fodor 2010). Consumers participate in these aies/due to their desire to connect,
create, control and consume content (ibid). Howes@med media are increasingly
‘fertilized’ by company employees (Trusov et al02), with the blurred lines of, for
example, sharing sponsored content and native @singr(Wegert 2015). Foresee
Results (2011) reports high purchase conversi@s ffat visitors generated by social
media. However, social media has drawn criticismegithe lack of consistent evidence
on sales results. For example, both Burger KingReybi reported poor sales
performance from their social media campaigns desgioring well in terms of traffic

and customer engagement (Baskin 2011).

While the effectiveness of these separate onliagketing actions has seen much
recent research attention, their synergy with edbhr, i.e. within-online synergy and

with offline media, i.e. cross-channel synergy, agm an important unresolved puzzle.

Synergy in Online Media and Offline Media

Synergy in media arises when the combined effechpact of a number of
media activities is greater than the sum of thredniidual effects on sales (Schultz, Block
and Raman 2012). Social psychologists proposdlieaireater the number of sources
perceived to advocate a position, the higher ip#reeived credibility (Cacioppo and
Petty 1979) and hence purchase intention (MackamisJaworski 1989). Synergy has

been demonstrated within offline media (e.g. Edetl Keller 1989; Raman and Naik



2004), across offline and online media (e.g. Cheamd) Thorson 2004; Naik and Peters
2009; Reimer, Rutz and Pauwels 2014) and withimenhedia (e.g. Schultz, Block and
Raman 2012; Kireyev, Gupta and Pauwels 2013; Likenthan 2014). However,
virtually all these studies analyze a single comypand do not examine to what extent
synergies differ for familiar versus unfamiliar bds. The presence of within-online
synergy implies a stronger allocation towards anhmedia actions, while cross-channel
synergy implies a stronger role for offline markgticommunication, which typically has
lower sales elasticity by itself (Wiesel et al. 2D10ur key thesis is that synergy should
differ for brands with high versus low familiarigmong prospective customers, as
summarized in table 1. Brand familiarity captureasumers’ brand knowledge and
brand associations that exist within a consumeemuory, representing one of the

components of customer-level brand equity (Keltet Behmann 20086).
---- Insert Table 1 around here ----

Selective attention theory (Kahneman 1973) imgles the use of multiple
media with repetition of ads lead to increasedntitte and elaboration. Attention is
highest for stimuli that are either both complexl &mmiliar or are both simple and novel,
as compared to other combinations. Thus, if thaldtis is complex, the message needs
to be repeated in more media to increase famifidfor less familiar brands, selective
attention theory implies managers should use nieltgnls and invest in integrated
marketing communications (Stammerjohan et al. 2006familiar brands still have to

build brand equity; they do not have the luxurgitoply leverage existing brand equity

% Brand equity also has other components (KelleB1 88t distinguishing these components is beyoed th
scope of this paper.



online (Pfeiffer and Zinnbauer 2010). Indeed, dfahd Winer (2002) suggest that offline
firm-initiated communication will drive website ffe by increasing consumer
awareness. Additionally, high spending on bothrenind offline media may signal a
brand’s quality and create credibility. Other sagdon unfamiliar brands showed that the
combination of offline and online advertising is m@ffective than repeated exposures in
either medium (Chang and Thorson 2004; Dijkstrdjt8s and Van Raaij 2005).

Therefore, we propose that:

H1: For unfamiliar brands, cross-channel synergyigher than within-online synergy.

In contrast, familiar brands run the risk of bgrconsumers (Anand and Sternthal
1990; Campbell and Keller 2003) and obtain litifeergy among offline media actions
(Stammerjohan et al. 2005). Instead, familiar bsasmchieve higher click-through on their
online paid ads and more organic visits to theibsite (e.g. Yang and Ghose 2010; lifeld
and Winer 2002), thanks to their salient, rich poditive associations in consumers’
minds (Keller 1993). For instance, Vanguard wagmissed to learn that most clicks on its
banner ads came from existing customers (McGowadrauelch 2007). Such paid
exposure makes the existing link with the famibeand more salient, and drives

consumers to the brand’s owned media. Therefor@roose that:

H2: For familiar brands, within-online synergy iggher than cross-channel synergy.

We investigate these hypotheses for unfamiliarfandliar brands for brands in
four different categories, to help understand theegalizability of the recent findings in

the literature.



RESEARCH METHODOLOGY
Bayesian Vector Autoregressive Models

Our objectives and conceptual framework imposeipenodeling requirements
that we outline here. First, we require a modd firaultaneously incorporates several
online and offline marketing variables in addittonbrand performance. Second, we need
to link the marketing variables to brand performehboth directly and indirectly through
each other. In addition, the model needs to cofdrahe effects of other marketing
actions such as feature and display as well agsabity to avoid omitted variable bias.
Third, as the online and offline actions can inflce each other over time, we need a
model that will accommodate these dynamic depeneégnEourth, we need to obtain
immediate and cumulative effects of marketing \@ea on brand performance. Such
requirements have led many previous researcheyseitify a Vector Autoregression
(VAR) model (e.g. Trusov et al. 2009, Wiesel et28111). These models explicitly deal
with likely endogeneity (e.g., TV campaigns inceeagebsite visits, which increase sales)

by modeling each variable endogenously, i.e. erpthby the dynamic system.

Unrestricted estimation of VAR models risks overgmaetrization because the
parameter space proliferates with the number obgaous variables, which include in
our case brand performance and several forms afeoniedia and offline marketirfgn
a standard VAR model, a large number of parametessproduce a good model fit, but

still result in multicollinearity and loss of deg®of freedom, which in turn may lead to

* In our empirical application, the total numbempafameters estimated for brand A, B, C and D is 298,
280, and 264 respectively. Since this is infeasiith standard VAR approach, we use Bayesian VAR
modeling, which imposes stochastic constraintsherparameters of the VAR model.



inefficient estimates and poor performance in thpulse-response functions. Bayesian
models alleviate such issues thanks to shrinkagehwmposes restrictions on the
parameters of the VAR model. We therefore outliBagesianVAR model (Sims and

Zha 1998; Horvath and Fok 2013) specification thaets our requirements.

Bayesian Vector Autoregressive (BVAR) models arenulated in Litterman (1986)
and Doan, Litterman and Sims (1984), but have 8tknapplication in marketing (for an
exception see Horvarth and Fok 2013). Several phare been used in the econometrics
literature to estimate the Bayesian VAR modelsluding Minnesota prior and Normal-
Wishart prior (e.g., Banbura, Giannone and ReichlihO; Ciccarelli and Rebucci 2003;
Kadiyala and Karlsson 1997; Sims and Zha 1998)eRi¢ Banbura, Giannone and
Reichlin (2010), using more than 100 variablesysfbthat the Minnesota prior leads to
improved forecasting performance compared to fatikdels. In general, the Minnesota
prior, which assumes a multivariate normal distiidouy is superior to the Normal-Wishart
prior’ (Koop and Korobolis 2009). Using Doan et al.’s§a9formula for the uncertainty of
the Minnesota prior means, we can specify indivigu@r variances for a large number of
coefficients in the model using only a few parame{eeSage 1999). These parametkrg
andw(i,j) represent the overall tightness, lag decay anavéighting matrix respectively.
We estimate the BVAR model through the “mixed eation” technique developed by
Theil and Goldberger (1961). This method involsepplementing data with prior
information on the distributions of the coefficisrfRamos 2003). A typical unrestricted

VAR with n endogenous variables amthgs can be written as:

® First, it greatly reduces the computational burdecause it does not require MCMC methods. Raither,
leads to simple analytical results for the posteaitd there is no need to use computationally deingn
posterior simulation algorithms such as the Gilzm@er. Second, it enables a wide flexibility when
determining the prior.
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Focusing on a single equation of the model:

y1 = XA+ & (2)
wherey; is the vector of observations gp, the matrix X represent the lagged values of
vie,I = 1,...,n and the deterministic components, the vectotafds for the
coefficients of the lagged variables and deterrtim=omponents ang, is the residual
vector. Prior restrictions for this single equationdel can be written as:
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Herez;, is the prior mean ang, is the standard deviation of the Minnesota prior
imposed on variablgin equatiori at lagk, andvar(v) = ¢2I . The standard deviation
defined by the Minnesota prior is as follows:
) = ifi=j

Oijk = :__V;*@—f:) if i #j ¢
where@ represents the tightness of the prior. It showsstandard deviation of the prior
on the first lag of the dependent variable. A higightness implies that less influence of
the lagged dependent variable in each equationparemeterp stands for the decay
parameter taking the value between 0 and 1. Thaydearameter reflects the fact that
standard deviation of the prior decreases as thketegth of the model increases. This
implies that further lags have less importancdééerhodel. The parameterspecifies the

relative tightness for variables other than theeshelent variables. The parametgris
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the standard error of the residuals obtained floerestimation of unrestricted single-
equation autoregression on variapl&he ratio of the standard errors in Eq. (4) ifedaa
scaling factor and accounts for the differenceth@magnitudes of the variables across

equations and;.

In order to find the optimum values for the paraan&, ¢ andw, we minimize
the log determinant of the sample covariance mafritke one-step-ahead forecast errors
for all the equations of the BVAR (Doan et al. 1984sing Theil and Goldberger (1961),
we rewrite equation (3) as:

r=RA+v ()
Then, the estimator for a typical equation is:
A=XX+RR)'(X'y, +RT) (6)

We estimate a separate BVAR model for each braitt, it performance variable
and the available online and offline marketing @i (see table 2) as endogenous variables.
Given the high number of potential interactions,im@ude such interactions one by one and
only retain those with significant performance effe The appendix Al details each of the
five steps of BVAR modeling. After uncovering tha&tieates and finding the bootstrapped
standard errors, we assess whether each generatfipatse-response (GIR) value is
significantly different from zero as in previous YRAliterature (e.g. Sims and Zha 1995,
Pauwels, Hanssens and Siddarth 2002, Pauwels2&0). We sum up all significant GIR

values to obtain the cumulative effect of each ratnky variable on performance.
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DATA AND OPERATIONALIZATION

Assessing our hypotheses on long-term marketirgjieliées and synergies
requires time-series data with at least 50 weekBeovations (see Hanssens et al. 2001)
of brand performance and several online and offieglia types. We were able to obtain
such data for brands from four companies acrossiaty of settings that substantially
differ on the relevant dimension of brand familiari

Brand A was launched less than 5 years beforeatepkriod, in the market for
scholastic test preparation. Using adaptive legreoftware, this company provides
flexible individual-level customization for schotestest preparation. The absence of
fixed overhead costs due to no brick-and-mortasqamee enables the company to price
competitively in the market. However, its businesxlel represents a departure from the
traditional face-to-face interaction prevalenthistcategory. To communicate this
positioning, Brand A therefore uses a variety direnmarketing efforts such as display
ads and paid search. During the global recessiercampany communicated to
prospective customers that it would vary its pmgth stock market indices. Such
communicated price changes are the main firm-tetiactions by brand A.

Brand B is a family-run office furniture supplieitivout retail stores, they market
furniture directly to offices, hospitals, schootglandividuals. Firm-initiated marketing
actions constitute the major part of its marketingiget and include direct mail and faxes
sent directly to prospective customers. Online retankg actions include email and paid
search. Brand B focuses on its product qualitydeitvery to the customer, assembly of

furniture, and customized furniture solutions.
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Brand C is a top-five travel brand (Harris Internaet2012). It provides travel-
related services to its customers for flights, lso#ééd cars. The company initiated its
marketing efforts with online communication but s@witched the budget to mostly
offline communication, including global televisiadvertising campaigns. Marketing
communication actions include paid search, disglaytner site links, television and out-

of-home advertising.

Brand D is a US apparel retail brand that was énttip 30 of Interbrand Best
Retail Brands 2013. Brand D’s products are targateée mass market with a focus on
casual apparel for men and wom&he brand’s advertising is prominent and extensive,
and is present on multiple channels such as tébevisadio, print, and online paid

search. Store traffic is the main performance idicfor this retailer.

To verify third-party brand familiarity judgmentse assessed unaided and aided
brand awareness via survey respondents on Amaktethanical Turl® Our first four
survey questions (one per category) asked resptsittename three brands in the
category (unaided awareness). The next four quesinserted the studied brand name
and logo in random order among two known brandkerncategory, and asked
respondents which brands they recognized (aidedem@ss). The results reveal that
nobody spontaneously mentioned the scholastiptegiaration service brand A as well
as office furniture brand B. In contrast, the tlavebsite service brand C was mentioned

by 18 respondents (11%) as their first answer,b§13%) as the second answer and by

® Mturk is an online crowdsourcing system for reéngjtsurvey respondents. Buhrmester, Kwang and @sli
(2011) showed that Mturk enables researchers trohigh-quality data inexpensively and rapidlyeTh
authors note that participants are more diverse skendard Internet or student samples and theotitained

is at least as reliable as the data obtained lojtitvaal methods. Our survey was open for two wesking

May 2014, resulting in a total of 166 respondent$ 260 usable answers.
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22 (14%) as the third answer. Apparel retail brBndas mentioned by 7 (4.4%)
respondents as their first answer, by 16 (10%Mheis second answer and by 10 (6.3%)
respondents as their third answer. As for aidedeness, 3% of respondents recognized
brand A, 3% recognized brand B, 76% recognizeddfaand 96% recognized brand D.
Thus, our survey sample shows unaided (aided) asaseof 0% (3%) for both brands A
and B, 38% (76%) for brand C and 21% (96%) for drAnUsing these survey results as
well as the absence versus presence of the brantie dop-brands lists of Harris Poll
Equitrend Study and Interbrand, we conclude thahds A and B are relatively

unfamiliar, while brands C and D are relatively fian to consumers.

All datasets are at the weekly level for a recamiqal of over a year. Brand A’s
data spans 2008 (week 40) to 2010 (week 8), withah of 73 observations. Brand B’s
data spans 2007 (week 1) to 2010 (week 35), withalervations. Brand C’s data spans
2008 (week 1) to 2010 (week 35), with a total o® bBservations. Finally, Brand D’s

data spans 2010 (week 25) to 2011 (week 28), véitbldservations.

Data from all companies include the variables dimer(customer-initiated)
media such as site visits and paid search, offfima-initiated) media and a performance
variable. Table 2 displays the variable operati@asbn.

--- Insert Table 2 about here ---

Our classification of each marketing action intgtomer-initiated (online) and firm-
initiated (offline) follows the definitions in owonceptual framework. Note that email is
a firm-initiated marketing action, because compsuen increase spending on emails

without any prospective customer action. In comfrasr studied brands only pay for
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display ads when a prospective customer clicksiemt Some online media are identical
among firms (e.g., paid search cost) while othezat (e.g., total website visits versus
only organic website visits). Likewise, the offlingrketing actions differ by firm. This

is typical when moving from single-firm to multirfn evidence; to the best of our
knowledge there is not yet a standardized datasemniine media (as e.g., the scanner
panel data for price, feature and display). To i@ribr seasonality, we include four-
weekly seasonal dummies for brands A-C, using Jgrasaour benchmark. For brand D,
we use the national retail mall index, which offereekly tracking of overall U.S. retalil
mall sales. As can be seen in Table 3, weekly geesales revenues for unfamiliar
brands A and B are below $260,000. In contrastklyes/erage sales revenues of the
familiar brands C and D are above $900,000. Takleows summary statistics for the

variables included in the model.
--- Insert Table 3 about here ---

In light of the differences across firms in theal@fable 3), the log-log specification

helps with obtaining elasticity estimates, facilitg comparisons across brands.
EMPIRICAL FINDINGS

For each analyzed brand, both the AIC and SIC imé&bion criteria point to the inclusion
of one lag in the log-log model. The estimated n@@erform well in terms of

explanatory power, explaining 78% to 91% (adjust&d76% to 90%) of the variation in
the performance variables. As to out-of-sampledasting, we set aside the last 20% of

each brand’s time series to calculate the Mean #yePercentage Error (MAPE) for the
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1-step ahead and the h-step ahead forecasts (Whdrhaximum number of hold-out

weeks).
--- Insert Table 4 about here ---

While forecast errors are, as expected, largefof@casts further in the future, the
highest MAPE remains below 18.5%, which indicateshigh explanatory power of our
models is not due to overfitting. Moreover, the migdshow no violation of the
autocorrelation, heteroscedasticity, and normalssumptions for the residuals (Franses
2005), nor indicate omitted variable bias (Stoc# ®vatson, 2003)We next discuss the
long-term elasticity estimates of marketing actionthe main-effects only models,

followed by an assessment of synergy, as a tesmfigbroposed hypotheses.
Long-term elagticity of marketing actions (main effects models)

From the GIRFs, we obtain the total (cumulative)sstity of each marketing action on

brand performance, as shown in Table 5 for the refiects BVAR model.
--- Insert Table 5 about here ---

For each brand, the cumulative elasticity resiitsxsa substantially higher
performance impact for online customer-initiateddraehan for offline firm-initiated
media, consistent with previous literature (e.g.H2an, Wiesel and Pauwels 2013;
Dinner, van Heerde and Neslin 2014; Wiesel, PauamisArts 2011). Within online,
each brand shows the highest elasticity for prasgeconsumers coming to the owned

site (i.e. owned media): direct and organic siggtsifor brand A, site visits for brand B,

" Ramsey RESET test tests the null hypothesis tieatrtodel has no omitted variable bias. The tesites
available upon request, fail to reject that nulpdighesis.
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organic Google traffic and organic site visits fwmand C, and organic Google search for
brand D. Among paid media, each brand shows thHeekigelasticity is for paid search.
To verify the robustness of our results, we aldorede the equivalent main effects
single-equation OLS mod&Table 5 also shows the results, which are sirtilahe

BVAR findings in both sign and significance of thmain effects. These results are as
expected since the main effects model has a relgtiow number of parameters,

enabling OLS to be rather efficient.

What do these cumulative elasticities imply for keding budget allocation? In
the absence of synergy, companies would be adtesggend a larger portion of the
communication budget on online media which havarger elasticity than offline media
(Naik and Raman 2003). This is reflected in compamagtice of setting upper limits to
online advertising bids by multiplying the shortrteconversion probability with margin
earned per conversion (Dinner et al. 2014). Howehés does not account for either
long-term effects or synergy. Patterns in thesectdfallow us to assess our hypotheses

on within-channel versus cross-channel synergy.

Assessment of Synergy in Online and Offline Media

When we add interaction effects to our modelsydiselts change as shown in table 6.
----- Insert Table 6 around here ----

From the BVAR results, we observe that synergyésent for each brand, as

several of the interactions are significant anémf&ubstantial compared to the main

8 To avoid multicollinearity, we log centered thaiaales in the OLS estimation..
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effects. The single-equation OLS results showralar pattern. For brands A and C, the
sign and significance of the parameters are theskiowever, the OLS results show less
significant interaction terms for brands B and e is likely due to the high number

of parameters. We infer that OLS estimation is bffisient because it does not impose

any stochastic constraints on the estimated pasamas opposed to the BVAR model.

In testing ouhypotheseswe compare the within-channel versus cross-cHanne
synergy effects in two ways. First, we considerdineergy with the median effect (across
all actions for that synergy type) and the synevgh the highest estimated effect for that
synergy type (hereafter ‘best in breed’). This\aas to assess the hypotheses on both
of these benchmarks. Specifically, based on ti&FG&stimates, for each brand we
conduct a two- tailed t-test to test our hypothdseg§) the ‘typical’ (median elasticity)

action for each synergy type, and (ii) the bedbieed (highest elasticity) action for each

synergy type.

Table 7 provides these results. The panel on thederesponds to the tests for the typical
synergy while the panel on the right correspondiedest for the best-in-breed synergy.
Within each panel, the synergy type (within-onlarel cross-channel), and the
corresponding median or maximum are listed in tfs¢ &nd second columns, respectively.
The hypothesis tested is in the third column wthikefinal column in each panel gives the
outcome of the t-test. For example, unfamiliar drAnexperiences an elasticity of 0.374 for
median (‘typical’) cross-channel synergy and 0.###8maximum (best-in-breed) cross-
channel synergy. These numbers come from the ctiveukeffect of price*organic visits
(0.374 in table 7) and price*direct visits (0.428able 7), with price*paid search (0.069 in
table 7) is the lowest elasticity for cross-charsylergy.
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--- Insert Table 7 about here ---

We first report the median (‘typical’ action) resulWe compare the cross
synergy between online and offline media with th#iw-online synergy, focusing on the
unfamiliar brands A and B. As seen from Table 5, cross synisrigigher than within-
online synergy for both unfamiliar brands A and0B3{74 vs. 0.072 witp <.1and 0.044
vs. 0.004 withp >.1, respectively). Based on the best-in-breedtsegte same finding
holds, i.e. cross synergy is higher than withinkekynergy (0.428 vs. 0.250 wipr> .1
for brand A and 0.554 vs. 0.004 wiph.01for brand B).

Forfamiliar brands for the typical action results, within-oelisynergy is higher
than cross-synergy for both brands C and D (0.45D003 witlp <.01 and 0.213 vs.
0.003 withp <.01, respectively). The same finding holds for the ‘bagbreed’ results

(0.451 vs 0.006 witlp <.01for brand Cand 0.336 vs. 0.004 wiiln<.01for brand D).
Implications

Our framework and empirical results shed light arumber of important implications in
understanding the potential benefits of synergyifferent online advertising media. The
results show that ‘within online synergy’ is sigoéntly higher than ‘cross channel synergy’
for familiar brands in our data, which may meart,thagh and favorable awareness has
already been created in offline media for well-kmdevands. An alternative explanation
may be that familiar brands are more likely to speear-optimally while unfamiliar brands
spend far below optimal, which leads to highermesifrom increasing spendifidiowever,

this would not explain why familiar brands havehegwithin-online synergy. Moreover,

% We thank the Associate Editor and an anonymougweaii to bring this to our attention.
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this explanation would require systematic diffesm spending effectiveness for familiar
versus unfamiliar brands — which we do not obsérnibe results tables.

We also find that owned media has a higher sakesdieity than paid media for
unfamiliar brands and for the familiar service ltanhus, owned media is a credible
source for consumers to decrease the unprediatablee of services and of unfamiliar
brands. By contrast, we find that sales elastmitgaid media is higher than owned
media for familiar product brand. In the lattertarsce, paid media can provide enough
information with which to evaluate the quality aghbles the firm to maximize reach for

familiar products.

Finally, how do our results relate to the recemdiings that (certain types of) paid
media are not effective in lifting sales for a wialown hospitality brand (Li and Kannan
2014) but effective in lifting sales for a relatiy@nknown furniture brand (Wiesel et
al.2011)? First, the company studied in Li and Kan(2014) is similar to our brand C,
and they too find a low sales impact for paid mexhid a large within-online ‘spillover’
(synergy). Our research implies that such findidgsiot generalize to unfamiliar brands,
thus confirming Li and Kannan’s (2014) speculatiloat unfamiliar brands face a
different marketing type effectiveness challengeeddd, while Wiesel et al. (2011) study
the same brand as our brand B and report a stiféeq ef paid search, they do not
incorporate synergy, and thus miss an importaritgdgoicture (Li and Kannan 2014).
We show this next by calculating optimal allocatresommendations with synergy

versus without synergy (i.e. the main effects madeble 5).
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Marketing Budget Allocation Optimization

Our empirical estimation yields marketing spendasticities that managers can
use to optimize their marketing budget allocatioder the usual caveats that the model
specification captures the major drivers of safestaat the near future is similar to the past.
We illustrate the importance of synergy using firiscedure, we present the allocation
optimization for unfamiliar brand B analyzed by &&éet al. (2011) in a model without
synergy.

From the log-log BVAR model, we derive the markgtsales elasticities as the total
over-time impact captured by the Generalized Inp&ssponse Functions. For the main
effects model, each marketing action is allocateddget corresponding to its elasticity
compared to the elasticity of the other marketiciipas (Dorfman and Steiner 1954; Wright
2009). For the synergies model, the marginal ei@gtdf marketing action X1 depends on
the level of the other marketing action X2. Assugriine level of X2 is fixed at the mean
values of the variables, we combine the main efiactthe interaction effect for X1's
elasticity (Naik and Raman 2003, see appendix A2iépails). Figure 1 contrasts the current
allocation, the optimal allocation from the BVAR d® without synergy, and the optimal
allocation from the BVAR model with synergies.

---- Insert Figure 1 about here ----
Due to the high relative elasticity of online paehrch, the main effects BVAR model
implies that brand B should increase its paid $eapending from 18% to 91% of its
budget, dropping its main marketing activity, direwil, from 66% to 6%. Catalogs are
found to be ineffective, and thus should be s@2oin the optimal allocation while fax

spending should remain at its current level. Thallocation is similar to the one implied in
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Wiesel et al. (2011). However, the offline actiafglirect mail and fax have strong
synergies with online search, and the allocatiat #fccounts for these synergies (the right
column in Figure 1) suggests a more balanced bu@ygine paid search receives 44.5%,
while direct mail receives 36.9% and fax 18.6%. 8#® calculate the confidence bounds to
account for the uncertainty in these allocatiosssleown in Table 8.

---- Insert Table 8 about here ----
Overall, the findings suggest that online paid sle@nd direct mail work synergistically in
conjunction with faxes in driving sales for brandA&counting for synergies among
marketing actions can thus lead to substantiaffemdint optimal marketing resource

allocation.

CONCLUSIONS, LIMITATIONS AND FUTURE RESEARCH

In this study, we provide a conceptual frameworlcmss-channel and infra-channel
synergies by taking into consideration brand faamitly. We propose that unfamiliar
brands have to build brand equity in multiple chelapand cannot simply leverage
existing brand equity online. For unfamiliar branthe combination of offline and online
marketing (cross-synergy) matters more than inti@aoel synergy. Familiar brands, on
the other hand, are better able to leverage thairdbequity online since consumer

knowledge is already high to begin with.

We illustrate the framework’s applicability for twamiliar and two unfamiliar
brands. The empirical results obtained from BVARmeations showed that within-online
synergy is significantly higher than cross-charsyelergy for the studied familiar brands,
while unfamiliar brands experience higher synerfjgrdine media with offline
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marketing, which implies they should spend moreffime media than implied by their
low direct sales elasticity. This paper is tinst to show cross-channel synergies of
online media with direct mail (brand B) and witldi@(brand D). Consistent with
previous results, we also find synergy among TV @mithe media for every analyzed
brand that invested in TV ads (Chang and Thors@4R®s developed in Raman and
Naik (2004), synergy effects imply that any medideserves a non-zero budget despite
its limited or unknown effectiveness. The high witlonline synergy for familiar brands
also provides a boundary condition for the advi tOnce a brand is familiar;
expenses can be curtailed by reducing the numlaetyaes of media” (Stammerjohan et

al. 2005; p.65).

Our results have important implications for mankgttheory. First of all, our
results add to online media research by addressingeffectiveness varies with brand
familiarity. Second, although research on synesgyrowing, the conditions for synergy
(just as brand-related effects and the use of kowdia) are still mostly neglected. Our
study demonstrates the importance of incorpordinagd familiarity into models for
integrated marketing communications (Winer 2009ytltermore, it addresses the need
for new methods and approaches going beyond offtiedia forms by incorporating new

developments on online media.

Our work has also important implications for mankgtpractitioners. First,
managers of unfamiliar brands may obtain substiesyieergy from offline marketing
spending, even though its direct elasticity patesamparison with that of online media.
Second, our results show that managers of fantifi@nds can generate more synergy by
investing in different online media, thus confirgitne opening quote by Green (2012).
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Our study is not free of limitations. The use ofadaf two unknown and two
known brands limit the generalizability of our résuHowever, the aim of this study is to
obtain insights on the effectiveness of especradhy advertising formats for different
conditions rather than offering empirical geneiaiians (EGs). Future research should
offer EGs on this topic. Additionally, the selectiof variables is limited to their
availability in the data sets — omitted variabledude the focal brand’s quality changes
and new product introductions, competitive commatii spending and market
environment factors. Specifically relevant for thepose of this paper, we had different
offline and online advertising types across brakdsgure research should define metrics
that are most appropriate for earned, owned or p&idia measurement. Defining and
proposing metrics for new advertising formats ismportant need in the area. As typical
in budget allocation across media, we have assunatdhe studied brands tactically
execute their communication in a similarly competaanner (and therefore that
substantially lower effectiveness of a medium issumply due to its poor execution).
Future research may test this assumption. In aadliti would be useful to investigate
how our results on the impact of brand familiaotymedia synergy vary over the
product life cycle. Furthermore, practitioners,adatoviders and academics should
collaborate to explore the possibility of standaedi datasets for paid, owned, earned
media (as e.g., scanner panel data for price,reatud display), which represents both a
challenge and an opportunity. We also identify ppastunity for future research on the
methods used. In our BVAR modeling with a Minnegatar, we assume that the off-

diagonal elements in the prior variance-covarianegix are zero to simplify
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computation. Future research can allow for mongbile variance-covariance matrix

using more complex estimations based on MCMC method

Another research area is to understand the diffetted effect of various online
advertising mediums along the different stagesoosamer decision-making. The
interplay between different online advertising fatsiand effects of brand familiarity or
product-service dichotomy may vary through theseint stages of consumer decision
making. Additionally, we show a greater sales @agtfor ‘within-online synergy’ for
familiar brands. However, the results are mixeduioiamiliar brands. This area may

need additional investigation.

In summary, our research is the first to conceptwaid empirically investigate
how brand-familiarity impacts online media syneegywell as online and offline media
synergy. We believe this work puts recent singletfiindings into perspective and we
hope to inspire further research towards empigealeralizations on the effectiveness of

new and established media.
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Figure 1: Marketing budget allocation options for rand B
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Table 1: Brand Familiarity Conditions and Media Syrergy

Hypotheses on Synergy

Brand
Familiarity

For unfamiliar brands, cross-channel synergy ish@g

Unfamiliar o .
Brands than within-online synergy. (H1)
Empirical Cases: Brand A and Brand B
Famili For familiar brands, within-online synergy is hightéan
srr;l;\?sf cross-channel synergy. (H2)

Empirical Cases: Brand C and Brand D
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Table 2: Variable operationalization

Firm Variable Operationalization Classification
Organic Site Visits Weekly number of organic visitshe website Online (CIC)
Paid Search Weekly cost (per click basis) on Google Online (CIC)
Amazon Display Ads Weekly cost (per thousand vjeswsAmazon display ads Online (CIC)
Brand A ys News Display Ads | Weekly cost of a one-page ddSrNews Online (CIC)
Direct Visits Weekly number of direct visits to thebsite Online (CIC)
Price Weekly average price of an online course Igff{FIC)
Revenues Weekly sales revenues Performance
Site Visits Weekly total visits to the website O’i(CIC)
Paid Search Weekly cost of (pay-per-click) refexral Online (CIC)
Direct Mall Weekly cost of direct mail Offline (FIC)
Fax Weekly cost of faxes Offline (FIC)
Brand B
Catalog Weekly cost of catalogs Offline (FIC)
Discounts Percentage of revenue given as a discount Offline (FIC)
eMalil Weekly number of net emails (sent minus baghicack) Offline (FIC)
Sales revenues Weekly sales revenues Performance
Organic Site Visits Weekly site traffic not comifrgm paid or earned sources Online (CIC)
Display Ads Weekly display advertising (e.g. bashémpressions Online (CIC)
Paid Search Weekly cost for all search engined bgérand C Online (CIC)
Brand C Search on partners Weekly other search engine®gsions Online (CIC)
Organic Google traffic Weekly traffic on Googleatgd to Brand C Online (CIC)
TV ads Weekly cost of TV advertising campaigns 0HI(FIC)
Out of home Weekly out of home advertising impressi Offline (FIC)
Revenues Weekly sales revenues Performance
Site Visits Weekly total number of visits to thehsée Online (CIC)
Paid Search Weekly paid search advertising in isgioas Online (CIC)
Display Ads Weekly display (e.g. banner) advergisimimpressions Online (CIC)
Earned General Weekly number of all social mediavecsations Online (CIC)
Brand D  Organic Google search Weekly index of searchesifir@oogle.com Online (CIC)
TV GRPs Weekly gross rating points (GRPs) of TVextiging Offline (FIC)
Radio GRPs Weekly gross rating points (GRPs) ofi®Radvertising Offline (FIC)
Circulars Weekly number of circulars distributed flae (FIC)
Store Traffic Weekly traffic to offline store Perfmance
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Table 3: Summary statistics

Firm Variable Mean SD Min Max
Organic Site Visits 523.88 380.%4 53.00 1386
Paid Search 4781.6J7 2694.12 0 1222574
Amazon Display Ads 21.9 144.97 0 1153185
Brand A US News Display Ads 315.4f 799.70 0 3373|34
Direct Visits 3554.34 2532.88 125.00 10477{00
Price 627.64 48.11 501.25 799
Revenues 2.58E+0p 2.47E+(5 7p9 1.03E}06
Web visits 4013.9 1151 1507 745
Paid Search 1325.p 476.05 61939 2699.9
Direct Mail 4790.3 9022.1 42774
Fax 275.13 1027. () 7065[9
Brand B
Catalog 854.01 50838 D 47738
Discounts 0.10572  0.030547 0.034B8 0.22$39
eMail 4319.9 4895.7 ( 1958f7
Sales revenues 2.04E+Q5 726R1 52818 4.79H+05
Organic Site Visits 2.11E+0p 6.39E+(05 1.05E+406 1B#406
Display Ads 1.62E+01 2.56E+0QJ7 0 9.14E+D7
Paid Search 1.03E+07  3.36E+pP6 0 1.91Et}07
Brand C Search on partners 1.87E+p7 8.99E406 0 3.76H+07
Organic Google traffic 16.758 4.79Q3 9.19p5 27.636
TV ads 25157, 50022 2.17E+(5
Out of home 5.76E+0¢ 1.38E+(7 0 4.51EH07
Revenues 9.23E+0p 1.94E+05 5.35E405 1.37EH06
Owned Site Visits 1.62E+0p 4.75E+(Q5 8.40EH05 4.ZHE(+
Paid search 1.30E+0p 4.19E+p5 7.28E405 3.23H+06
Display Ads 1.89E+01 6.15E+0J7 0 3.49E+P8
Earned General 23285 3177.6 0 15Q35
Brand D Organic Google search 40.504 13.285 0 96.[789
TV GRPs 134.73 114.6y D 38914
Radio GRPs 21.029 48.099 0 17766
Circulars 1.03E+0§ 2.13E+0p 0 1.03E+P6
Store Traffic 6.77E+06§ 1.86E+06 2.02E+p6 1.45E+07
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Table 4: Predictive Performance (MAPE)*

one-step h-step
Brand in-sample ahead ahead
Brand A| 17.65% 16.90% 18.49%
Brand B| 1.75% 2.35% 3.76%
Brand C| 3.93% 4.43% 10.46%
Brand D| 10.15% 9.61% 13.17%

*MAPE denotes the Mean Absolute Percentage Errer the
holdout sample. One-step ahead forecasts updata eac
consecutive period, while multi-step forecasts ftedithout
updating. Hold-out sample contains 14, 34, 25 add 2

observations for Brands A, B, C and D, respectively
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Table 5: Main effects: BVAR and OLS Estimation Reslis*

Unfamiliar/Service Brand A

Familiar/Service Brand C

BVAR Results OLS Results BVAR Results OLS Results
. . Long- . . Long-
Classification Variables Immediate | Cumulative Coefficient term Classification | Variables Immediate | Cumulative Coefficient term
Effect Effect Effect Effect Effect Effect
Lagged DV AR(1) 0.646 0.353 Lagged DV AR(1) 0.611 0.292
Online (CIC) | Organic Site Visits 0.135 0.135 0.240 0.371 Online (CIC) | Organic Site Visits 0.162 0.481 | 0.348 0.492
Online (CIC) Paid Search 0.077 0.077 0.423 0.654 lin@1gCIC) Display Ads 0.001 0.001 0.191 0.270
Online (CIC) | AMa#O" Display n.s. n.s. ns. ns. Online (CIC) | Paid Search 0.007 0007 | 0016 0.023
Online (CIC) XisNews Display n.s. n.s. n.s. n.s. Online (CIC) Search on Partners 0.006 0.006 n.s. ns.
Online (CIC) | Direct Visits 0.200 0522 | 0129 0.199 Online (Cic) | 992Nt Google 0.198 0557 | 0569 0.804
Offline (FIC) | Price n.s. n.s. n.s. n.s: Offline (FIC) | TV ads 0.003 0.003 0.059 0.083
Offline (FIC) | Out of home n.s. n.s. n.s. n.s.
Unfamiliar/Product Brand Familiar/Product Brand [
BVAR Results OLS Results BVAR Results OLS ésults
. . Long- . . Long-
Classification | Variables Immediate | Cumulative Coefficient term Classification | Variables Immediate | Cumulative Coefficient term
Effect Effect Effect Effect Effect Effect
Lagged DV AR(1) 0.355 0.333 Lagged DV AR(1) 0.534 0.533
Online (CIC) Web visits 0.190 0.362 0.139 0.208 Owned Owned Site Visits 0.198 0.231 0.148 0.317
Online (CIC) Paid Search n.s. 0.279 n.s. n.s. Paid Paid Search 0.693 0.935 0.139 0.298
Offline (FIC) Direct Mail 0.010 0.017 0.195 0.292 Paid Display Ads n.s. n.s. n.s. n.s.
Offline (FIC) Fax 0.012 0.012 0.218 0.327 Earned Earned General n.s. n.s. n.s. n.s:
) Organic Google
Offline (FIC) Catalog n.s. n.s. n.s. ns. Earned Search 0.957 1.339 0.208 0.445
Offline (FIC) | eMail n.s. n.s. n.s. n.s. Offline TV GRPs 0.004 0.005 0.153 0.328
Offline (FIC) Discounts 5.877 5.877 0.410 0.615 Offline Radio GRPs n.s. n.s. 0.123 0.263
Offline Circulars 0.003 0.003 0.182 0.39(

* All shown effects are significant at the 10% levie§ others are indicated as not significant (2. She long-term effect from the OLS estimatiorcaculated as : short-term estimate / (1- AR doieffit).




Unfamiliar/Service Brand A

.Table 6: Full model: BVAR and OLS Estimation Resuls (with interactions)

Familiar / Service Brand C

BVAR Results OLS Results BVAR Results OLS Results
Classification | Variables Immediate | Cumulative OoLS Long-term Classification Variables Immediate | Cumulative OoLS
Effect Effect Coefficient Effect Effect Effect Coefficient Loglgf—tetrm
ecl
Main Variables Main Variables
Lagged DV AR(1) 0.619 0.430 Lagged DV AR(1) 0.672 0.809
Online (CIC) Organic Site Visits 0.148 0.394 0.185 0.325 Online (CIC) Organic Site Visits 0.557 0.557| 0.199 1.042
Online (CIC) Paid Search 0.075 0.096 0.407 0.714 lin&CIC) Display Ads n.s. n.s. 0.117 0.613
Online (CIC) Amazon Display Ads n.s. n.s. n.s n.s. Online (CIC) Paid Search 0.009 0.009 0.015 0.079
Online (CIC) US News Display Ads n.s. n.s. n.s. n.s. Online (CIC) Search on Partners 0.008 0.008 0.394 .06
Online (CIC) Direct Visits 0.167 0.435 0.119 0.209 Online (CIC) Organic Google Traffig 0.898 1.036 @9 4.749
Offline (FIC) Price n.s. n.s. n.s. n.s. Offline (FIC) TV ads 0.008 0.008 0.165 0.864
All S|gn_|f|cant Offline (FIC) Out of home n.s. n.s. n.s. n.s.
I nteractions
Offine*Online | Price*Organic Site 0.145 0374 | 0.094 0.165 All Significant
Visits I nteractions
Offline*Online | Price*Direct Visits 0.168 0.428 n.s. n.s. Online*Offline | Display Ads*TV Ads 0.003 0.003 0.103 0.539
Offline*Online | Price*Paid Search 0.054 0.069 0.603 1.058 Online*Offline | Paid Search*TV Ads 0.003 0.003 | 0.726 3.801
— -
Online*Online | Or9anic Site 0.095 0250 | 0.079 0.139 Online*Offling SE2rCh On Parmers' ™, 543 0.003 | 0.704 3.686
Visits*Direct Visits Ads
. ) Organic Site ’ .1 Org. Google
Online*Online Visits*Paid Search 0.055 0.072 0.062 0.109 Online*Offling TrafficTV ads 0.006 0.006 0.203 1.063
e Direct Visits*Paid -k nlins Org. Google
Online*Online Search 0.053 0.070 0.109 0.191 Online*Onling Traffic*Org. Site Visits 0.451 0.451 n.s. n.s.
~ -
Online*Offline | 1 Ads*Org. Site 0.003 0003 | 0132 0.691
Visits
Offline*Offline | TV Ads*Out of home 0.001 0.001 n.s. n.s.

* All shown effects are significant at the 10% levie§ others are indicated as not significant (J2.She long-term effect from the OLS estimatiorcaculated as : short-term estimate / (1- AR doieffit).
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Unfamiliar / Product Brand B

Table 6 (cont'd):

Familiar / Product Brand D

BVAR Results OLS Results BVAR Results OLS Results
) . Long- . .
I . Immediate | Cumulative OoLS I ) Immediate | Cumulative OoLS Long-term
Classification Variables Effect Effect Coefficient é?f;n;t Classification Variables Effect Effect Coefficient Effect
Main Variables Main Variables
Lagged DV AR(1) 0.606 0.289 Lagged DV AR(1) 0.407 0.244
Online (CIC) Web visits 0.225 0.407 0.215 0.302 in(CIC) Owned Site Visits 0.176 0.102 n.s. n.s.
Online (CIC) Paid Search n.s. 0.199 n.s. n.s. Online (CIC) Paid Search 0.617 0.483 0.284 0.376
Offline (FIC) Direct Mall 0.021 0.036 0.209 0.294 nie (CIC) Display Ads -0.003 -0.002 n.s. n.s.
Offline (FIC) Fax 0.024 0.024 0.306 0.430 OnlinéQL Earned General n.s. n.s. n.s. n.s
Offline (FIC) Catalog n.s. n.s. n.s. n.s. Online (CIC) Organic Google Search 0.874 0.766 D.51 0.677
Offline (FIC) eMail 0.008 0.008 n.s. n.s. Offline (FIC) TV GRPs 0.006 0.006 0.297 0.393
Offline (FIC) Discounts 6.601 6.601 0.425 0.598 lio& (FIC) Radio GRPs 0.004 0.004 n.s. n.s.
All Significant . .
| nteractions Offline (FIC) Circulars 0.004 0.004 0.174 0.230
Offline*Offline | Direct Mail*Fax 0.029 0.029 n.s. n.s. All Significant I nteractions
g Direct Mail ine*Offli *Radi
Offline*Offline *“Discounts 0.028 0.049 0.777 1.093 Offline*Offlin TV*Radio me6 0.006 n.s. ns.
Offline*Offline | Direct Mail*Email 0.011 0.019 0.001 0.001 Offline*Offline | TV*Circulars 0.005 0.005 n.s n.s.
Offline*Onine | Oro Mairweb 0.011 0020 | 0171 0.241 Offline*Onling ~ TV*Paid Serar 0.003 0003 | 0025 | ,oas
) " Direct Mail*Paid ’ . .
Offline*Online Search 0.069 0.069 n.s. n.s. Offline*Online | Radio*Org. Google Search 0.004 0.004 | 0.405 0.536
Offline*Offline | Fax*Discounts 0.035 0.035 0.094 G2 Offline*Online | Circulars*Owned Site Vis. 0.002 .002 n.s. n.s.
Offline*Offline | Fax*eMail 0.036 0.036 0.004 0.006 fitne*Online | Circulars*Paid Search 0.002 0.002 .n.s n.s.
Offline*Online | Fax*Web Visits 0.012 0.012 n.s. n.s. Offline*Online | Circulars*Org. Google Search 0.003 .0@B 1.125 1.488
Offline*Online | Discounts*Web Visits 0.461 0.554 n.s n.s. Online*Online | Owned Site Vis.*Paid Search| 0.218 177. 0.089 0.118
. Paid Search*Web s, . Owned Site Vis.*Org. Google
Online*Online Visits 0.004 0.004 n.s. n.s: Online*Online Search 0.286 0.213 n.s. ns.
) . Paid Search*Org. Google
Online*Online Search 0.419 0.336 0.420 0.556

* All shown effects are significant at the 10% lewge others are indicated as not significant (.3he long-term effect from the OLS estimatisrcilculated as : short-term estimate / (1- ARfazeht).




Table 7: Cumulative Elasticity Results on Synergy oOnline and Offline Media

Best-in-breed Action

Typical Action

Unfamiliar Brand A

synergy

Classification Median Hypothesis T-stat
Cross-channel 0.374
synergy
H1 (Supported) 2.04*
Within-Online 0.072
synergy
Unfamiliar Brand B
Classification Median Hypothesis T-stat
Cross-synergy 0.044
— - H1 0.57
Within-Online 0.004
synergy
Familiar Brand C
Classification Median Hypothesis T-stat
Within-Online 0.451
synergy
H2 (Supported) 11.72%*
Cross-channel 0.003
synergy
Familiar Brand D
Classification Median Hypothesis T-stat
Within-Online 0.213
synergy
H2 (Supported) 7.36%**
Cross-channel 0.003

Unfamiliar Brand A
Classifimat Max. Hypothesis T-stat
Crzsysn-g:lga;nnel 0.428
H1 0.99
Within-Online 0.250
synergy
Unfamiliar Brand B
Classifimat Max. Hypothesis T-stat
Cross-synergy 0.554
— - H1 (Supported)| 5.28**
Within-Online 0.004
synergy
Familiar Brand C
Classification Max. Hypothesis T-stat
Within-Online 0.451
synergy
H2 (Supported) | 28.05**
Cross-channel 0.006
synergy
Familiar Brand D
Classification Max. Hypothesis T-stat
Within-Online 0.336
synergy
H2 (Supported) | 13.20**
Cross-channel 0.004

synergy

Note: *** * signs imply the significance level 80% level (p <.01), and 90% level (p <.10), resipety.



Table 8: Marketing Budget Allocation options for brand B

Media Current Main Effects Allocation Synergies  Allocation
type Allocation Allocation Range Allocation Range
Paid [68.93% ; [41.66% ;

Search 18.30% 90.56% 90.89%)] 44.52% 45.70%]
Direct [19.52% ; [39.57% ;
Malil 66.12% 5.68% 4.27%] 36.88% 31.31%)]
Fax [11.55% ; [18.77% ;

3.80% 3.76% 2.97%)] 18.60% 20.44%)]

Catalog [0.00% ; [0.00% ;

11.79% 0.00% 1.88%] 0.00% 2.55%]

* Note: Main effects allocation is based on themp@stimates while allocation range is calculated

based on +/- one standard error bands.
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Technical Appendix

Al: Bayesian Vector Autoregression (BVAR) Modelingsteps

Our BVAR modeling approach consists of the follogvBhsteps:

Step 1: In the first step, we simply consider the unrestd VAR (k) model and do not
impose restrictions on the coefficients of the VAIRdel. The optimal lag length is chosen based on
the Schwarz Information Criterion (SIC) which ismmonly used in the marketing literature (e.g.
Pauwels et al. 2004). We opt for taking naturghlithm (adding 0.0001 to avoid the log of 0) to
smooth the variables’ distribution and efficiemtpdel diminishing returns. Unit root testing (e.g.
Pauwels et al. 2002) is not applicable to the Biayesstimation as unit roots do not affect the
likelihood function (Sims, Stock and Watson 1990).

Step 2: After building the VAR model, the second stepoismpose the restrictions on the
coefficients of the VAR model by using the set ahkksota parameters in Eq. (4). In order to find
the best parameters, we consider three valuebdoneight parametew: 0.25, 0.5and0.75.For
the tightness paramet@r we assume four different valu€s5, 0.3, 0.1and0.05 The first number
(0.5) is a relatively loose value while the lastminer (0.05) is a tight value. We chose the lag yleca
parameterg to be 1 as suggested by Doan et al. (1984).r&sudt, we determine the set of the
hyperparameter values, i\, 8, ¢.

Step 3: With the selected parameters from Step 2, we agifBVAR(k) modéef’. As
explained in the methodology section, the estinmath@thod is Theil and Goldberger’s mixed

estimation technique.

19We do not perform Granger causality tests as #éeynvalid given the Bayesian prior applied to thedel (LeSage
1999, page 128).
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Step 4: We calculate the Generalized Impulse ResponsetibasGIRF) (simultaneous
shocking approach) using the formula by Pesarartaind (1998). To find the standard errors of
GIRF coefficients we employ the residual-based &toap technique. Specifically, we (a) bootstrap
the residuals of the BVAR(k) model, (b) obtain sipped data using the estimated parameters
and the bootstrapped residuals and (c) obtain nédRBcoefficient estimates and GIRF coefficient
estimates using the bootstrapped data. We repesg #ieps 500 times and then calculate the
standard errors of the GIRF coefficients.

Step 5: After finding the bootstrapped standard errors asgess whether each impulse-
response value is significantly different from zaesosuggested by VAR-related literature in
marketing (e.g. Pauwels, Hanssens and Siddarth) 2Bblly, we compute the immediate and

cumulative effects based on the significant GIRfHeges.

A2: Budget allocation approach in the absence andresence of synergy

We assume companies aim to maximize profits, wiaalls to the well-established advice (in the
absence of synergy) that the budget allocationsaaddferent media spending should follow theirarat
of marginal elasticities (e.g. Dorfman and Steit@s4, Wright 2009). The presence of synergy
requires us to update this advice, as we illustvatew. Consider the log-log specification for the
following model without interactions:

y=a+ i X;+LX,+ € (Eq.A1)

wheree is the residual term with i.i.d. normal. For siiojy, we do not include the time index in the
notation. Taking the first derivative of Eq.A1 tvitespect td; andX, respectively, we obtain the

following marginal elasticities:

0 3]
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B2

B1+B2

Then, the budget allocation based on these esthedasticities becomeﬁs% for X, and for
1 2

X,. Now, let us add the interaction (synergy) teonequation Al:
y=a+ i X, + X, +yi(Xy X Xp) + ¢ (Eq.A2)
wheres is the residual term with i.i.d. normal.

Taking the first derivative of Eq. A2 with respeéatX;andX, respectively, we get
ay ay
o B1 +v1X; and % B2 + v1X4

Then, the budget allocation becomes

B1t+v1Xo
(B1+ v1X2)+(B2+v1X1)

for X;, and

B2+ v1X1
(B1+ v1X2)+(B2+v1X1)

for X,.

Note that marginal elasticity ak; changes depending on the levekgf Likewise, the marginal
elasticity ofX, changes depending on the leveKef We assess the elasticity at the mean valuesof th

variables. In other words, using the above simp@®le, our allocation is as follows:

B1+v1X>
= — for X, and
(B1+ v1X2)+(B2+v1X1) !
B2+ v1X1
= — for X,.
(B1+ Y1 X2)+(B2+v1X1) z

where the notatioX represents the mean value.
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