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Report Summary 

 

As advertising expenditures move rapidly from traditional to new media, an under-researched 

issue is whether offline TV advertising can affect online chatter. In this report, Gerard Tellis and 

Seshadri Tirunillai address the following questions: 

 

 Does offline TV advertising campaign affect online chatter? If so, how strongly? 

 Which metrics of online chatter, based on metrics of consumer reviews and blogs, are 

most influenced by TV advertising? 

 What are the dynamics of advertising effects (“wear-in” (buildup), “wear-out” (decay), 

and duration) on the various metrics of chatter? 

 

Their study context is the introduction of a TV advertising campaign of a focal brand, Hewlett 

Packard (HP). They monitor the advertising and chatter of HP together with that of control 

brands that are close rivals of HP (constructed via the synthetic control method). They link 

advertising to multiple metrics of chatter (popularity, negativity, visibility, and virality) that are 

based on a large-scale analysis of the content of the text and hyperlink structure of online chatter. 

 

Among their findings: 

 

 Offline TV advertising causes a short but significant positive effect on online chatter.  

 

 This effect is stronger on information-spread dimensions (visibility and virality) than on 

content-based dimensions (popularity and negativity).  

 

 In terms of elasticity, advertising has a strong effect on popularity in the short term while 

it has the most impact on virality in the long term.  

 

 Among the information-spread dimensions, the wear-in is quickest for popularity and the 

wear-out is longest for visibility and virality. The accumulated effect persists for the 

longest time for virality.   

 

 Importantly, advertising also has a small short-term effect in decreasing negativity in 

online chatter.  

 

Managerial implications 

First, managers should consider the effect of advertising on online chatter as well as sales. 

Testing that effect may enable advertisers to assess the effectiveness of advertising more quickly 

than they could by using sales as the dependent variable. Thus, social media intelligence could 

be an effective tool in forecasting success of marketing activities.  

 

Second, when carrying out such analyses, analysts need to capture the variety of effects that TV 

advertising may have on online chatter. Based on the importance of the virality and visibility 

metrics, advertising seems to have a magnifying effect, suggesting that advertising accelerates 

the propagation of information of the brands and at the same time increases the visibility of the 

brands.  
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Third, observational data in the form of chatter metrics are readily available through social media 

intelligence agencies. Analysts need to fully exploit the richness of these new chatter data. Most 

metrics are available at an aggregate (brand or firm) level and at a high temporal frequency (e.g., 

daily, hourly, and in some cases by the minute). 

 

Fourth, synthetic control can be applied for assessing the impact of other marketing 

interventions, such as changes in price, sales promotions, or press releases.  As in the case of this 

study, the purpose of doing so is to use chatter metrics as an instantaneous or live diagnostic of 

the performance of changes in the marketing mix. As such, analysts and managers do not have to 

wait for monthly or quarterly sales reports. 

 

Gerard Tellis is Director of the Center for Global Innovation, Neely Chair of American 

Enterprise, and Professor of Marketing, Management & Organization at the Marshall School of 

Business,  University of Southern California. Seshadri Tirunillai is Assistant Professor, C.T. 

Bauer College of Business, University of Houston. 
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Does Offline TV Advertising Affect Online Chatter? Analysis of Quasi-
Experimental Data Using Synthetic Control 

Abstract 

This study analyzes the impact of offline television advertising on multiple metrics of online chatter or 

User-Generated Content (UGC). The context is a quasi-experiment in which a focal brand undertakes a 

massive advertising campaign for a short period of time. The authors estimate multiple dimensions of 

chatter (popularity, negativity, visibility and virality) from numerous raw metrics using the content and 

the hyperlink structure of consumer reviews and blogs. The authors use the method of Synthetic Control 

to construct a counterfactual (synthetic) brand as a convex combination of the rivals during the pre-

advertising period. The gap in the dimensions of chatter between the focal brand and the synthetic brand 

in the test versus advertising periods assesses the influence of advertising. Offline TV advertising causes a 

short but significant positive effect on online chatter. This effect is stronger on information-spread 

dimensions (visibility and virality) than on content-based dimensions (popularity and negativity). 

Importantly, advertising has a small short-term effect in decreasing negativity in online chatter. 

Keywords: User-Generated Content, online chatter, TV advertising, difference-in-difference, factor 

models, synthetic control, matching, virality. 

 

Introduction  

User Generated Content (UGC) or (online) chatter has become a very important force in 

contemporary markets for several reasons. First, it has grown enormously in recent years. Second, surveys 

suggest that it is one of the most important sources of information that consumers trust (A.C. Nielsen 

Report 2013). Third, it can be easily measured by a number of metrics as several recent studies have 

shown (e.g., Peters et al 2013; Tirunillai and Tellis 2014; Schweidel and Moe 2014). Fourth, numerous 

studies have shown its impact on sales (Babic et al 2015) and financial performance (Tirunillai and Tellis 

2012). Most important, online chatter is live, spontaneous, passionate, and available at a highly 

disaggregate temporal level of days, hours, or even minutes. Thus, it can be a powerful diagnostic of 

consumer sentiment.  
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This study focuses on chatter in two media that have a relatively high signal to noise ratio: 

reviews and blogs.  Reviews contain chatter on consumers’ evaluation of products from their experience. 

Blogs are partially complementary to reviews as they reflect the diffusion of information across the web. 

Each of these sources is quite rich. We extract multiple metrics of chatter from each of them. Because 

these metrics might have some overlapping information, we use a dynamic factor analysis to derive four 

main dimensions of chatter: popularity, negativity, virality, and visibility.  

With the growth of online advertising, many people assume that the days of offline advertising 

are numbered. Contrary to this assumption television (TV) advertising still commands about 40% of the 

advertising budget for firms in the U.S. (Strategic Analytics Report 2015). Other studies also support the 

dominance of TV advertising in the ad budget (e.g., Joo et al 2014). A big under-researched issue in 

recent times is whether offline TV advertising can affect online chatter. Offline TV advertising could 

affect online chatter by stimulating conversations, triggering brand recall, helping to interpret 

experiences, and refuting negatives (see section on theory). No studies have systematically assessed the 

effectiveness and dynamics of TV advertising on various metrics of online chatter (see section on 

literature for details).  Such an assessment would have at least three managerial benefits. It would indicate 

whether and in what way offline TV advertising affects growing online chatter. It would allow firms to 

reach out to consumers at the point where they are most expressive and likely to influence each other. It 

would also provide a way to assess how TV advertising is working at a highly disaggregate temporal 

level, if not live. This is the focus of the current study.  

This study aims to address this issue using observational data in a quasi-experimental context. We use 

the introduction of a big-budget brand TV advertising campaign of a focal brand, Hewlett Packard (HP), 

to assess if the campaign stimulates chatter. We monitor the results of this campaign daily for about three 

weeks after the start of the campaign. We monitor the advertising and chatter of HP together with that of 

control brands that are close rivals of HP in the major markets in which it competes. We link the 

advertising to multiple metrics of chatter that are based on a large-scale analysis of the content of the text 

and hyperlink structure of online chatter. 
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This study tries to assess the effectiveness of advertising on online chatter by the method of Synthetic 

Control (Abadie and Gardeazabal 2003; Abadie, Diamond, Hainmueller 2010). The essence of this 

approach is to create a counterfactual (synthetic) brand from all the relevant rivals of HP in the pre-

advertising period and compare the gap between HP’s actual chatter and the chatter of the synthetic brand 

during the advertising period. Further, we analyze the dynamic effect of advertising on the gap in chatter 

using the Vector Auto-Regressive (VAR) model. In sum, this study seeks answers to the following 

questions: 

 Does offline TV advertising campaign affect online chatter? If so, how strongly? 

 Which metrics of online chatter, based on metrics of consumer reviews and blogs, are most 
influenced by TV advertising?  

 What are the dynamics of the effects of advertising (“wearin” (buildup), “wearout” (decay), and 
duration) on the various metrics of chatter?  

Offline TV advertising causes a short but significant positive effect on online chatter. This effect is 

stronger on information-spread dimensions (visibility and virality) than on content-based dimensions 

(popularity and negativity). Importantly, advertising has a small short-term effect in decreasing negativity 

in online chatter. The detailed discussion of the literature is in Online Appendix A. This paper makes the 

following contributions to the literature.  

1. Assesses the effectiveness of offline advertising on online chatter using a rich set of metrics of 
chatter that capture the content and propagation of chatter. 

2. Examines the dynamics of the relation between offline advertising and online chatter assessing 
the direct and indirect effects, in the short and the long term, revealing wear-in and wear-out. 

3. Compares Synthetic Control to Difference-in Difference in exploiting a quasi-experimental 
context of TV advertising for a focal brand. Extends Synthetic Control with the Vector Auto 
Regressive model to examine dynamics 

The rest of the paper is organized in five sections: theory, research design, method, results, and 

discussion. 
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Theory: How Offline Advertising Affects Online Chatter 

The traditional view of advertising has been that offline advertising is meant to drive offline sales 

while online advertising is meant to drive online sales, Further, broad brand advertising is assumed to 

drive broad brand perceptions rather than affect specific results. In contrast to these assumptions, we test 

whether offline advertising can affect online chatter. Such chatter could subsequently affect sales, 

revenues and stock prices (Stephen and Galak 2012; Borah and Tellis 2016; Pauwels and Van Ewijk 

2014; Tirunillai and Tellis 2012). Offline TV advertising could affect both the generation and propagation 

of online chatter for at least four reasons. First, advertising might stimulate conversations online (e.g., 

Srinivasan, Rutz, and Pauwels 2015). Second, advertising might trigger brand recall about user 

experience that is then reported in new online conversations as suggested in the impression formation 

literature (e.g., Higgins, Rholes, and Jones 1977). Third, advertising might enable consumers to interpret 

information or prior online conversations more favorably to the brand (Hoch and Ha 1986). Fourth, 

advertising messages could possibly lend greater credibility and persuasiveness (O’ Keefe 1999) and 

consequently refute certain negative conversations that are going on online. These paths are discussed in 

detail below.  

Stimulating Conversations 

Advertising stimulus can motivate the generation of content by starting a new discussion or 

invigorating the existing conversations. Advertising increases the awareness of a brand that could increase 

the interest and attention given to the brand by the customers (Tellis 2003; Srinivasan, Rutz, and Pauwels 

2015).  Studies suggest that consumers pay more attention to products and services in online media when 

exposed to advertising. This has been shown empirically in context of consumers searching for 

information on the web (e.g., Joo et al. 2014; Kireyev, Pauwels and Gupta 2015) where ads trigger or 

increase the volume of online search (in search engines).  Hu, Du and Damangir (2014) further 

decompose the effect of advertising on online search into its effect impact on pre-purchase information 

search and on the conversion to final sales.  We could extend the logic and attribute similar effects of 
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advertising on generation of chatter due to increased consumer attention to the products. Advertising 

could draw customers’ attention and prime them to seek for more information about the product or the 

brand. This increased attention towards a brand leads to an increase in online conversations around the 

topics related to the brand or its products. In fact, increase in awareness among the influentials (Trusov et 

al 2009) could not only increase the content generation, but also accelerate the viral propagation of the 

content on the web. The advertising stimulus could also motivate loyal and passionate customers of the 

brand to talk about the brand and its usage in online conversations. Studies in self enhancement motives 

have shown that consumers share information about the brand to make themselves feel good and to look 

good among others in their social network (Toubia and Stephen 2013). Ultimately, such conversations can 

subsequently affect the volume of brand mentions and the online visibility of the advertised brand.  

Triggering Recall 

Secondly, advertising might trigger brand recall about user experience that is then reported in new 

online conversations. Mention of a brand name triggers recall of past experiences (Tellis 2003). Seeing the 

brand name in ads could also prime subjects about the brand and make brand recall easier. Specifically, 

studies suggest that external stimuli activate associated concepts stored in human memory and make them 

more accessible (Higgins, Rholes, Jones 1977), which in turn increases the chatter around the brand. Users 

might also be motivated to leverage the greater visibility of brand content due to advertising. Hence, users 

might create or share content based on users’ readership of others’ postings in social media (Toubia and 

Stephen 2013).   

Interpreting Experience   

 Ads also aid in interpreting current or past experiences with brands especially when consumers 

face ambiguous evidence of product quality (Hoch and Ha 1986). Experimental studies have shown that 

ads could motivate consumers by reducing the perceived ambiguity of their experience and strengthening 

positive beliefs driven by objective evidence presented to them (Deighton and Schindler 1988).  Further, 

ads could change the attitudes and beliefs associated with a brand leading consumers to share their 
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opinions with others in order to cope with the feeling of dissonance (Festinger, Riechen and Schacter 

1956). Ultimately, this effect of advertising could translate into lower negatives towards the advertised 

brands. 

Refuting Negatives 

Ads can help to negate bad word-of-mouth in online conversations (Tellis 2003). This process may 

work in two ways. First, refutational ads may directly negate negative arguments or negative evidence about 

the brand, possibly convincing some marginal consumers, who then may no longer participate in negative 

online conversations. Second, some of the refutational ads may be particularly persuasive to loyal customers 

(O’ Keefe 1999), who then may refute those arguments and use that evidence in online conversations to 

refute negatives by other participants. Ultimately, this effect of advertising could translate into lower 

negative towards the advertised brands. 

In sum, offline advertising could affect online conversations through initiating a new thread, triggering 

positive recall about the brand, interpreting ambiguous experiences positively, or refuting ongoing negative 

conversations. 

Research Design 

This section describes the empirical setting, experimental design, metrics of chatter, and measures 

of advertising.   

Empirical Setting 

 This study focuses on the advertising campaign, “Let’s Do Amazing” by Hewlett Packard that ran 

from March 13th through the end of May 20101. This campaign had a budget of about $40 million dollars. 

Its main goal was to increase awareness about the company and its technologies. The creatives revolve 

around the main message conveying the depth and breadth of the brand’s capabilities and services2. The 

                                                      
1 We choose this period for the advertisement as the intensity and frequency of the advertisement is high during this 
period. After this period, there is very low intensity sparse advertising observed sporadically (many of them with a 
few ads spaced across many weeks).   
2 http://online.wsj.com/news/articles/SB10001424052748704655004575114010908592910  

Marketing Science Institute Working Paper Series 8



 

 
 

campaign portrayed celebrities such as Dr. Dre (music), Anne Leibowitz (photography) and firms such as 

UPS (logistics) and DreamWorks (movies) using the company’s technology in their daily operations3. It 

did not promote specific product or service. Figure B1 (in Online Appendix B) outlines the daily duration 

of the ad insertions and the daily dollar amount spent during the campaign.  Figure B2 specifies the day-

part ad placements.  

Quasi-Experimental Design 

Figure 1 presents the quasi-experimental design. It shows the availability of data before and after 

the start of the TV ad campaign, which we treat as the intervention. We use the date of first observed 

instance of the TV ads of the campaign, March 13 2010, as the start of TV advertising.  We use the first 

20 days, after this date, as the intervention (or advertising) period.   The section titled “Identification of 

Assumptions” discusses the assumptions of the quasi-experimental design and provides extensive 

evidence to support these assumptions. We use Difference-in-Difference, Synthetic Control, and Vector-

Auto-Regression (VAR) to assess how HP TV advertising affects the chatter of HP over and above the 

chatter of rival brands.  

Metrics of Chatter  

Chatter can be characterized by a variety of metrics (see Peters et al 2013 for a detailed 

discussion on various social media metrics). We restrict our analysis to metrics that are relatively easy to 

compute and provide practicing managers with immediate insight. We derive our metrics from a set of 

raw online measures obtained from product reviews and blogs on the brands or their product. These raw 

metrics are typically accessible to managers. We then extract dimensions that represent the commonality 

across these metrics using dynamic factor analysis. The details of these metrics are below.  We classify 

our metrics as either content-based that focus on the content or characteristics of chatter, or viral-based 

that focus on the propagation (information-spread) of the brand chatter. 

                                                      
3 Some of the videos associated with the campaign can be found at 
https://www.youtube.com/watch?v=1kwz7tTjsOU&index=3&list=PLXjvElQ9mIe0x-1okKDssJIsmvJV4SYup  
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Raw Metrics from Reviews 
 Research in marketing has used various content-based metrics such as volume and valence from 

product reviews (e.g. Chevalier and Mayzlin 2006; Gopinath et al 2014,) and blogs (e.g. Gopinath, 

Chintagunta and Venkataraman 2013, Onishi and Manchanda 2012). In addition to these, we use polarity, 

a measure of sentiment divergence. We collect the reviews from consumer reviews and ratings on 

amazon.com, epinions.com and cnet.com, as we are interested in assessing the impact of TV advertising 

on product evaluations in review. Alternate social media such as Twitter, YouTube or Facebook had 

restrictions in terms of availability and drawbacks in measurement of consumer evaluations (due to lack 

of data) of the brand during the time period under consideration.  

Volume: Volume refers to the total number of new reviews of a brand generated in a given time 

period. This measure reflects the intensity of coverage about brands in chatter. The volume of reviews is 

based on the number of the reviews of the products of the brand.  

Valence: Valence refers to whether the overall review is positive or negative reflecting prevailing 

sentiment. We derive the valence of a review by analyzing the textual contents in the reviews. First, we 

classify the review as positive (or negative) using popular unsupervised machine learning techniques for 

textual classification of the sentiments - Support Vector Machine, Naïve Bayesian Classification 

following the prior literature (e.g., Tirunillai and Tellis 2012). Based on the agreement of the results of 

these classification algorithms, we choose the overall tone or valence of the textual content of a given 

review as positive or negative. We refer to the count of the volume of the positively or negatively 

classified reviews for a brand in a given time period as either positive or negative valence.    

Polarity: Polarity (Entropy) of reviews measures the dispersion of the ratings across a brand in a 

given day reflecting the diversity of opinion. If the probability of a rating (measured on a five-star scale) 

is given by P, measured as the relative frequency at which a given rating level (l) occurs among the 

reviews, then the entropy for the brand k in a given day could be calculated using the Shannon Entropy 

index (Shannon 1948): 

∑ log      (1) 
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Raw Metrics from Blogs 
Blogs (or Weblogs) are a popular avenue to share opinions and ideas, pursue open conversations, 

and discuss topics on similar interests to a wide audience. Blogs were once popular as online journals. 

Later they evolved to become a popular form of social media for individuals and companies to express 

opinions, provide commentaries, and document ideas (Aggarwal et al 2012). Research in marketing 

highlights the importance of blogs as a word of mouth medium (e.g., Mayzlin and Yoganarasimhan 

2012). Studies in marketing show that metric of blogs (e.g., volume) have an impact on sales (e.g., Onishi 

and Manchanda 2012). Apart from the volume base metric, we also exploit the hyperlink structure in the 

blogs to derive various metrics for diffusion of information about the brand across the web. Citation 

structures across the web pages using hyperlinks are one of the core metrics in search algorithms (e.g. 

Klienberg 1999). Given the richness of the citations in blogs, they have been used to understand the 

diffusion of information over the web (e.g., Leskovec, Backstrom, and Klienberg 2009).  Empirical 

research in marketing using the link structure as a network metric of chatter is still nascent. Few studies in 

marketing (e.g., Katona, Zubcsek and Sarvary 2011, Trusov et al 2009; Roos, Mela and Shachar 2013) 

delve into these metrics, though exploiting the network structure of the citations across the Internet has 

been proven to be a very important metric in information science (e.g., Leskovec, Backstrom, and 

Klienberg 2009). We extract four metrics of blogs, volume, in-degree of brand website, in-degree of 

blogs, and volume of blogs that gain rank 

Volume of Blogs: We use volume of blogs similar to the volume of reviews similar to prior 

literature (e.g., Onishi and Manchanda 2012; Gopinath, Chintagunta and Venkataraman 2013). We 

measure volume of the blog posts based either on the tags associated with them, tags with any words 

related to the products of the brand, or on presence of the mention of the brand (or products) in the title.  

In-degree (links) of the Brand Website:  We use the hyperlinks structure in the blogs to derive 

metrics for information propagation across the web (blogs). Studies have researched the importance of 

message transmission across the Internet and its impact on purchase (e.g., Baker, Donthu and Kumar 

2016).  Using the graphical network structure of hyperlink among the blogs, we measure the number of 
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hyperlinks pointing to a Uniform Resource Locators (URLs) containing the home domain of the brand 

(referred as in-degree centrality) in the given time period. This measure could be viewed as the citations 

received from across the web for the brand. More cited posts tend to have greater influence than less cited 

ones.  Because the hyperlinks are sticky, we observe the cumulative number of hyperlinks in any given 

time period. To account for only the new citations in any given time period, we calculate the change in 

the in-degree centrality of the brand’s primary domain in the blog network in a given time period.  

Because our focus is on measuring the transmission of information regarding a specific brand, we focus 

only on in-degree of the home domain site of the brand of interest within our blog data. Details on the 

measurement is in Online Appendix C. 

In-degree (links) of blog posts: As each of the blog posts about the brand accumulates more 

readership, it may not only transmit the information about the brand to its readers but the given post will 

also be linked back (cited) by other blogs, websites, or social media depending on the value of the content 

in the post. Thus, increase in the readership of the blog posts helps in spreading the brand’s presence and 

influence across the web. Spinn3r records the in-degree4 of the URLs of the blogs it tracks, which enables 

us to calculate the in-degree of blog posts of the brand. Since the in-degrees of links are cumulative, we 

calculate the number of new links gained in the given time period as the change in the in-degree in the top 

tier blogs posts about the brand during the consecutive time periods.  

Volume of blogs that gain/lose rank:  The in-degree measure of the focal brand’s domain 

ignores characteristics of the web pages and the citations that could drive the propagation of information 

across the Internet. For example, it ignores the popularity or authority of the citing web page (e.g., New 

York Times vs. Denver post). To control for these variables, we rely on the ranking of the blog relative to 

all other pages in a given time period. The blog rank captures this information that is missing in the 

centrality measures. Each blog post tracked by Spinn3r has a rank associated with it relative to the other 

blogs in the blog index. This rank could be likened to the rank of a web page in a search engine’s index. 

                                                      
4 http://spinn3r.com 

Marketing Science Institute Working Paper Series 12



 

 
 

Thus, the ranking of a given blog URL measures the influence of the specific URL relative to the other 

blogs in the time period. The ranking of the URLs by Spinn3r is measured through their custom 

algorithm.5 The algorithm takes into account various characteristics of the blog while assessing the 

influence and assigning it a rank. Because Spinn3r indexes most of the blogs across the blogosphere, the 

ranking of the URLs within the system of Spinn3r can be considered universal and reliable. We calculate 

the count of posts about the brand that underwent a change in the ranking in the top-tier blog posts from 

the previous time period.  

Dynamic Factor Analysis 
These raw metrics could have overlapping information. To eliminate collinearity and capture 

common dimensions underlying these raw metrics, we use dynamic factor analysis (e.g. Du and 

Kamakura 2012; Stock and Watson 2011). We assume that a few factors ( ) underlie the observed raw 

observations of the different measures ( 	of reviews (volume of reviews, valence, polarity) and blogs 

(volume of blogs, in-degree of the website, in-degree of the blog posts, volume of blogs that gain rank). 

We assume that these measures follow the following model:  

ξ        (2) 

Ψ  

ξ represents the vector of factor loadings, the  is the idiosyncratic error which are assumed to be 

uncorrelated, and  is the white noise with 0.  Table 1 summarizes the mean factor loadings 

of the metrics across the brands. The results of the dynamic factor analysis suggest four dimensions 

underlie these metrics. We label these dimensions, popularity, negativity, virality, and visibility, based on 

their loadings on the raw metrics. The first dimension, popularity, loads mainly on the volume of reviews 

and blogs.  It measures the popularity and importance of the brand. This factor may relate to the role of 

                                                      
5 The ranking is based on the “authority” of the node (URL). Crudely, this can be viewed as analogous to the Page 
Rank or HITS algorithm. In fact, Spinn3r (http://spinn3r.com) used the Blog Index for creating the once popular 
blog ranking and trending site “tailrank.com” . We restrict our Internet universe to the blogs (also referred to as 
blogosphere). Also, we focus only on the spread of messages surrounding the brand and its products.   
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seeding conversations that we discussed in the theory. The second dimension, negativity, loads positively 

on negative valence and polarity and negatively on positive valence. The roles of interpreting experiences 

and especially refuting negatives, mentioned in our theory, relate to reducing prevalence of this factor. 

The third dimension, virality, loads on in-degree of the brand websites and the volume of blogs that 

gained rank, and in-degree of the blogs. It reflects the relative rate of spread of information about a brand 

across the Internet. The more such blog posts transmit the message of the brand, the more the visibility 

(reach) of the brand among consumers. Advertising could stimulate the increased sharing of the content 

across the web. It could also increase the recall of brands thus enabling the spreading of the 

conversations, consequently increasing virality. The fourth dimension, visibility, loads on the volume of 

blogs and the in-degree links of the brand website. This dimension captures the degree of visibility of the 

brands across the Internet and thus the successful transmission of information through the blog posts. As 

advertising increases the customer attention to some brands, it could result in customers linking the 

brand’s website or the web pages (e.g. products pages) on the website in their own blog or web pages. 

This could increase the visibility of the brand’s focal website. We refer to the first two dimensions as 

content-based dimensions, as they load on the underlying measures that are related either to the volume or 

the content of the measures of chatter. Similarly, we refer to the last two dimensions as viral-based due to 

their focus on the brand-related information spreading across the web. We use the estimated value on 

each of these four dimensions across all the brands as the dependent variables that could be affected by 

advertising. In the subsequent discussion, we refer to these factors as dimensions of chatter.  

Measures of Advertising 

We measure the advertising intensity as the number of insertions of the ads placed in television 

on any given day (also referred to as “placements’ or ‘TV spots’).  We focus on television ads as the 

campaign targeted mainly in form of 30-second ad spots with interviews of various celebrities in their 

work environment using HP products. To check the robustness of the results, we also use alternate 

measures of intensity such as the daily advertising expenditure (in dollars) and the total duration of ads 
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broadcast during a given time period (in seconds per day)6. We also account for the influence of the time-

of-the day by including the day-part measures of advertising in our analysis.  

Apart from the TV advertising, we also collect information on the online advertising and the 

ongoing product advertisements during the time period under analysis to explicitly account for possible 

confounds. We get the details of the advertising measures from Kantar Media (Stradegy). 

Method  
 

This section presents the method of Synthetic Control in terms of motivation, intuition, 

specification, identification, sampling of firms, statistical inference, choice of methods, and assumptions 

and limitations. 

Motivation  

  The ideal approach to assess the effectiveness of offline advertising on online chatter is through 

field experiments or Randomized Control Trials (RCTs) (e.g., Goldfarb and Tucker 2014; Lewis and Rao 

2015). However, these are challenging in most field situations for several reasons. First, conducting RCTs 

are immensely resource intensive and expensive. Second, designing and implementing an experiment 

with a real company’s advertising, on a large scale, such as across the whole USA, is challenging. Third, 

execution of RCTs over an extended period of time, such as several months or a year, may be impractical 

in certain situations. Fourth, even if implemented, numerous changes among rival brands, consumers, and 

the focal brand during the test period might undermine the assumption of endogeneity of the treatment 

(advertising). Thus, as Goldfarb and Tucker (2014) state, in most cases we have access to only 

observational data. Our aim is to estimate the effect of offline advertising on metrics of online chatter 

using observational data and overcome some of the endogeneity concerns (Luan and Sudhir 2010; Tellis 

2003).  We exploit a quasi-experimental situation, when a focal brand, HP, runs a big advertising 

campaign for a limited time, using Synthetic Control.  

                                                      
6 The Robustness analysis indicates that these alternate metrics do not change the direction of the results. 
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Intuition  

The logic for Synthetic Control is to compare the outcomes (chatter) of the focal brand (HP) 

undergoing the intervention (TV advertising) with the chatter of a counterfactual or synthetic brand that is 

similar to the focal brand but does not undergo the intervention (Abadie, Diamond, and Hainmueller 

2014). This is similar to some of the other matching based program evaluations method (Imbens and 

Woolridge 2009). We create the counterfactual brand (“synthetic control”) from a convex combination of 

rival brands in the same industry that closely resemble HP during the pre-advertising period. To do so, we 

estimate weights for each rival brand such that the synthetic brand best approximates the actual brand HP 

on key characteristics (including chatter) during the pre-intervention period. We then compare the chatter 

of the focal brand to the weighted chatter of the synthetic control during the intervention (advertising) 

period. We estimate the effectiveness of the advertising campaign as the Gap between predicted chatter of 

the synthetic control and the actual chatter of HP during the advertising period. If the Gap is significantly 

different from 0 during the intervention period, it implies that advertising affects the chatter of the focal 

brand more than it affects the chatter of rival brands. 

Specification  

For simplicity, we follow the notations of Abadie, Diamond and Hainmueller (2010). Let there be 

J+1 brand under observation during the sample periods, t ∈ 1,… , . Let j=1 represent the focal brand 

that is treated (undertakes the advertising campaign) and the remaining brand ∈ 2,… , 1 , the 

potential control units (also referred to as the “donor pool” in the matching methods literature). Let the 

focal brand be exposed to the intervention (here, the start of the advertising campaign) from period	 . 

Thus, 1 	  constitute the pre-intervention period and 	  the intervention period (refer 

Figure 1 for the design). Let  represent the outcome variable (here a dimension of chatter) for brand i at 

time t. Let  represent the outcomes of the brands in the absence of the intervention and , represent 

the outcomes of the focal brand, that had the intervention. The net effect of intervention at any given time 
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period is the Gap, , as the difference between the treated brand and the counterfactual or synthetic 

brand, which is  

		∀	 ∈ 1, 	      (3) 

During the pre-intervention period, there is no treatment, . Hence there should be no gap 

and 0. During the intervention period, we can explicitly estimate the gap, , of the treated brand, 

had it not undergone the intervention. Thus, the gap in the treatment period can be represented as: 

 ∀	 ∈ ,      (4) 

While we observe the outcome of the focal brand  , the outcome of the synthetic brand  is 

not observed and has to be estimated.  can be written using as a factor model given by: 

	 	      (5) 

Where  represents the unknown common factor with constant factor loadings across all the 

units,   represents the (r x1) vector of observed covariates not influenced by the intervention,  

represents the (1x r) vector of unknown parameters of , 	 vector (F x 1) captures the factor loadings of  

, the (1 x F) vector of unobserved common factors and  is the error that is assumed to be distributed 

with a zero mean.  The unobserved factors are captured through the inclusion of the outcomes in the pre-

intervention period. The covariates ( ) could be time-invariant (during the sample period) or time-

varying (with varying frequencies). This specification enables us account for any time-varying 

unobservable heterogeneity among the brands during the period. In fact, Equation 3 reduces to fixed 

effects difference-in-difference if we impose the restriction that  is constant for all time periods. We use 

brand (or firm) characteristics that are both time-variant measures (vary at a high frequency here, daily) 

and time-invariant measures that are measured at a relatively lower frequency (quarterly or annual). These 

variables also include regular brand advertising that takes place outside of the focal ad campaign. We use 

multiple measures to best match the Synthetic Control with the focal brand. Details of variables are in the 

Sampling section.  
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Abadie, Diamond and Hainmuller (2010) show that the treated brand’s outcome during 

intervention can be calculated using a convex combination of the untreated units, the synthetic control, 

under the conditions discussed below. Let , , … . 	……  be the weight vector ( 0 and 

Σ 1) that defines the weights of the unit  j. Using these weights, the synthetic control estimator can 

be written as: 

∑ ∗1
2       (6) 

Though there could be numerous possible combinations of the weights, we are interested in 

finding the optimal weights of the untreated units that best approximate the treated unit. We choose the 

optimal weights ( ∗  for the brands such that it minimize the difference between the pre-intervention 

characteristics of the treated unit and the synthetic control,   during the pre-intervention period, 

where  represents the vector of pre-intervention characteristics and may include the outcomes, i.e. 

, , … ,  and  be the corresponding matrix of values of the variables of the J donor pool units 

for the same characteristics.. If   is the vector of the pre-intervention characteristics of the treated unit 

on a given variable m and  the vector of values of the J donor pool units for the corresponding 

characteristic, we obtain ∗by minimizing  

∑       (7) 

where  is a weight that represents the relative importance of the mth variable. The choice of V 

is data-driven by choosing the weights 	to closely approximate the trajectory of the treated unit in the 

pre-intervention period and the selection of the weights could be done using cross-validation. .   

 

Sampling  

To select the donor pool of brands for the construction of the synthetic control, we filter firms by 

applying the criteria outlined in the Online Appendix D. We have the following firms constituting the 

donor pool of rivals for the synthetic control – Apple Inc., Dell Inc., Canon Inc., EMC Corp, Seagate 

Technology, Western Digital Corp, Sandisk Corp, Lexmark Intl Inc., Netapp Inc., and Logitech 
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International. For the time sampling, we choose 70 days of data during the pre-intervention period to 

construct the synthetic brand that is the closest representation of the focal brand (HP). For the intervention 

period, we choose the first twenty days of advertising for presenting the results. We do so in order to have 

a clean intervention period without any other big advertising campaigns. We also conduct the study with 

the entire time period till the end of May 2010, during which period there were sporadic advertising for 

the newly launched iPad. 

We choose the following variables as our predictor variables for constructing the synthetic 

control. 1) Firm Size - ln(Total Assets) (Annual); 2) Firm Size – ln(Market Capitalization) (Daily); 3) 

Debt/ Equity Ratio (Daily); 4) Compounded Annual Growth Rate in Earnings (Quarterly); 5) Media 

coverage (Daily); 6) Marketing (Compustat XSGA) (Quarterly); 7) Advertising spending (Compustat 

XAD) (Annual); 8) Spending on Online advertising (Monthly) 9) Total Revenue (Quarterly); 10) Total 

Number of Employees (Annual). 

Identification of Assumptions of Synthetic Control 

The validity and strength of Synthetic Control depends on the extent to which following assumptions are 
met. 

1. One assumption is that the donor brands are a good match for the Synthetic Control. This 

assumption can be ascertained by comparing the gap in chatter between the Synthetic Control and HP in 

the pre-treatment period. Ideally this gap should be 0. Figure H1 (discussed in details in robustness check, 

Online Appendix H) shows that this gap is close to 0 for the pre-treatment period.  

2. A second assumption is that only the focal brand undergoes the treatment during the intervention 

period and that the donor brands contributing to the synthetic brand do not undergo similar confounding 

events. To verify these assumptions, we collected TV advertising data across all the brands in the analysis 

from Kantar Media. Figure 2 shows that the donor brands have no major TV advertising during the 

treatment period, either due to their own plans or in reaction to HP. In this figure, March 13, 2010 is the 

intervention indicated by the start of the HP TV ad campaign. As can be inferred from the figure, the 

spending of HP after the start of the brand campaign is significantly larger than that of the other brands. 
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The spending by Apple on March 7th in the pre-treatment period is for commercials for the forthcoming 

launch of iPad. It represents an aberration that is taken into account when computing the Synthetic 

Control. Figure 3 shows that the average advertising spending for TV by the control brands versus the 

focal brands before and during the intervention period.  This graph depicts all product and brand 

advertising on TV across the top spending brands. We include only the top brands as the other brands do 

not have major TV advertising during the time period compared to these. As can be inferred from the 

figure, this change in advertising is highest for the focal brand.   

3. A third assumption is that no major changes in advertising on other channels (radio, print, and 

online -display and search) occur for HP and other brands during the treatment period. We collected 

advertising data across the various media channels (TV, print, radio, Internet - display and search) from 

Kantar Media. We use weekly level data for comparison as that was highest frequency that we could 

obtain to compare across the different media.  Figure 4 shows the advertising of HP during the treatment 

period. We can see that the major change in advertising during the treatment period is in HPs TV 

advertising. A smaller increase occurs for online advertising. We control for this difference by including 

this variable as a covariate in the VAR analysis. The advertising spending for TV versus other media of 

HP is in Figure 5.  It also shows the average spending of other brands on non-TV advertising. The change 

in advertising is highest for the HP’s TV. The top spending control brands do not substantially increase 

advertising in non-TV channels during the intervention period. 

4. A fourth assumption is that HP undergoes no other changes in the other marketing variables 

during the intervention period, such as changes in price, channels, products, and promotions. We searched 

for the following terms on Lexis Nexis and Factiva for announcements in US newspaper regarding major 

changes in HP marketing between Jan 2010 and April 3, 2010 in US. We use the base term for the 

company (e.g. “HP” or “Hewlett Packard”) with marketing related terms such as “product release” , 

“retailing” , “distribution”, “promotion,” “new product”, “innovation”, “marketing”, “strategy”, 

“channel”. Such searches of announcements and press reports are also used by other recent articles in 

Marketing Science (e.g., Saboo et al 2016; Borah and Tellis 2014).The detailed table of the most 
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important news items retrieved through an extensive search of Factiva and Lexis Nexis news databases 

during the advertising period is in Online Appendix E. With one exception, these searches did not reveal 

any major changes during the intervention period in channels, products, pricing, or promotion. During the 

intervention period, the only major change in marketing reported was the uploading of the TV campaign 

on HP’s YouTube channel. YouTube has recently become a platform where advertisers upload TV ads for 

additional exposure or in the hope of the ad going viral. Nevertheless, we compare the estimated views of 

offline TV versus online YouTube. We got the YouTube data for the time period from Visible Measures7. 

We got the TV viewership from syndicated reports (e.g., TV guide websites8 and Kantar Media). Details 

of the estimation are in Online Appendix F. The results of the viewership are in Figure 6. As can be seen 

from the figure, during the intervention period, views from offline TV advertising dominate views from 

online YouTube video advertising. There was a webpage9 on HP’s website that linked to the videos of the 

campaign. As shown previously the views YouTube videos are much lower than the predicted views of 

offline TV.    

 “No quasi-experiment … will be perfect” (Goldfarb and Tucker 2014). For example, Abadie and 

et al (2010, p 501) also acknowledge four weaknesses in their design. 10 Thus, discussion of the above 

assumptions indicate that this quasi-experiment is reasonable although not perfect. 

Analysis of the Dynamics 

Though the above method of Synthetic Control helps us in assessing the impact of advertising on 

chatter metrics, yet it does not quantify the dynamic effect of advertising campaign after it is launched. 

Theory and the literature suggests that that advertising has a dynamic effect on response, exhibiting wear-

                                                      
7 http://www.visiblemeasures.com 
8 http://tvbythenumbers.zap2it.com/2010/ 
9 This can be assessed through the Internet Archive Project at 
https://web.archive.org/web/20100314151549/http://www.hp.com/united-states/do-amazing/index.html?#/Intro 

10 1) Increase in anti-tobacco sentiment created in California could have spread to other states. 2) Tobacco 
companies could have diverted planned advertising in other states to California. 3) Rise in tobacco taxes in 
California increased cross-border smuggling. 4) Rise in tobacco taxes in California increased cross-border 
purchases. 
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in (time for the effect of advertising to peak up) and wear-out (time for the effect of advertising to decay). 

In order to assess the dynamics of the effect of advertising on the different chatter metrics, we adopt the 

Vector Autoregressive (VAR) framework. The VAR model helps in capturing the dynamics in terms of 

short run and long run response and the wear-in and wear-out of advertising on response. We use a 

bivariate VAR with the advertising and the gap estimated for the chatter dimension using the Synthetic 

Control as the endogenous variables. We use the media citations and online advertising as the exogenous 

variable in the model. The estimation of the gap controlled for many of the other factors that could 

influence the dimension of the chatter, thus providing us the advantage of keeping the VAR model 

parsimonious. We estimate the model for each of the dimensions. The details of the implementation of the 

VAR model is in Online Appendix G.  

Results 
This section covers the results of difference in difference, estimation of synthetic control and 

analysis of dynamics. The robustness checks and associated analysis is in Online Appendix H. 

Assessing Effect of Advertising using Difference in Difference  

Difference in Difference (DiD) is commonly adopted panel model to examine the effects of 

interventions in marketing (e.g., Liaukonyte et al 2015; Chevalier and Mayzlin 2006; Goldfarb and 

Tucker 2011; Chiou and Tucker 2012). It is commonly used panel data technique to assess the impact of 

economic programs or interventions (Imbens and Woolridge 2009). We specify the following fixed-effect 

least square regression to assess the impact on each of the outcomes of the chatter metric.  

      (8) 

 Here  is a dummy for the advertising which takes a value of 1 after the start of advertising for 

the focal firm and zero otherwise,  is the common time effect,  is the brand fixed effect, and  is the 

unobservable random error term. Here the parameter of interest is  that captures the impact of 

advertising. The standard errors are robust standard errors clustered by brands.  
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Table 2 depicts the coefficient of the effect as reflected in the advertising dummy and the 

associated robust standard error in parentheses along with the adjusted R-square.  As can be inferred from 

the table, the campaign has a significant positive impact on the popularity, virality and the visibility 

dimensions of chatter with varying intensity. The advertising campaign has a negative effect on 

Negativity. Difference in Difference assumes that the difference between the advertising and the control 

brands stay constant over the course of advertising.   

Estimating Synthetic Control 

We construct the Synthetic Control for HP estimating weights for control brands following the 

method outlined above for the period from 1st January 2010 through March 12th 2010. The daily level data 

constitute 70 calendar days during the pre-intervention period. The estimation of weights follows the 

optimization procedure outlined above. We illustrate the results with the dimension of popularity in detail 

and then summarize the results for the other three dimensions of chatter. 

The weights estimated for the synthetic control resulted in Dell, Apple and EMC having the 

highest non-zero weights (0.32, 0.53 and 0.15 respectively) among all the donor brands. The other brands 

in the donor pool receive relatively very low (near zero) weights and hence were ignored. The estimated 

weights seem reasonable based on our prior knowledge of similarity of rival brands to HP. These brands 

also have similarities in terms of size, customer segments, marketing investments, and product categories. 

Dell is a primary rival of HP and has lots of products competing in similar consumer and business 

segments. Apple is another rival in the consumer market especially that of personal computing devices. 

EMC and HP compete in similar business-to-business markets during the time period under investigation. 

The summary of the predictor variables used in construction of the synthetic control brand is in 

Table 3.  It also shows the comparison of HP and the synthetic control on the different predictor variables. 

The synthetic control is similar to HP in most of the underlying characteristics over the pre-intervention 

period.  
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Effect of Advertising on Competition Brands 

A fundamental concern in treatment-control approaches is whether the advertising of HP affects the 

chatter of the rival brands. We can ascertain this effect, if any, in two ways. 

a) We test the cross elasticity of HP advertising on the dimensions of chatter of HP and rival brands 

during the intervention period. Table 4 presents these elasticities. The elasticities of HP 

advertising on dimensions of HP chatter are significantly different from 0. On the other hand, the 

elasticities of HP advertising on dimensions of rival brands’ chatter are not different from 0. This 

is a sufficient condition for the use of Synthetic Control. 

b) We test if HP advertising has any effect on dimensions of HP chapter beyond that on the chatter 

of rival brands. To do so, we examine the gap or difference between HP Actual Chatter and that 

of the Synthetic Control Chatter during the intervention period. The fundamental approach of 

Synthetic Control is to control for the chatter of rival brands during the intervention period. 

Indeed, the Synthetic Control is the weighted average of the chatter of rival brands during the 

intervention period (where the weights are estimated in the pre-intervention period). Figure H1 

(in Online Appendix H) shows that this gap is significantly different from 0 for each dimension of 

chatter. Thus, HP advertising triggers HP chatter above that for rival brands. This is the necessary 

condition for successful use of Synthetic control. 

Effect of Advertising on the Dimensions of Chatter  

We consider the impact of advertising separately for the content-based dimensions (popularity 

and negativity) and the information-based dimensions (virality and visibility) of chatter. 

Impact of Advertising on the Content-Based Dimensions  

Figure 7 depicts the trajectory of evolution of the popularity of HP (red) against the popularity of 

the Synthetic Control (blue) during the sample time horizon, which includes the pre-advertising and 

advertising period. The figure also depicts the intensity of the campaign in the lower panel. The 

popularity of HP and the Synthetic Control brand trace a similar path during the pre-advertising time 
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period. This suggests that the optimization algorithm was able to converge on weights for the Synthetic 

Control brand such that the resulting Synthetic brand closely resembles HP during the pre-advertising 

period. However, during the advertising period, a marked divergence emerges in the trajectory of 

popularity between the Synthetic Control and HP. This result suggests that HP’s advertising stimulated 

chatter about HP during the advertising period reflecting its increasing popularity.  The gap in popularity 

goes up by about 13% on an average for the days immediately following the launch of the advertising. 

The gap reaches a peak of about 19% and then tapers down a couple of days after the start of the 

campaign. Overall, volume of chatter of HP relative to that of the Synthetic Control increases about 15% 

during this time period. Thus, based on the existence of a marked gap between the trajectory of HP and 

the Synthetic Control, we can infer that the advertising has a definite impact on popularity. Since the 

popularity is based on creation of new content, we can infer that advertising stimulated conversations 

around the brand which is in line with the theory. Though the gap is prominent during the start of the 

advertising period, yet it tapers out as the advertising campaign intensity diminishes suggesting that the 

effect of advertising on the popularity of chatter is only transitory and not permanent.  

Table 5 shows the estimated effect during the advertising period, the pre-advertising MSPE 

(Mean Square Prediction Error), and the advertising period to pre-advertising period MPSE ratio. The 

effect size of popularity shows a mean lift size of about 5.36 posts during the advertising period.  We 

infer the significance of the effect using the MSPE ratio and the associated exact p-value. The details of 

these calculations are in Online Appendix H. Following the conventional standard (Abadie et al 2010) we 

compare the gap of the focal brand, HP, with that of the placebo brands using the post advertising to pre-

advertising ratio of MSPE. The ratio of the advertising MSPE to pre-advertising MSPE is highest for HP 

when compared to all the placebo brands suggesting that the effect of advertising is strong and significant 

for HP.  

We repeat the analysis for negativity, on an average across the brands, the factor that loads 

positively on negative valence and polarity and negatively on positive valence (Table 1). Advertising 

seems to negatively impact the negativity dimension. This result suggests that advertising increases 
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positive chatter and decreases negative chatter. As discussed in the theory section, this could be attributed 

to the change in the customer expectations due to advertising, resulting in them interpreting their 

experience with the product favorably for the advertised brand, thus generating positive conversations and 

refuting negative conversation. Figure 7, panel 3, depicts the impact of advertising on the negativity of 

reviews over time. The impact of advertising immediately after the start of advertising is not discernible. 

However, after a few days, the effect increases and then wanes as seen by the slow increase in gap of the 

negativity dimension over the period. We compare the size of the effects between the metrics in terms of 

elasticity using an advertising response (VAR) model that is discussed below.  

Impact of Advertising on the Information-Spread Dimensions  

We repeat the analysis for the information-spread dimensions – virality and visibility - for all the 

brands in the sample during the sample time period. These two dimensions are primarily driven by the 

hyperlink structure in the blogs as can be seen in Table 1. Virality is driven by the in-degree citations to 

the blog posts and the volume of the blog posts that gain rank in the time period. Visibility is driven by 

the in-degree citations to the brand’s web pages and the overall volume of the blog posts that gain rank in 

the given time period. Advertising has a strong and significant impact on both these dimensions (Table 5). 

The plots for these dimensions in Figure 4 depict the temporal evolution of the impact of advertising on 

the virality (Panel 2) and visibility (Panel 4). There is a noticeable impact of advertising for the various 

information-spread (diffusion) dimensions of chatter over the time period. The magnitude of the gap, 

between the focal brand and the Synthetic Control on both these dimensions, increases during the time 

period of advertising. There is a strong immediate impact on visibility and the effect is sustained for a few 

time periods. Whereas the gap between the synthetic brand and the focal brand increases immediately for 

visibility, virality shows a slow increase in the magnitude of the gap as the campaign progresses. These 

results are in line with the inference on the estimates of these dimensions (Table 5). 

These results suggest that advertising has a strong immediate influence on users, motivating them 

to discuss the advertised product in online media as well as direct readers to the brand’s websites.  Strong 

impact on virality suggests acceleration of the propagation of the brand related information due to 
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advertising. This is in line with prior research (e.g. Berger ad Schwartz 2011) that suggest that providing 

cues (about the product or brand) externally helps in aiding the word-of-mouth. The influence on the 

sharing of the content is relatively slow, reflecting a weak positive feedback effect of advertising on the 

citation behavior among websites. The impact of advertising on visibility (Figure 7, panel 4) is significant 

and the magnitude of the impact is sustained for a longer period than for virality. It also shows some 

periods of contraction and expansion in the gap over time for visibility. The gap in chatter correlates with 

the intensity and timing of advertising – it seems to increases with the increase in intensity of advertising 

and also with advertising during the prominent day parts (e.g., prime time). This increase in the in-degree 

citations to the brand in visibility reflects the increase in attention to the brand’s web page and the 

associated products. This supports our proposition that advertising could trigger recall thus motivating 

users to share or cite content across the web. This increase in visibility could increase the traffic to the 

brand related sites and subsequent conversion or sales. The temporal evolution of the effect is explored in 

further detail in the following section on dynamics section below.  

Analysis of Post-Intervention Dynamics 

We assess the short-term and long-term dynamics between the metrics of chatter and advertising 

using the Impulse Response Functions using a Vector AutoRegressive (VAR) model (e.g., Hewett et al 

2016; Kireyev, Pauwels and Gupta 2015; Srinivasan, Rutz and Pauwels 2015). The stability of the 

dimensions, their appropriateness for the specification of the model and the model details are in Appendix 

G. The summary of results is in Table 6. The elasticity and the duration of the wear-in and wear-out 

varies for different dimensions of chatter. Assessing the impact in terms of elasticity enables comparison 

of the impact of advertising across dimensions. As shown in the table, advertising has the strongest short 

term impact on the popularity of the blogs while the strongest cumulative impact (short plus long-term) 

on virality and visibility. In general, the cumulative effect of advertising is higher for all the information 

spread dimensions than for the content dimensions. This effect could be because advertising takes longer 

to spread through the system or that the digital trail of the information spread (through the hyperlinks in 
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the articles) is not easily erased and consequently lingers in the collective memory of the social media 

ecosystem for a relatively long period. In contrast to the other dimensions, the negativity of the focal 

brand decreases as reflected in the negative elasticity both in the short and long term.  

The time taken for wear-in and wear-out of advertising suggests that the median value of the 

wear-in across all the dimensions of chatter is 3.5 days and the corresponding value for wear-out is 6.25 

days. In terms of the time taken for the wear-in, the shortest duration of impact is for the negativity metric 

and the longest duration is for virality metric. The duration of wear-out for virality and visibility 

(information-spread dimensions) is longer than that for popularity and negativity (content metrics).  

Discussion 
This section summarizes the main findings, discusses generalizability, and lists some implications and 

limitations. 

Summary  

The main findings of the study are the following:  

1. Offline television TV advertising has a positive effect on many metrics of chatter as can be 

ascertained by Synthetic Control.  

2. In terms of the cumulative effect, advertising seems to affect the information-spread dimensions 

(virality and visibility) much more than content based dimensions (popularity and negativity).  

3. Among the information-spread based dimensions, advertising affects visibility the most, followed by 

virality.  

4. In terms of the elasticity of the effects, advertising has a strong effect on popularity in the short term 

while it has the most impact on virality in the long term. Advertising also has a small temporary effect 

in decreasing negativity.  

5. Among the information-spread dimensions, the wear-in is quickest for popularity and the wear-out is 

longest for visibility and virality. The accumulated effect persists for the longest time for virality.   

Generalizability 

This study is unique in that it assesses the effect of offline TV advertising on different dimensions 

of online chatter. Because of the depth of the dependent variables and the quasi-experimental set up of 

advertising, it was restricted to one category. To get a sense of generalizability, we compare the estimated 
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effects of advertising in this study versus those from a meta-analysis of over 400 estimates in Sethuraman, 

Tellis and Briesch 2011. Overall, the estimated short-term elasticities from this study range from -0.03 

(negativity dimension) to 0.11 with a mean of 0.054. This number compares well with the mean of 0.12 

from the meta-analysis of Sethuraman, Tellis and Briesch 2011. The cumulative effect of advertising in 

this study is about twice the short-run effect, similar to the finding in Sethuraman et al 2011. These results 

suggest that the estimated effects of advertising are similar to the past findings and may generalize across 

categories. However, the results here are on online chatter, while the focus on past research is on sales. 

Moreover, this study examines the effect of advertising in a quasi-experimental context relatively 

minimizing some of the endogeneity concerns. In addition, this study also examines the wearin and 

wearout of offline advertising on different dimensions of online chatter. 

Implications 

These findings have four implications for analysts and managers. 

First, while advertising expenditures are moving rapidly from traditional to new media, managers 

need to realize that besides the effect of advertising on sales, it may also affect online chatter. Testing that 

effect may enable advertisers to assess the effectiveness of advertising more quickly than they could by 

using sales as the dependent variable. Social media intelligence could be an effective tool in forecasting 

success of marketing activities. A deep analysis of the network structure in the blogs and social media 

could help in social media marketing through seeding – identifying and targeting the authoritative chatter 

generating nodes and influential communities in the network.  

Second, when carrying out such analyses, analysts need to consider a rich variety of chatter 

metrics, to capture the variety of effects that TV advertising may have on online chatter. Based on the 

importance of the virality and visibility metric in the results above, advertising seems to have a 

magnifying effect, suggesting amplification of the information propagation across the Internet, observed 

as the widening of the gap along these dimensions.  Advertising seems to accelerate the propagation of 

information of the brands and at the same time increases the visibility of the brands. This increase in the 
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visibility could translate to awareness about the products and brands among new readers, which could 

further translate to future sales as suggested by some of the past research in online word of mouth (Babic 

et al 2015). The trajectory of the propagation of information among the network suggests that the timing 

of the advertising could be manipulated to sustain the momentum of the information spread across the 

social media network.  

Third, observational data in the form of chatter metrics are readily available through social media 

intelligence agencies (e.g., Radian6, Crimson Hexagon, BrandWatch). Analysts need to fully exploit the 

richness of these new chatter data. Most chatter metrics are available at an aggregate (brand or firm) level 

and at a high temporal frequency (e.g., daily, hourly and in some cases by the minute). In the past, the 

tendency of analysis has been to aggregate the data. However, we highly recommend analyzing the data at 

the daily level so as to extract rich, detailed, and timely recommendations for managers. Analysts could 

consider the quasi-experimental panel data techniques such as Synthetic Control in analyzing the effects 

of advertising on chatter. 

Fourth, synthetic control could also be applied for assessing the impact of other marketing 

interventions, such as changes in price, sales promotions, or press releases.  As in the case of advertising 

done here, the purpose of doing so is to use chatter metrics as an instantaneous or live diagnostic of the 

performance of changes in the marketing mix. As such, analysts and managers do not have to wait for 

monthly or quarterly sales reports. 

Limitations and Future Research 

This study suffers from several limitations. First, this study is limited to one category during one-

time period. However, we believe that the results of the impact of advertising could be extended to other 

campaigns as this study is not influenced by the industry or the market. Also messages in the campaign 

catered to humorous elements in the creatives. Future research could replicate the study with multiple 

categories of products and services, other time periods and with variations in the messages. Second, given 

the context, we focused only on the influence of offline TV advertising on online chatter. Further research 
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could explore the influence of other types and channels of advertising (e.g., online advertisements, Social 

Media campaigns) to assess the differential impact of these marketing activities.  Third, since the time of 

the collection of the data, online chatter has grown enormously. This change should make it easier for the 

identification of the quasi-experimental situation as the one described herein. Moreover, the abundance of 

chatter should make it easier to detect the effects of advertising. However, we have no reason to believe 

that the response curve itself would have changed in the last five years. Future research could also 

examine the causal nature of the relationship. Fourth, as with all methods, Synthetic Control makes 

certain assumptions as clarified in the sections on Assumptions and Limitations of Synthetic Control. 
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Table 1: Mean Factor Loadings of the Dynamic Factor Analysis 

  

Estimated Dimensions  

Popularity Virality Visibility Negativity 

Volume of reviews 0.8103 0.0834 0.3258 0.307 

Positive Valence (reviews) 0.1034 0.0781 0.3381 -0.3258 

Negative Valence (reviews) -0.3547 -0.07456 0.1936 0.7381 

Polarity (Entropy of ratings in 
reviews) 

-0.0124 0.2485 0.4825 0.6936 

Volume of blogs 0.6514 0.3417 0.6134 0.4825 

Indegree of the brand (blog based) 0.0034 0.4456 0.5283 0.2134 

Indegree links (blog based) 0.0241 0.8129 0.1461 0.283 

Volume of Blog that gain rank 0.0187 0.5523 0.2134 0.461 

 

Table 2: Assessing Effect of Advertising with Difference in Difference 

  Popularity Virality Negativity Visibility 

DID Coefficient 
5.51* 
(2.24) 

16.21* 
(5.96) 

-3.71* 
(1.51) 

11.28* 
(5.31) 

R Square 0.414 0.276 0.453 0.378 

Note: * indicates significance at 0.05 level. 

Table 3: Comparison of HP and Synthetic Control Brand on Key Pre-Intervention Characteristics  

 Time Period Mean HP Synthetic 
Firm Size  (Quarterly, billion) Q1 2010 32,1 113.6 54.31 
Market Capitalization  
(daily, billion) 

Q1 2010 41.687 112.1 98.56 

Debt/ Equity Ratio (Daily) Q1 2010 1.28 0.41 0.53 

CAGR in EBDITA (Quarterly %) Q1 2010 11.77 10.01 8.78 

Media coverage (Daily count) January-March 2010 489 786 685 
Marketing (XSGA)  
(Quarterly, million) 

Q1 2010 1363.79 3648 1725.09 

Advertising (XAD)  
(Annual, million) 

2009 294.42 700.0 605 

Total Revenue  
(Annual, billion) 

2009 29.3 114.5 59.0 

Total Number of Employees 
(Annual, Thousands)  

2010 82.6 324 65 

Online Advertising  
(Monthly, million) 

January-March 2010 0.93 2.438 2.14 
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Table 4 Elasticities of Focal Brand’s Advertising on Rival Brands’ Chatter 

Dimension 
of Chatter 
  

Focal 
Brand 
Elasticity Rival Brands’ Elasticities 

HP Dell Apple EMC 

Popularity 0.003 0.0102 0.03 0 

Virality 0.02 0.003 0.008 0.001 

Negativity -0.001 0.001 0.0001 0 

Visibility 0.004 0.026 0.007 0.002 
Note: Bold Indicates significance (p <0.05) 

 

Table 5: The Effects of TV Advertising on Dimensions of Chatter of HP  

Outcome Variable Estimates 
Pre-advertising 

MSPE 
MSPE Ratio 

Popularity 5.36* 4.83 113 

Virality 19.85* 5.58 127 

Negativity -0.12* 0.05 105 

Visibility 22.18* 2.07 123 
Note: The estimates here represent the mean gap (difference between the brand and the synthetic control) during the 
intervention period and the pre-advertising MSPE (Mean Square Prediction Error). The MSPE ratio is the ratio of 
the advertising MSPE to that of the pre-advertising MSPE of the focal brand. * indicates significance of the exact-p 
value at 0.1 levels which is the highest value that can be obtained given the small number of brands in the sample 
(details in the Online Appendix H) 

 

Table 6: Dynamics of Offline Advertising on Chatter  

 
 

Short Term 
Elasticity to 
Advertising 

Cumulative 
Elasticity to 
Advertising 

Wear-in 
(Duration, 
in Days) 

Wear-out 
(Duration, 
in Days) 

Total 
Duration of 

Impact 
(Days) 

Popularity 0.11 0.16 2 6 8 
Virality 0.05 0.21 6 8 14 

Negativity - 0.03 - 0.06 4 3 7 

Visibility 0.07 0.17 3 8 11 
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Figure 1: Experimental Design 

 

 

Figure 2: Brand Advertising Intensity of the Firms  

 

Note: This figure depicts the brand advertising only. Subsequent graphs include product or promotional 
advertising.  
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Figure 3: Average Weekly TV Advertising of HP Versus Other Top Brands 
(top brands include Apple Inc, Canon, Dell, Lexmark) 

 
 

Figure 4: Average Weekly Advertising across Different Media of HP  
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Figure 5: Average Weekly Advertising by Top Brands on Non-TV media Versus HP TV 

Note: Non-TV includes Print (including Sunday, national, local and Hispanic newspapers and magazine, B2B 
advertising), Radio (national, local and spot), Internet Display, Outdoor Display 

 

Figure 6: Reach of YouTube Videos and Television Advertisements in the Intervention Period  

 

Note: The viewership of 205 million is the direct estimate and is only for one channel, hence a low estimate for the 
viewership. The overall viewership estimate is around 722 million.  The details about the data collection and 
estimates are in Online Appendix H. 
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Figure 7: Effect of Advertising on Dimensions of Chatter 
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Online Appendix A: Contribution to Literature 

While several studies assess the impact of offline advertising on the various stages of consumer’s 

purchase decisions (e.g., Wiesel, Pauwels and Arts 2011) or overall sales (e.g., Onishi and Manchanda 

2012), research on the impact of offline advertising on online chatter or word-of-mouth is relatively 

sparse.1  Prior studies have examined the cross-channel influence of advertising on sales. Examples 

include online advertising on offline sales (e.g., Danaher and Dagger 2013; Pauwels et al 2011), offline 

advertising on online sales (e.g., Trusov, Bucklin and Pauwels 2009; Gopinath, Chintagunta and 

Venkatraman 2013), and attribution of both online and traditional advertising to sales (e.g., Wiesel et al 

2011; Dinner, Van Heerde and Neslin 2014; Li and Kannan 2014). Recent studies also investigate the 

effect of advertising on outcomes such as online search and web-traffic (e.g., Liaukonyte, Teixeira and 

Wilbur 2015; Joo, Wilbur, Cowgill and Zhu 2014; Hu, Du and Damangir 2014). While a growing stream 

of studies examines the role of online word-of-mouth in affecting customer demand and sales,2 the 

literature on assessing the impact of offline advertising on online word-of-mouth is limited, primarily 

correlational, and partly conflicting as reviewed below.  

Most studies in this area either treat online-word-of-mouth and advertising to have synergistic 

effects on sales or treat online word-of-mouth and advertising as substitutes. For example, Onishi and 

Manchanda (2012) find a synergistic role of new media (blogs) and traditional media in influencing sales. 

Gopinath, Thomas and Krishnamurthy (2014) find that the valence of online word-of-mouth affects sales 

while the content of the advertising may have an influence on the content of the online word-of-mouth. 

Similarly, Pauwels, Stacey, and Lackman (2012) find that online word-of-mouth has a larger and longer 

impact on store traffic than paid marketing. They also tangentially suggest that the marketing actions 

influence online word-of-mouth. Some of the recent studies show immediate effects of TV advertising. 

For example, Hill et al (2014) suggest an increase in real time engagement in social media as a response 

                                                      
1 Refer Sethuraman, Tellis and Briesch (2011) for a recent meta-analysis using the literature.  
2 Babic et al 2015 and You et al 2014 provide a good review of these studies. 
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to Super Bowl advertisement. Kitts et al 2014 use a matched market experiment and show a spike in web 

activities immediately after TV advertising. In contrast, Feng and Papatla (2011) find a negative effect of 

advertising on online word-of-mouth. Tucker (2014) shows that persuasiveness relates negatively to 

virality of YouTube video ads. Further, there has been some evidence of the reverse effect wherein word-

of-mouth could also influence advertising (e.g., Stephen and Galak 2012). Also, many of these studies are 

correlational. Thus, besides finding contrary effects, they are limited in their conclusions about the effect 

of advertising on online word-of-mouth.  

A major challenge in estimating the effects of advertising on performance is the problem of 

endogeneity (Luan and Sudhir 2010; Tellis 2003). For example, online chatter itself could generate 

advertising, as when negative word-of-mouth prompts firms to advertise to refute it (e.g., Toyota 

advertising during the acceleration crisis). Alternatively, both advertising and word-of-mouth could be 

triggered by a third event such as a new product launch or media publicity. Some recent research has 

started assessing the relation between consumer engagement and metrics of chatter (Pauwels and Van 

Ewijk 2014; Srinivasan, Rutz and Pauwels 2015).  

In conclusion, to the best of our knowledge no published studies in marketing have assessed the 

impact of offline advertising on various metrics of online chatter. We address this problem by studying 

the effects of offline TV advertising in a quasi-experimental field setting using Synthetic Control. Also, a 

rich variety of metrics are available to measure chatter in terms of both content and information-spread 

(virality) from consumer reviews and blogs. We address this opportunity by analyzing the effect of offline 

TV advertising on online word-of-mouth using three content-based metrics and four information-spread 

metrics of chatter. This paper makes the following contributions to the literature.  

1. Assesses the effectiveness of offline advertising on online chatter using a rich set of metrics of 
chatter that capture the content and propagation of chatter. 

2. Examines the dynamics of the relation between offline advertising and online chatter assessing 
the direct and indirect effects, in the short and the long term, revealing wear-in and wear-out. 

3. Compares Synthetic Control to Difference-in Difference in exploiting a quasi-experimental 
context of TV advertising for a focal brand. Extends Synthetic Control with the Vector Auto 
Regressive model to examine dynamics 
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Online Appendix B 

Figure B1: Daily Duration and Dollar Spending of the Ad Campaign 

 

 

 

Figure B2: Schedule of the Ads in the Campaign  
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Online Appendix C: Example for In-degree (links) of the Brand Website 

We illustrate the steps for measuring virality using HP as the example below.  All the web pages of the 

brand are assumed to be under the domain name of the brand. This setup implies that all the URLs of the 

web pages of the brand have the same second-level domain as that of the home page of the brand3 

(usually the shortened or full name of the brand or firm). For example, all the web pages of HP have ‘hp’ 

as the second level domain (in ‘hp.com’). We can measure the in-degree of a given URL of HP by 

measuring the number of other webpages citing HP within our index in a given time period.  Since any of 

the citations back to HP will have the second level domain as hp.com, we scan the body of all the top tier 

blog posts for hyperlinks directing back to the specific URL with the home domain of HP using regular 

expression based search. The aggregate count of backlinks from any of the blog posts to any of the URLS 

in hp.com in a given day is taken as the stock measure virality of HP in the given time period.  It is to be 

noted that the in-degree of a URL being a stock variable is cumulative – i.e. the number of other blogs 

citing HP’s URLs accumulates4 as information of hp.com spreads. Hence, we use the incremental change 

of the stock measure of virality of HP in a given day as our virality measure. This metric reflects the 

number of new hyperlinks pointing to the hp.com domain in a given time period. We repeat this 

procedure to measure the virality of all the other brands in our sample.  

  

  

                                                      
3 In most cases, the home domain is the second level domain of the website of the brand. 
4 Very few posts remove the hyperlinks after the webpage is created. So there is a very negligible decrease (less 
than 2% in the sample) in the cumulative number of in‐degree due to sites dropping the links.   
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Online Appendix D: Sampling of Rivals, Time Window and Selection of Predictor 
Variables 

 Sampling of Rivals 
Our main aim here is to select the donor pool of firms to estimate the Synthetic Control. Because 

our focus is on examining the influence on chatter of offline TV advertising by HP, we select the 

companies that operate primarily in the same product and service markets as HP. To do so, we first derive 

the SIC codes (industries in which HP primarily operates) based on Compustat’s Business Segment Data. 

HP primarily operates in the following product and services markets during our sampling period - 

Personal computing, Enterprise storage/ servers, Imaging and Printing and Technology Services 

(corresponding to SIC code 3571, 3572, 3577 and 7373)5. We then select all the firms primarily operating 

in these SIC codes during the sampling period from the Compustat business segment file. From these 

selected firms, we apply the following criteria to ensure availability of data during the time period. 

We only retain firms that are publicly listed in one of the three major US stock exchanges 

(AMEX, NASDAQ or NYSE). We also select only the firms that have a substantial market presence in 

the US (as measured by the market share of the firm in the respective segments in which they compete 

with HP). We focus on the US market because that was the target of HP’s advertising. We obtain the 

revenue data from the geographic segment from the Compustat business segments file. We eliminate 

firms that underwent identity changes – especially mergers or takeovers - during the time period if the 

effective date of the merger occurred 90 days prior to or after the start of advertising (e.g., Sun 

Microsystem is eliminated because it was acquired by Oracle on January 2010). Doing so we have the 

following firms constituting the donor pool of rivals for the synthetic control– Apple Inc., Dell Inc., 

Canon Inc., EMC Corp, Seagate Technology, Western Digital Corp, Sandisk Corp, Lexmark Intl Inc., 

Netapp Inc., Logitech Int.. (This group of firms is called the donor pools to estimate the synthetic control.  

                                                      
5 These segments correspond to Personal Systems, Enterprise Storage and Servers and Imaging and Printing groups 
together making to about 66.22 percent of the revenues of HP.  We verified this by crosschecking the primary 
product segment of operations in the Compustat Business Segment Historical files in WRDS database for the years 
2009-2010. 
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Time Sampling 
One of the common concerns in any of the matching methods, especially when assessing 

temporal effects, is the evolution of the unobservable components during the time period. Synthetic 

Control naturally handles this concern since we condition the chatter after the intervention (start of the ad 

campaign) using the weights derived before the intervention.  Hence, conditioning on a greater number of 

time periods during the pre-intervention period enables us to capture any temporal evolution of the chatter 

due to any unobservable components. Abadie et al (2010) show that increasing the number of pre-

intervention time periods leads to a decrease in the bias in the estimator of the synthetic control. In fact, 

using a linear factor model, they prove that the bias tends towards zero as the number of time period 

increases. In our context, we found that 70 days of historical data prior to start of advertising minimizes 

the standard error (Mean Squared Prediction Error or MSPE) in the pre-advertising period across most 

metrics of chatter.  

Selection of Predictor Variables     
Synthetic control offers the flexibility of including a number of variables. In case the variables have 

low explanatory power, they get low weights by the weighting optimization procedure. We choose 

variables that are most likely to influence the chatter metrics such as historical advertising spending and 

media coverage. We also include firm-specific variables that characterize or distinguish brands.  In 

addition to these predictor variables that capture the variations across the firms, we also include historical 

chatter as an additional predictor variable. This inclusion ensures that the synthetic control best captures 

the variability in the data generating process of the chatter during the pre-intervention period and also 

controls for differences in the dependent variable, if any, prior to the intervention. Here is the list of 

predictor variables for characterizing the control firms. 

1. Firm Size - ln(Total Assets) (Annual) 
2. Firm Size – ln(Market Capitalization) (Daily) 
3. Debt/ Equity Ratio (Daily) 
4. CAGR in EBDITA (Quarterly) 
5. Media coverage (Daily) 
6. Marketing (XSGA) (Quarterly) 
7. Advertising (XAD) spending as reflected in the SGA expense and advertising expense 

respectively (Annual) 

Marketing Science Institute Working Paper Series 46



 

 
 

8. Spending on online advertising (Monthly) 
9. Total Revenue (Quarterly) 
10. Total Number of Employees (Annual) 

 

We create the synthetic control j times, once for each metric of chatter. The media mentions and news 

archival data are from Lexis-Nexis. We obtained other financial data of selected firms from WRDS 

(Wharton Research Data Services – specifically, Compustat annual files, Compustat Historical Business 

Segment files based on Report to Shareholders and U.S. SEC 10-K or 10-Q reports).  

 

Online Appendix E: Summary of the News Articles on Changes in Marketing 
Variables during the Intervention Period 

The following are the most important news items retrieved through an extensive search of Factiva and 
Lexis Nexis news databases during the intervention (advertising) period.  

Table E1: Important News Items Search on Lexis-Nexis and Factiva 

Search 
Topics 

Synopsis of the News Article  Reference for News Article 

Advertising/ 
Television 

New Zealand stand-up comedian 
Rhys Darby does as series of 
interviews with celebrities using 
HP products in the ad campaign 
under study 

Darby finds beat with American celebrity The New 
Zealand Herald March 14, 2010 Sunday 

YouTube 
Introduces the ad campaign under 
study and mentions that the video 
ads uploaded on YouTube  

Kiwi finds beat with American celebrity The New 
Zealand Herald March 14, 2010 Sunday 

Marketing 
Interview with the CMO of HP 
who mentions ad campaign under 
study 

Digital Insider: Michael Mendenhall, CMO, Hewlett 
Packard, Internet Marketing 

New Products 
Review or news articles about the 
forthcoming launch of iPad  by 
Apple Inc.  

Biz Break: Apple iPad a winner? Plus: Google's 
Topeka (at least on 4/1) San Jose Mercury News 
(California) April 1, 

Early Crowds Kick Off First Test Of Apple s iPad, 
Wall Street Journal, 3 April 2010 

Innovation/ 
Patent 

News about a patent settlement 
with some of the Asian companies 
Print Rite, InkplusToner.com, 
Comptree Inc for printer ink.  

Hewlett Packard Co  Reaches Settlement with Print-
Rite, Business Wire, 1 April 2010 
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Search 
Topics 

Synopsis of the News Article  Reference for News Article 

  
Hewlett Packard settles case over ink cartridge 
imports, St. Paul Pioneer Press (Minnesota) March 
18, 2010 

Distribution/ 
Channels 

HP expands its operation in 
Singapore by setting up inkjet and 
Web solutions (IWS) global design 
center. 

HP setting up design center in Singapore; It will be 
part of team designing, building HP's global IWS 
portfolio The Business Times Singapore March 31, 
2010 Wednesday 

HP Inaugurates Conway Support Center , Computer 
Weekly News,  18 March 2010 

Retailing None  

Pricing None  

Strategy None  

 

Online Appendix F: Details of Calculation of YouTube and TV Viewership  

YouTube Viewership Estimates 

To addresses the reach of the HP videos on YouTube, we obtained data on daily YouTube 

viewers during the intervention period from Visible Measures (http://www.visiblemeasures.com) . There 

were about 11 videos that were related to the campaign with overlapping creative or introduction to the 

campaign. The total number of views across these videos in our treatment period till April 3rd 2010 was 

553,887 (or 0.55 million). The list of videos, the corresponding URLS and the views are in the table 

below.  

Table F1: YouTube Viewership for Videos Related to the Campaign in the Intervention Period 

Video Title Web Address (URL) 
Total 
Views 

UPS: HP Let's Do Amazing http://www.youtube.com/watch?v=-fb-6k5sn8Q 45115
Rhys Darby Interview: HP 
Let's Do Amazing Campaign http://www.youtube.com/watch?v=DmbYhNpEF7k 20607
The Venetian: HP Let's Do 
Amazing http://www.youtube.com/watch?v=NjkpMwJOnYo 41336
HP Let's Do Amazing 
Introduction http://www.youtube.com/watch?v=aDXK9eCUcgE 91505
Background on HP's Let's Do 
Amazing campaign  http://www.youtube.com/watch?v=mhhoocXZvg8 7490
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Dr. Dre: HP Let's Do 
Amazing http://www.youtube.com/watch?v=t7rv1CsXkHI 327857

HP | Let's Do Amazing  http://www.youtube.com/watch?v=hhqi5QgEr9c 2412

HP | Let's Do Amazing  http://www.youtube.com/watch?v=rT4MvT8a_uM 4096
HP Let's Do Amazing - Dr. 
Dre http://www.youtube.com/watch?v=uNVetUDuabk 2224

HP Labs: Let's Do Amazing http://www.youtube.com/watch?v=Yu8Re1mpB8M 9821
DreamWorks: HP Let's Do 
Amazing http://www.youtube.com/watch?v=4jymYv2EvsQ 924

 TOTAL VIEWS 553,887
 

TV Viewership Estimates 

Next, we estimated the reach of the offline TV advertising, campaign during the treatment period. 

We use two methods to calculate the TV viewership.   

First, we obtained the viewership directly from zap2it.com which reports the summary of the TV 

ratings and the viewership of the previous day (or week) of the TV show, which in-turn was obtained 

from Nielsen TV Ratings.  The advertising data from Stradegy contains the time and the network where 

the ad was placed. We map these to the programs aired during the intervention period to get the 

viewership. We were able to obtain the estimated viewership for programs on one channel, CBS, where 

the ads were aired during the time period. For programs that did not have direct viewership for the given 

date, we used the viewership for the previous time period it was aired. For the NCAA Basketball 

Tournament Games, we used the average viewership estimate (10.27 million) for that time period. For 

some of the programs, we were not able to get the viewership and these were not included in the 

estimates. Aggregating the viewership on a daily level, we get the following viewership estimates:  

Table F2: TV Viewership (CBS) for the Campaign in the Intervention Period 

Date  
TV Viewership 
(Millions) 

18-Mar-10 25.47 
19-Mar-10 10.27 
20-Mar-10 20.54 
21-Mar-10 10.27 
25-Mar-10 21.48 
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26-Mar-10 33.8 
27-Mar-10 34.04 
28-Mar-10 10.27 
3-Apr-10 38.97 
Total  205.11 

 

The ads were also aired in many other channels apart from CBS. We estimate the total viewership 

for the period across all these channels using the method described below. We use the dollar spend on the 

ads across all channels (obtained from Kantar Media), which was about $16.4 million. We also obtain the 

average cost of view (using the CPM metric) from the 2010 Thumbnail Media Planner which was $22.72. 

Thus, we can calculate the total estimated TV viewership as:  

	
∗ 1000  

Doing so, we obtain the projected estimate for total viewership in the treatment period across all 

channels as 722 million views. It is important to note that this is the lower bound estimate of the total TV 

viewership as we used the average prime time rates (which are usually one of the highest among all the 

dayparts for Network TV).  

Online Appendix G: Summary of the Vector Auto Regressive Model for Analysis 
of Dynamics  

 We follow the approach suggested for the VAR model (Hewett et al 2016; Kireyev, 

Pauwels and Gupta 2015; Srinivasan, Rutz and Pauwels 2015).  We follow the following steps to 

carry out the VAR analysis: 1) Estimate the stationarity properties of the individual variables - 

the advertising variables and the metrics of chatter - using the unit root and co-integration tests 2) 

Estimate dynamics of carryover effects through the analysis of the Impulse Response Functions 

(IRF).  We first use the Augmented Dickey-Fuller (ADF) test to determine if the variables are 

stationary and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test (Kwiatkowski et al 1992) to 

ensure that our results are robust to assumptions of null hypothesis of unit root.  None of the 
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metrics of chatter exhibit unit root properties in levels. Hence we resorted to using the levels of 

the variables in the models. The chatter metrics had the ADF test values between -4.21 and -4.73, 

below the 5% critical value of -3.45 thus rejecting the null hypothesis of presence of unit root. 

Also, the KPSS test yielded values between 0.11 and 0.18 all within the 5% limit (critical value= 

0.146). Taken together, we could safely conclude that the variables entering the VAR model are 

stationary.  We estimate the following the following bivariate Vector Autoregressive model  

∑                                                      F1 

where  represents the vector of endogenous variables, viz. the advertising intensity and the 

individual gap in the chatter metric entering the model (popularity, negativity, virality, and visibility). The 

off-diagonal terms of the matrix  estimate the indirect or the cross carryover effects among the 

endogenous variables and the diagonal elements estimate the direct effect of the variables. The vector X 

comprises the exogenous variable – media citations and online advertising. We do not include any trend 

or seasonality component as the time horizon is within the calendar year and the time series does not seem 

to exhibit these characteristics during the sampling time period. Since the model is linear and the time 

series of the variables entering the model are stationary and are very close to normal in their distributions, 

we estimate the model using least squares technique. We use one lag for the analysis. This is also borne 

by the Bayesian Information Criteria (BIC) for the model.  

Following the literature (Sethuraman, Tellis and Briesch 2011), we define long-term advertising 

elasticity as the percent change in the chatter metric during the brand’s current and future period for one 

percent change in the brand’s current advertising. As with the prior literature, we try to interpret the 

effects of advertising in the market response model using the Impulse Response Functions (IRFs, 

Dekimpe and Hanssens 1999, Trusov, Bucklin and Pauwels 2009). IRF uses the residual variance-

covariance matrix of the VAR estimation to trace the effect of a unit shock (one standard deviation) of 

advertising intensity on the UGC metric. The elasticity of advertising on chatter is computed as the 

change in the response of the chatter metric (Y) to that of one standard deviation shock to advertising 
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intensity (A).  

/

/
                                                                     E2 

We operationalize the short-term advertising elasticity from the cumulative value of IRFs till it reaches 

the peak. Similarly we calculate the long term elasticity from the cumulative value of the IRF during all 

the time periods till it converges to a steady state after the decay.  Hence we could measure the long-term 

advertising elasticity of a chatter metric using the cumulative value of the IRF during all the time periods 

till it converges to a steady state. The time taken for the impulse response to reach the peak is defined as 

the wear-in duration and the time taken for the effect of advertising to decay from peak level is defined as 

the wear-out duration. We compute the confidence intervals of the impulse response functions using 

Monte-Carlo simulations.  

Online Appendix H: Robustness Checks: Statistical Inference of the Gap using 
Placebos  

The gap refers to the difference between the actual chatter of HP and the predicted chatter of the 

synthetic control after the intervention. We need to assess if the trajectory of the gaps after the 

intervention can be attributed to the advertising undertaken and not due to random chance or due to 

factors other than advertising. Traditional large-sample inference methods based on large sample statistics 

are not suitable here for the following two reasons. Firstly, samples of brands are not randomly chosen 

from a large population of brands. Rather, we select a relatively small sample of brands based on 

similarity to HP to estimate the synthetic control.  Secondly, correlation among the brands might 

influence large sample inference techniques. Hence, we use “placebo tests” that check the robustness of 

the method and assess the matching controls. The main aim of the placebo test is to investigate if the 

observed effect (using the Synthetic Control procedure) for the brand undertaking the advertising is large 

relative to the effect estimated for a brand (that did not undertake the advertising) chosen at random. The 

placebo test is a randomization test similar to the falsification tests employed in difference-in-difference 

methods or the permutation procedures employed in propensity matching technique (Imbens and Rubin 
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2015). It is based on Fischer’s exact inference principle where we calculate the actual distribution of the 

estimated effect of the hypothetical advertising across each of the brands in our sample. Details of the 

Fischer’s “exact inference” is in Chapter 5, Imbens and Rubin (2015). Because we calculate the exact 

distribution of the estimated effect of advertising for the placebo group, the inference does not rely on 

asymptotic assumptions as in conventional methods of statistical inference. So, the overall validity of the 

method is independent of the sample size of the brands in the donor pool or the number of time periods 

considered for the analysis. However, the quality of the inference increases with the number of control 

brands and time periods. In the placebo tests as is the practice adopted for permutation tests, we trace the 

steps used in identification of the gaps for each of the brands in our sample. In each step of iteration, we 

choose one of the brands from the control group (that we used to construct the synthetic control brand) as 

the treated brand (instead of HP). Using the chosen brand as the treated brand, we repeat all the steps 

outlined above for HP for creating the synthetic control brand and assessing the effect of advertising to 

obtain a set of placebo estimates. Intuitively, we would like to compare the observed outcome of HP with 

the outcomes of the hypothetical case of the chosen placebo brand undertaking the advertising campaign. 

The iterative process provides us with a distribution of hypothetical placebo ‘treatment’ effects for brands 

that did not really undertake advertising.  

We compare all the placebo estimates (of gaps) with each other and to the estimate of the gap in 

our original analysis with HP as the treated brand. This comparison helps us to assess if the effect 

estimated by this method for the focal brand is relatively large enough to the effect estimated for the 

placebo brand chosen at random that did not undertake the advertising. If the placebo test produces a gap 

that is comparable in magnitude to that for the focal brand, then we could have concluded that the 

analysis failed to provide evidence of the true effect of advertising on the chatter metric under 

consideration.  On the contrary, if the gaps estimated for the focal brand is large relative to the gaps for 

the placebo brands that did not undertake advertising, we can safely conclude that the analysis provides 

significant evidence of the effect of advertising on the focal brand.  
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The goodness of results can be assessed using the calculated pre- and post-treatment Mean Square 

Prediction Error (MSPE). We compute and compare the Mean Square Prediction Error (MPSE) statistic 

during the pre-intervention period and post-intervention period for each of the placebo brands. The 

distribution of the post-intervention MSPE to the pre-intervention MSPE ratio (post/pre MSPE ratio) 

indicates the probability of observing the outcome by chance. Ideally, the estimates of the focal brand 

should be very different from that of the estimates of the placebo brands and the estimates for the placebo 

brands should be close to zero as the placebo brands do not run any big budget advertising campaign 

during the observed period. But in an ideal world there might be deviations such as small amounts of 

advertising (e.g., print, radio, or even routine TV ads), sales promotion, or new product introductions 

during the pre-intervention period. The post/pre MSPE ratio helps in ascertaining if our results are 

influenced by such factors. If the observed post/pre MSPE ratio of the focal brand compared to all the 

placebo brands is large, we can conclude that the observed gap in the post-intervention period is not by 

chance, and safely reject the null hypothesis that advertising does not cause the observed change in 

chatter.  

Robustness Checks Results 

From the previous section, we could infer that there is a substantial divergence in the trajectory of 

the dimensions of chatter between HP and the synthetic brands. We have to determine if this divergence is 

larger than expected due to chance. In other words, we would like to examine the statistical significance 

of these estimates. We evaluate the significance of the estimates in our results using the placebo test 

across the rival brand as outlined above.  Intuitively, the placebo test tries to assess if the magnitude of the 

gap in our results is truly significant and is not obtained by chance.   

Figure 1 (below) depicts the placebo test for assessing the impact of advertising on popularity. 

The blue line represents the gap between the focal brand (HP) and the synthetic control; the gray lines in 

multiple shades represent the estimated gaps measured between each of the brands in the donor pool (if it 

were the focal brand) and its synthetic counterpart. During the pre-intervention period, the blue line 
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indicating the Mean Square Prediction Error (MSPE) is close to the x-axis for all the dimensions of 

chatter. Thus, we can safely conclude that the SC method provides a good fit for the synthetic HP. As can 

be inferred from the figure, the trajectory of the gap of HP is large when compared to the distributions of 

the other brands during the advertising period. This result suggests that the effect of advertising on the 

online chatter associated with HP is significant during the advertising period.   

For quantifying the significance of the effect, we use the Mean Square Prediction Error (MSPE), 

the average of the squared gaps during the pre-advertising period, and the associated exact p-value. The 

estimates of TV advertising on different dimensions of chatter with its MSPE of HP are in Table 5. The 

MSPE from the pre-advertising period for the brands helps us in assessing the model fit. The synthetic 

control estimates with lower MSPE values are better approximations of the Synthetic Control. Some 

brands are better approximated by the respective synthetic control unit than others. For example, the 

MSPE for Dell’s popularity is 1.86 while the MSPE for Western Digital Inc. is 7.75, four times that of 

Dell. This result suggests that Dell has pre-intervention fit better than that of Western Digital Inc. Thus, 

we can easily approximate Dell as a weighted combination of the donor brands as compared to Western 

Digital Inc. At the extreme of fits is Logitech, which has a very high MSPE value (342), indicative of a 

very poor fit. This result suggests that no combination of the brands in the donor pool can provide a good 

synthetic control brand for Logitech. The good fit of the synthetic brand during the pre-advertising period 

also mitigates concerns of confounds from regular promotions and advertising by rivals. If there were no 

marketing undertaken by the rivals, the gaps observed in chatter metrics between the focal brand and the 

synthetic brand would possibly be larger than what is observed here. Hence, our results might have been 

stronger in absence of any marketing undertaken by the rivals.  

Our results suggest that systematic analysis of large campaigns could help us in assessing the 

effectiveness of the advertising campaign by quantifying the lift in the dimensions of chatter observed in 

the key performance indicators as the result of advertising. 
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Figure H1:  Placebo Tests 

 

 

 

References  

Abadie, A., Diamond, A., & Hainmueller, J. (2011). Synth: An r package for synthetic control methods in 
comparative case studies. Journal of Statistical Software, 42(13). 

Danaher, P. J. and Dagger, T. S. (2013). "Comparing the relative effectiveness of advertising channels: A 
case study of a multimedia blitz campaign," Journal of Marketing Research (50:4).  

Dinner, I. M., Van Heerde, H. J. and Neslin, S. A. (2014). "Driving online and offline sales: The cross-
channel effects of traditional, online display, and paid search advertising," Journal of Marketing Research 
(51:5), 2014, pp. 527--545. 

Feng, J., & Papatla, P. (2011). Advertising: Stimulant or Suppressant of Online Word of Mouth? Journal 
of Interactive Marketing, 25(2), 75-84.  

Gopinath, S., Chintagunta, P. K., & Venkataraman, S. (2013). Blogs, advertising, and local-market movie 
box office performance. Management Science, 59(12), 2635-2654. 

Gopinath, S., Thomas, J. S., & Krishnamurthi, L. (2014). Investigating the Relationship Between the 
Content of Online Word of Mouth, Advertising, and Brand Performance. Marketing Science, 33(2).  

Marketing Science Institute Working Paper Series 56



 

 
 

Hewett, K., Rand, W., Rust, R. T., & van Heerde, H. J. (2016). Brand buzz in the echoverse. Journal of 
Marketing. DOI: 10.1509/jm.15.0033.  

Hill, S., Nalavade, A., & Benton, A. (2012, August). Social TV: Real-time social media response to TV 
advertising. In Proceedings of the Sixth International Workshop on Data Mining for Online Advertising 
and Internet Economy (p. 4). 

Hu, Y., Du, R. Y. and Damangir, S. (2014). "Decomposing the Impact of Advertising: Augmenting Sales 
with Online Search Data," Journal of Marketing Research (51:3), pp. 300--319. 

Imbens, G. W., & Rubin, D. B. (2015). Causal inference in statistics, social, and biomedical sciences. 
Cambridge University Press. 
Joo, M., Wilbur, K. C., Cowgill, B. and Zhu, Y. (2014). "Television Advertising and Online Search," 
Management Science (60:1), pp. 56--73. 

Kireyev, P., Pauwels, K., & Gupta, S. (2015). Do display ads influence search? attribution and dynamics 
in online advertising. International Journal of Research in Marketing. 

Kitts, B., Bardaro, M., Au, D., Lee, A., Lee, S., Borchardt, J., & Wadsworth-Drake, J. (2014,). Can 
Television Advertising Impact Be Measured on the Web? Web Spike Response as a Possible Conversion 
Tracking System for Television. In Proceedings of 20th ACM SIGKDD Conference on Knowledge 
Discovery and Data Mining (pp. 1-9).  

Li, H. and Kannan, P. (2014). "Attributing conversions in a multichannel online marketing environment: 
An empirical model and a field experiment," Journal of Marketing Research (51:1), , pp. 40--56. 

Liaukonyte, J., Teixeira, T. and Wilbur, K. C. (2015). "Television advertising and online shopping," 
Marketing Science (34:3), 2015, pp. 311--330. 

Luan, Y. J., & Sudhir, K. (2010). Forecasting marketing-mix responsiveness for new products. Journal of 
Marketing Research, 47(3), 444-457. 

Pauwels, K., Leeflang, P. S., Teerling, M. L. and Huizingh, K. E. (2011). "Does online information drive 
offline revenues? Only for specific products and consumer segments!," Journal of Retailing (87:1), 
Pauwels, K., Stacey, E. C., & Lackman, A. (2013). Beyond Likes and Tweets: Marketing, Social Media 
Content, and Store Performance. Marketing Science Institute, Working Paper Series. Report, (13-125). 

Sethuraman, R., Tellis, G. J. and Briesch, R. A. (2011). "How well does advertising work? 
Generalizations from meta-analysis of brand advertising elasticities," Journal of Marketing Research 

Srinivasan, S., Rutz, O. J. and Pauwels, K. (2015) "Paths to and off purchase: quantifying the impact of 
traditional marketing and online consumer activity," Journal of the Academy of Marketing Science.  

Stephen, Andrew T., and Jeff Galak. (2012). "The effects of traditional and social earned media on sales: 
A study of a microlending marketplace." Journal of Marketing Research 49.5. 

Pauwels, K. and van Ewijk, B. (2014). "Do Online Behavior Tracking or Attitude Survey Metrics Drive 
Brand Sales? An Integrative Model of Attitudes and Actions on the Consumer Boulevard," Marketing 
Science Institute, pp. 13--118. 

Trusov, M., Bucklin, R. E. and Pauwels, K. (2009). "Effects of word-of-mouth versus traditional 
marketing: findings from an internet social networking site," Journal of marketing (73:5), pp. 90--102. 

Tucker, C. E. (2014). The reach and persuasiveness of viral video ads. Marketing Science, 34(2). 

Wiesel, T., Pauwels, K. and Arts, J. (2011) "Practice Prize Paper-Marketing's Profit Impact: Quantifying 
Online and Off-line Funnel Progression," Marketing Science (30:4), pp. 604--611. 

Marketing Science Institute Working Paper Series 57


	PDF.pdf
	Ad Chatter TNS97
	Ad Chatter TNS 97 appendix




