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Abstract

In our fast-paced business world with changing consumer preferences, the demand for prod-
uct life-cycles have shortened and become more volatile. This is the case for both own and
competitors’ products. To cope with those challenges, practitioners and researchers focus
their attention on augmenting forecasting models by incorporating additional information
such as online buzz. Online buzz reflects discussions around corporate and user-generated
online content, such as social media interactions, forum discussions and online search. A
majority of studies report forecast accuracy gains from its inclusion. However, on closer
examination, many of these studies exhibit design weaknesses including lack of adequate
benchmarking or rigorous evaluation, questioning their reported estimates. This thesis fo-
cuses on three research questions: (i) What is the predictive value of post-release buzz and
usability for operational decision making? (ii) Can pre-release buzz help to estimate the
market potential for sequential released new products? (iii) How suitable is pre-release buzz
to predict competitors’ new product success?

Our findings are mixed, by demonstrating both its potential, but also limitations of its
usefulness. We conclude that online buzz is beneficial during the pre-release case, but not
for the post-release phase. In the latter case, online buzz has little if any predictive signal,
when considering realistic business lead times, explained by the frequently instant buying
decisions and mixed pre- and post-purchase signals. On the other hand, pre-release buzz,
which has a clear anticipatory characteristic, enhances new product forecasts. Our proposed
framework demonstrates that pre-release buzz is beneficial also in predicting market poten-
tial. Moreover, it can be used to construct reliable forecasts for competitors’ new products,
providing market critical competitive intelligence. The thesis concludes with managerial im-
plications and identifies future research directions stemming from this work and the critical

reflection of the often hyped online buzz.
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Preface

During my first year of study, Ivan Svetunkov and I co-founded a fictional Journal of
Steps for which we measured all essential paths within Lancaster Management School and
NATCOR venues to find the shortest path to the next ice cream store or supervisor office
for ice cream break. This thesis was a long journey. Starting with the fact that the original
research proposal was about developing a new model for forecasting the diffusion of online
videos. As with most of our forecasts - what we planned is not how we end up. Instead, I
welcome you on a research journey on the topic of business demand forecasting with online
buzz. Many small steps were required to make this submission (finally!) happen.

The advantage of a long period spent on a PhD is that it perfected my procrastination
skills, such as insulating my flat against the winter coldness or building up Spotify playlists
with more than 5600 songs. Potentially due to my Greek supervisors influence, Spotifys
AT system recommended me a different version of “Zorba the Greek” every Monday, and
ultimately this leads me to believe that there is a desperate need for more research in this
area. I also browsed YouTube for research purposes and channels such as Hydraulic Press,
Wintergatan, Jelle’s Marble Runs or Sous-Vide Everything provided many hours of learning.
The remaining time I most probably spent at the local tennis club to whose members I am
very grateful for a great time on the court.

If I am asked to pick a highlight of the PhD, then certainly the presentations at confer-
ences and workshops. I would not be able to visit these exciting places without the incredible
support from my two supervisors, Nikolaos Kourentzes and Robert Fildes. It is very hard
to come up with words that can describe my gratitude for them. They are amazing with
their knowledge, willingness to help and are both extremely humble given their academic
impact. #wherelsMyPaper and British humour kept me going in times when progress was
invisible for months. Assessed on the Net Promoter Score, I would certainly give them both
a 10 out of 10 and a wholehearted recommendation.

I would like to thank the Department of Management Science for providing me with a

scholarship and the Friend’s programme and International Institute for Forecasters for their
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conference travel grant. The members of the Centre for Marketing Analytics and Forecasting
for giving me the opportunity in engaging more closely with their research and practitioner
activities. I would like to express thankfulness to the administrative staff namely Gay
Bentinck, Jackie Hughes, Jackie Clifton and Lindsay Newby. Also many thanks to Teresa
Aldren for her great support in organising CMAF workshops and courses. I am also grateful
to have received many helpful comments on my work and held discussions about academia
along the journey from René Algesheimer, Christophe van den Bulte, Florian Dost, Sarah
Gelper, Stephan Kolassa, Nikos Korfiatis, Nicos Pavlidis, Fotios Petropoulos, and Juan R.
Trapero.

A very important part of the success is thanks to my parents, who contributed a con-
siderable amount of their savings into my education. I do not know how closely they follow
my research, but without their love and continuous support this thesis would not have been
possible. I would also like to thank my brother for letting me use his tennis racket. As in
the past when he gave me his camera, this gift turned into a huge obsession and I can only
wonder what comes next.

I received great support from Switzerland where people (rather surprisingly) stayed in-
terested in what I am doing and kept pestering me when the thesis might be finished. In
particular, my godmother, Maja Schmid, who always thought of me and sent nice mes-
sages together with Swiss chocolate treats. I enjoyed many great Skype sessions with Cyril
Mugglin discussing my PhD life and in turn listened to his adventures in industry. Daniel
Schmid always provided great photos from the Swiss mountains, news from the football club
and many childhood memories. I also received many e-mails with exciting stories about the
daily problems in Basel from Lucia Messmer and creative inspiration from Samuele Tirendi.

This project would not have finished without the tremendous help from very good friends
I met here in the UK. I start with Ivan Svetunkov, my PhD mentor and an immense help in
smoothly mastering the journey of steps and building up the Russian Spotify playlist. Anna
Sroginis will be especially remembered for the many great cupcakes and macaroons I got
treated with. Another source for Russian delights came from Alisa Yusupova in the form of
Marmalandia. There were also some unsuccessful attempts by Yves Sagaert to convince me

of the high quality of Belgium chocolate. A special thank goes to Timo Kunz for providing
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me with the best possible assistance in starting my PhD life, and some of his furniture has
just been passed onto the next PhD generation. Simon Spavound for being able to use
his brain so many times for problems I was struggling with. He was also my Babel fish
when it came to “very British problems”, both in language and the rough life here in the
north of England. Amy Benstead who always brought the latest sustainable fashion (her
research topic) into our office and gave me a cute little cactus which, sadly, always grew
faster than my research. My friends from NATCOR Elvan Gékalp, Andrea Mor and Oykii
Naz Attila, whom all invited me to visit their hometown, broadened my cultural knowledge
and kicked-off the Turkish, Italian and Dream catcher Spotify playlists.

The last paragraph I would like to devote to my dear friend Christoph Héacki, who un-
fortunately is not able to read the final version of this thesis. Besides our 20-year friendship,
he had a large influence on where I am now. His incredible support during almost my entire
time at high-school and university enabled me to overcome many of my limitations. He
also introduced me to the programming language R and data analytics during my bachelors

degree, which provide a solid foundation for this thesis. You are sadly missed!

Lancaster, in August 2019

Oliver
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Chapter 1

Introduction

Technology is enabling consumers to draw on comprehensive information for their buying
decisions. This increase in transparency intensifies competition between products (Li et al.,
2011). Instruments such as online reviews allow past customers to critically reflect upon
their purchases and directly affect any future ones (Li and Hitt, 2008; Dellarocas, 2003). On
top of that, the online discourse is actively fuelled by companies with online promotional
activities and content creation on social media, sparking online conversations (Kuksov et al.,
2013; Wang et al., 2012). Social media networks such as Facebook, Twitter or Instagram are
regarded as effective facilitators of electronic word-of-mouth and can substantially influence
interest in products (Seiler et al., 2017; Babic Rosario et al., 2016). Newspapers around the
globe report touristic locations for which Instagram helped to reach popularity that exceeded
local infrastructure capacity (Rhyn, 2019; Coldwell, 2018) or similarly tremendously increase
demand for fashion items (Conlon, 2018).

In the literature, signals that emerge from user-generated content, online search or so-
cial media interactions are often referred to as buzz (e.g. Deusser et al., 2018; Xiong and
Bharadwaj, 2014). This buzz can be triggered by both companies and consumers (Hewett
et al., 2016). It is important to distinguish between the pre-release and post-release buzz of
a product, i.e the conversation and searches that take place before the product is launched
and vice-versa. While the pre-release is solely anticipatory based, the post-release buzz is
a mix between product interest (anticipation) and experience-sharing, for example through
electronic word-of-mouth or product recommendations (Houston et al., 2018). Houston
et al. identified three types of behaviour that build the pre-release buzz: (i) communica-

tion, for example, posting something on social media, (ii) online search that can be reflected



in search traffic and (iii) participatory behaviour, such as to like or comment on posts on
social media.

Despite being a communication instrument, both scholars and practitioners put their
attention on how this rich data source can improve corporate decision-making (see for ex-
ample Boone et al., 2019; Erevelles et al., 2016, for reviews). Buzz has the advantage that,
compared to traditional market intelligence methods, such as surveys or focus groups, it is
available in a timely manner and comes with comparably low collection costs. The preem-
inent question is to what extent buzz can improve predictive ability. This is particularly
relevant in times of increased demand volatility due to changes in consumer preferences
and competition. Improving forecasts can directly impact the operational costs such as
stock-keeping, but also provides managerial insights to adjust, for example, marketing ex-
penditure so as to influence future consumption. This thesis aims to contribute to this
fast-growing body of literature on incorporating pre- and post-release buzz into business
demand predictive models.

Application for the post-release forecasting with buzz include, for example, product sales
(e.g., Cui et al., 2018; Lau et al., 2018; Geva et al., 2017), tourist arrivals (e.g., Onder et al.,
2019; Choi and Varian, 2009) and stock market performance (e.g., Tirunillai and Tellis,
2012; Da et al., 2011). However, some studies report limited gains for predictive ability
(e.g., Ferrara and Simoni, 2019; Ruohonen and Hyrynsalmi, 2017; Li, 2016; Limnios and
You, 2016). A further complication in assessing the value of such inputs for operational
decision making, comes from the typically weak forecast evaluation design of many stud-
ies with inadequate performance metrics and hold-out samples (Kalampokis et al., 2013).
Moreover, a majority of studies only consider short forecast horizons, which often do not
realistically relate to business needs. Therefore, it is unclear to which extent post-release
buzz can be used as a leading indicator for demand. In addition, the previously outlined
interplay between anticipation towards product purchase and experience sharing afterwards
and its impact on the predictive accuracy is unexplored. Therefore, there is a further re-
search question in exploring whether the benefits of such information are consistent during a
product’s life-cycle. This research questions will be discussed in Chapter 2. Earlier versions

of this chapter have been presented during the 17th IIF Workshop on ICT and Innovation



Forecasting, FURO15 and at the 36th € 37th International Symposium on Forecasting. It
is now published in the International Journal of Forecasting (ABS 3; Schaer et al., 2019a).

For pre-release buzz, the majority of the literature has investigated entertainment prod-
ucts, such as box office (e.g., Kim et al., 2015; Asur and Huberman, 2010), music albums
(Dhar and Chang, 2009) and video games sales (Xiong and Bharadwaj, 2014). New product
forecasting is different to the post-release case in that there is typically no historical sales in-
formation available (Goodwin et al., 2014). Nonetheless, managers are interested in knowing
how successful a new product might become so as to plan for advertising activities, procure-
ment and manufacturing. In practice a common method for determing the market potential
of new products is to use judgmental forecasts (Kahn and Chase, 2018). It is well under-
stood that such forecasts are subject to biases, and in particular overoptimism (Belvedere
and Goodwin, 2017; Markovitch et al., 2014; Tyebjee, 1987). Alternative approaches such
as consumer surveys (e.g., Moon et al., 2016; Chintagunta and Lee, 2012; Eliashberg et al.,
2000) or conjoint analysis (e.g., Orbach and Fruchter, 2011; Lee et al., 2006) are costly and
only reflect a specific point of consumer preference which is likely to change throughout
the pre-launch phase (Meeran et al., 2017). This makes pre-release buzz an ideal candidate
to help estimating demand. The majority of the literature has investigated the forecasting
potential only for the initial weeks of sales, which from an operational point of view is not
sufficient. Therefore, Chapter 3 investigates whether pre-release buzz is helpful in mod-
elling the market potential and investigates the leading properties of pre-release buzz for
total end-of-life sales. Chapter 3 is now available as a working paper (Schaer et al., 2019b)
with the aim to be submitted to Journal of Marketing Research. Earlier versions of this
work have been presented at the 18th IIF Workshop on Forecasting New Products and Ser-
vices, the 39th ISMS Marketing Science Conference and the 38th International Symposium
on Forecasting.

Publicly available data from internet platforms contain information relevant both to
own products and competitors’ (Teo and Choo, 2001). Insights in competitors’ actions
are of strategic importance to organisations (Calof and Wright, 2008), in particular for
new products, where the trend for shorter life-cycles leads to increased competition on

product launch (Calantone et al., 2010). However, the literature on pre-release buzz, except



the study presented in Chapter 3, predicted new product sales from datasets that include
products from multiple brands assuming availability of information that may not always be
feasible in practice (e.g. Divakaran et al., 2017; Onishi and Manchanda, 2012) and studies
on competition are not in a predictive context (e.g., Gopinath et al., 2013). While using
the richer datasets provides better estimates, it does not reflect the real-world environment
where sales information is often only available for own brands and stock keeping units.
This questions the realism and feasibility of the reported value of past recommendations.
To address this, it is essential to distinguish between internal and competitor products.
While internal data typically provide full access to sales history and marketing activities,
external competitor insights are constrained to only what is publicly available or possible
to purchase at substantial cost and for the modelling purpose at potentially too aggregate
format. Assuming some degree of homogeneity among competing products, a key question is
whether competitors’ pre-release buzz can be used together with internal sales data to infer
competitors’ success. In Chapter 4, we extend the application of pre-release buzz to estimate
sales of competing products. The research idea and methodology has been presented at the
40th & J1st ISMS Marketing Science Conference, the 60th Anniversary Conference of the
Operational Society and 39th International Symposium on Forecasting. It is also accepted
for presentation at INFORMS 2019. We aim to submit this paper to the Production and
Operations Management.

The remainder of this thesis is organised as follows; Chapter 2 will investigate how online
buzz can be used to provide short-term forecasts in the context of operational decision mak-
ing. In Chapter 3 we present an application to estimate the market potential of sequential
products with pre-release buzz. We subsequently extend the idea of pre-release forecasts
to the case of competitors’ product in Chapter 4. Finally, Chapter 5 discusses the contri-
butions to the literature and concludes with managerial implications and suggests exciting

future avenues of research.



Chapter 2

Demand forecasting with user-generated

online information

Recently, there has been substantial research on augmenting aggregate forecasts with indi-
vidual consumer data from internet platforms, such as search traffic or social network shares.
Although the majority of studies report increased accuracy, many exhibit design weaknesses
including lack of adequate benchmarks or rigorous evaluation. Furthermore, their usefulness
over the product life-cycle has not been investigated, which may change, as initially, con-
sumers may search for pre-purchase information, but later for after-sales support. In this
study, we first review the relevant literature and then attempt to support the key findings
using two forecasting case studies. Our findings are in stark contrast to the literature, and
we find that established univariate forecasting benchmarks, such as exponential smoothing,
consistently perform better than when online information is included. Our research under-
lines the need for thorough forecast evaluation and argues that online platform data may

be of limited use for supporting operational decisions.



2.1 Introduction

Nowadays it is becoming increasingly easy for organisations to obtain individual consumer
behaviour data from potential and actual customers by using internet platforms, such as
Google or Twitter. Consumers seek online information on branded and non-branded content
(Heinonen, 2011). Companies actively support purchase decisions by distributing branded
content through internet channels, which generates further interactions (Kuksov et al., 2013;
Wang et al., 2012). Research has argued that information such as search traffic popularity,
or numbers of shares on social networks can lead to improved forecast accuracy (e.g. Cui
et al., 2018; Geva et al., 2017; Goel et al., 2010). While online shares reflect an electronic
word-of-mouth process (Seiler et al., 2017; Babic Rosario et al., 2016), the popularity of a
search keyword can be regarded as a proxy for consumer interest in a product (Du and
Kamakura, 2012; Stephen and Galak, 2012), but also reflect the success of advertising
activities (Srinivasan et al., 2016; Hu et al., 2014).

There are numerous time series modelling papers that incorporate information from the
internet; for instance, in econometric now-casting such inputs can be useful to overcome
publication lags of governmental economic indicators or market surveys (e.g. Vosen and
Schmidt, 2011; Choi and Varian, 2009). Other example include predicting stock volatility
(e.g. Bollen et al., 2011); influenza outbreaks (e.g. Ginsberg et al., 2009); tourist arrivals
(e.g. Hand and Judge, 2012); car sales (e.g. Fantazzini and Toktamysova, 2015; Du et al.,
2015); and retail sales (e.g. Boone et al., 2018; See-To and Ngai, 2016).

One important aspect is that most business decisions, such as allocating resources, in-
ventory decisions or planning marketing expenditures, are based on forecasts and in turn
imply some forecast lead time, which is relevant for the decision planning horizon. This
makes the usefulness of online information for demand forecasting more contentious. Past
research has supported both its usefulness (e.g. Lau et al., 2018; Brynjolfsson et al., 2016;
Schneider and Gupta, 2016) and its limitations (e.g. Ruohonen and Hyrynsalmi, 2017; Li,
2016; Limnios and You, 2016). A further complication in assessing the value of such inputs
for operational decision making comes from the typically weak forecast evaluation setup

that is used and the short forecast horizons, which often do not relate realistically to busi-



ness needs. Kalampokis et al. (2013) in their review of forecasting with social media data,
report that more than one-third of studies do not test the claimed predictive abilities, using
hold-out-sample or adequate predictive measures. Their review does not consider research
that includes information originating from other than social media networks, for example,
search traffic information; and omits any dedicated discussion on the forecasting approaches
used.

The aim of this paper is to (i) provide a holistic review of the existing literature on fore-
casting with internet-based consumer behavioural data for a range of applications; (ii) dis-
cuss the limitations and challenges of using such data for predictive purposes and (iii) explore
whether the usefulness of such information remains consistent during a product’s life-cycle.
To exemplify this, consider a consumer who may research a product online prior to pur-
chasing. The search is a leading indicator. Post-purchase the same consumer may search
online for support information that does not lead to additional purchases. Therefore, it is
reasonable to expect that the usefulness of online information changes over the life-cycle of
a product. To support our critical review of the literature, first, we replicate one experiment
by Choi and Varian (2012) and second, we model sales of video games and the consumption
of viral video advertisements using social network shares.

Although the literature is overwhelmingly positive as to the benefits of search traffic and
social media derived variables, we argue otherwise given the evaluation and experimental
design of almost all studies. We question the realism of the forecasting setup (for instance the
forecast horizon) for a number of papers and also find that several do not include adequate
benchmarks. Furthermore, we find no support where the usefulness of the variable changes
over the life-cycle of a product from our empirical experiment.

The paper is organised as follows; Section 2.2 provides a review of the literature that
uses explanatory variables from internet platforms for forecasting. Section 2.3 highlights the
challenges in handling online information. We then present in Section 2.4, two case studies
to validate the findings of the literature. Section 2.5 discusses the usability of internet

platform information and Section 2.6 presents the conclusions.



2.2 Forecasting with online user generated data

We present the literature in four subsections which are summarised in Table 2.1. The first
horizontal grouping summarises Section 2.2.1, which surveys data sources. The columns
reflect groups of forecast applications, which are detailed in Section 2.2.2. The second
horizontal grouping classifies the forecast models used and is discussed further in Section
2.2.3. The last grouping lists forecasting principles, to which adherence is reviewed in
Section 2.2.4. Overall, 95% of the surveyed studies conclude in favour of using user-generated
information for forecasting. A detailed table for each area of application is provided in the
appendix of this chapter.

We limit our literature review to studies that assess the forecasting performance of
time series models on relative short horizons, relevant to operational business forecasting.
This precludes areas such as: predicting election outcomes (e.g. Mavragani and Tsagarakis,
2016; Huberty, 2015), product rankings (e.g. Hou et al., 2017; Liu et al., 2016; Goel et al.,
2010), pre-launch forecasts (e.g. Kim et al., 2015; Xiong and Bharadwaj, 2014; Dellarocas
et al., 2007) and marketing effectiveness (e.g. Kumar et al., 2016; Hu et al., 2014; Du
and Kamakura, 2012). Although most of these studies suggest benefits from online user-
generated data, their modelling approach as well the forecast target and accuracy measures
used, differ substantially and would require a separate discussion that is out of scope for
this paper. We do, however, include some of their findings on the handling of such data to

support our discussion.

2.2.1 Data sources

Two review papers have been published that cover forecasting with social media networks
(Phillips et al., 2017; Kalampokis et al., 2013). This study considers a wider range of internet
sources for obtaining user-generated information. These are search traffic, social network
sites, blogs and microblogs, forum posts and online product reviews. We do not specifically
include studies which obtain data from news streams, such as the GDELT project (e.g.,
Fast et al., 2018), because such information may not reflect online consumer behaviour. It

is worthwhile noting that we were unable to find any research that explores the predictive



Table 2.1: Summary of the literature

Areas of application (Section 2.2.2)

Economic Financial Public health Consumer
Overall

indicators ~ markets & environment Services goods
(n = 14) (n=7) (n = 10) (n=16) (n=14) (n=061)

Data sources (Section 2.2.1)

Forum and blogs 0% 14% 10% 0% % 5%

Reviews 0% 0% 0% 0% 21% 5%

Search traffic 100% 1% 70% 100% 79% 87%

Social networks ™% 29% 30% 6% 14% 15%
Forecast modelling (Section 2.2.3)

Multistep-ahead 21% 14% 30% 50% 29% 31%

Non-linear models 14% 14% 20% 0% 36% 16%

Nowcast model 64% 0% 60% 25% 36% 39%

Ordinal based?® 7% 43% 30% 6% 43% 23%

Volume based” 100% 71% 70% 100% 71% 85%
Forecast evaluation(Section 2.2.4)

Adequate benchmarks 21% 0% 0% 31% 21% 18%

Hold-out-sample 93% 86% 100% 94% 93% 93%

Multiple time series 14% 1% 30% 31% 93% 46%

Rolling origin® 93% 100% 90% 81% 86% 89%

Statistical testing 43% 1% 0% 31% 36% 34%

Report improvements 86% 100% 100% 100% 93% 95%

b

& sentiment information or product ratings search traffic popularity, shares or mentions

¢also cross-validation

ability of many popular social media platforms such as Instagram, Snapchat, Pinterest and
LinkedIn. The same is true for user-generated videos from platforms like YouTube, even
though studies suggest that video blogs can lead to positive purchase intention (Lee and
Watkins, 2016). The limited use of these data sources might partly be due to the difficulty
to access and identify content.

Search traffic information is the most frequently used source present in 87% of the
investigated studies, even accounting for 100% of applications in economics and services.
Search engines tend to have a better coverage of the population and topics of past research,
such as unemployment, are unlikely to be shared on social networks (D’Amuri and Marcucci,
2017). Most studies use data from Google Trends and fewer from Naver (Jun et al., 2017;
Kim and Shin, 2016) or Baidu (Huang et al., 2017; Li et al., 2017) that are popular search
engines in South Korea and China, respectively.

Microblogging platforms, such as Twitter (e.g. Bughin, 2015; Skodda and Benthaus,
2015; Rao and Srivastava, 2013) and Weibo (Chen et al., 2017) are the second most popular

type of data source. The only study which involves social network sites is by Cui et al. (2018),



who use Facebook. Bughin (2015) obtains social media information from SocialMention, a
free aggregation service covering various platforms including Reddit. Another source is
product reviews that have been collected from sources such as Amazon (Schneider and
Gupta, 2016) or CNET (Luo and Zhang, 2013). Furthermore, Google search has been used

to obtain forum data (Geva et al., 2017).

2.2.2 Forecasting applications

A typical application in economics is to forecast unemployment rate and claims. While
various researcher report positive results (e.g. D’Amuri and Marcucci, 2017; Smith, 2016;
Barreira et al., 2013) others struggle to improve accuracy (Li, 2016; Choi and Varian, 2012).
Brynjolfsson et al. (2016) report benefits by stressing the importance of keyword selection.
Researchers also look into housing market (Limnios and You, 2016; Wu and Brynjolfsson,
2015; Choi and Varian, 2009), private consumption (Vosen and Schmidt, 2011), exchange
rates (Bulut, 2017), commodities (Yu et al., 2018; Elshendy et al., 2018) as well as consumer
sentiment and gun sales (Scott and Varian, 2015). All but Limnios and You (2016) report
improvements.

Financial applications include the predictions of financial market indices (Bollen et al.,
2011), their returns (Perlin et al., 2017) or volatility (Dimpfl and Jank, 2016; Hamid and
Heiden, 2015). Rao and Srivastava (2013) investigate stock market indexes but also currency
exchange rate and gold prices. Other researchers forecast stock returns (Ho et al., 2017; Bijl
et al., 2016). All studies report forecast improvements and Perlin et al. (2017) find search
traffic to be particularly useful during the financial crisis.

When considering service-oriented applications, a large number of studies find improved
forecast accuracy for tourism destinations (Li et al., 2017; Padhi and Pati, 2017; Park et al.,
2017; Zeynalov, 2017; Choi and Varian, 2009) and attractions (Huang et al., 2017; Peng
et al., 2016). In the case of Bangwayo-Skeete and Skeete (2015) search traffic outperforms the
univariate benchmark only for one-third of the examined tourist destinations. Nonetheless,
the authors conclude in favour of using this information, as in 77% of the cases accuracy
was better or at least as good as the benchmarks. Onder (2017) did not find any clear

indication whether search traffic is performing better on city or country level since. Her
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study reports improvements for both categories, but in several cases the benchmark is not
outperformed (Onder and Gunter, 2016, report similar findings). Rivera (2016) reports
that the benchmark is outperformed for 12 month ahead forecasts, but not for shorter
ones. For hotel room demand forecasting, Pan et al. (2012) improve accuracy, but in a
different study Pan and Yang (2016) find no statistically significant difference between using
online information or not. Other service-oriented applications include Telecom contract sales
(Bughin, 2015) or the number of air passengers (Kim and Shin, 2016).

A majority of studies that focus on consumer goods, forecast on aggregated brand or
product category level. For example, Cui et al. (2018) report improvements for fashion sales
forecast using sentiment information. Various studies also investigate car sales. Researchers
find improvements from either search traffic (Carriere-Swallow and Labbé, 2013; Seebach
et al., 2011) or forum posts (Geva et al., 2017). Fantazzini and Toktamysova (2015) report
search traffic to be particularly helpful at longer forecast horizons. However, Choi and
Varian (2009) report mixed findings and Choi and Varian (2012) as well as Barreira et al.
(2013) conclude that there is little support for including search traffic. Also, the search
traffic augmented model of Jun et al. (2017) which forecasts global netbook sales fails to
outperform the benchmark. They also fail to improve forecast accuracy for Nintendo Wii
sales, indicating that forecasting at product level is more challenging. Geva et al. (2017) for
instance report increased errors due to additional noise in the data. Nevertheless, several
studies report accuracy gains even at product level for speciality food Stock Keeping Units
(SKUs) with search traffic (Boone et al., 2018, 2015), but also with sentiment information
for electronic products (Lau et al., 2018; Schneider and Gupta, 2016) or fashion products
(See-To and Ngai, 2016).

In the area of public health, various studies have been concerned with flu outbreaks.
Ginsberg et al. (2009) incorporate highly correlated search terms to predict the flu index
which became the Google Flu indicator. Its service was discontinued in 2015, partly be-
cause of data reliability concerns (Lazer et al., 2014; Butler, 2013). Despite the critique of
Google Flu, studies find the combination of Google Trends and autoregressive terms leads
to better results (Lazer et al., 2014; Preis and Moat, 2014). Moreover, with further refine-

ment of keyword selection, there are additional improvements (Brynjolfsson et al., 2016).
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Influenza outbreaks are also successfully forecasted with information from Twitter and blogs
(Santillana et al., 2015; Won et al., 2013; Lampos and Cristianini, 2012).

Studies that focus on environmental events are sparse and online user-generated infor-
mation is mainly used for posthoc analysis. Examples of usage are Lampos and Cristianini
(2012), who predict the daily rainfall in the UK, and Chen et al. (2017) that predict smog
hazards. Both use information from microblogs. It is worth noting that we were unable to
identify studies that consider energy demand as an application, even though this is closely

related to local weather conditions.

2.2.3 Forecast modelling

The majority of studies use linear regression models (Schneider and Gupta, 2016; Ginsberg
et al., 2009), augmented with autoregressive terms (e.g Peng et al., 2016; Barreira et al., 2013;
Seebach et al., 2011) and moving average terms (e.g. Li et al., 2017; Padhi and Pati, 2017;
Pan and Yang, 2016). Linear vector models are also applied successfully (e.g Dimpfl and
Jank, 2016; Fantazzini and Toktamysova, 2015). Other options include Bayesian structural
models (Scott and Varian, 2015), dynamic linear models (Rivera, 2016) and Seemingly
Unrelated Regression (Ho et al., 2017). Models that use the higher frequency of online
information are also considered, e.g. Mixed-Data Sampling (Zeynalov, 2017; Smith, 2016;
Bangwayo-Skeete and Skeete, 2015); or Dynamic Factor Models with mixed frequencies (Li,
2016).

Machine learning methods, typically incorporating sentiment information from social
networks and review data (including mentions in forums), are also common. These include
AdaBoost (Santillana et al., 2015), Support Vector Machines (Yu et al., 2018; Chen et al.,
2017; Cui et al., 2018; Schneider and Gupta, 2016; Santillana et al., 2015), Random Forests
(Cui et al., 2018) and Neural Networks (Yu et al., 2018; Chen et al., 2017; Lau et al., 2018;
Geva et al., 2017; Bollen et al., 2011). These provide evidence of non-linearities in the
relationships (e.g. Lau et al., 2018; Geva et al., 2017).

The majority of economic indicators are modelled with nowcasting models that include
a contemporaneous internet variable to overcome the publication lag (except D’Amuri and

Marcucci, 2017; Limnios and You, 2016; Barreira et al., 2013). Such models are also popular
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for forecasting influenza outbreaks (Xu et al., 2017; Preis and Moat, 2014; Ginsberg et al.,
2009). However, some studies use nowcasting to forecast target variables in an operational
context, which raises questions as to their usefulness due to the required lead times: for ex-
ample, visitor arrivals (Huang et al., 2017; Zeynalov, 2017; Choi and Varian, 2009), Telecom
sales (Bughin, 2015), car sales (Scott and Varian, 2015; Carriere-Swallow and Labbé, 2013;
Choi and Varian, 2009) and fashion sales (See-To and Ngai, 2016). There are also studies
which are not framed as nowcasting, but include contemporaneous inputs (Chen et al., 2017;
Jun et al., 2017; Onder, 2017; Schneider and Gupta, 2016; Boone et al., 2015).

A key aspect of the model building is the specification of the user-generated information
variables. The data is incorporated directly in the case of search traffic and count data,
such as search popularity, the number of mentions or shares. Note that Google Trends
and Naver provide peak scaled indexes, where different keywords compare relatively to each
other (see Jun et al., 2017). Baidu, on the other hand, provides absolute search values (see
Vaughan and Chen, 2015). Other inputs are ordinal such as product ratings (Schneider
and Gupta, 2016) or sentiment information. See-To and Ngai (2016) incorporate sentiment
information in the form of the absolute number of positive and negative reviews per period,
whereas others use the ratio of positive and negative mentions per period (e.g. Geva et al.,
2017; Skodda and Benthaus, 2015). If content-based information is available, it is also
important to take into account the rating for the comment itself, i.e. by weighting up-votes
for helpful reviews (Schneider and Gupta, 2016). Although several studies find sentiment
to provide additional benefits over volume based information (Lau et al., 2018; Geva et al.,
2017; Bughin, 2015), such gains are still debatable, given the additional complexity. Kiibler
et al. (2017) indicate that the required method, as well as choice of metrics, depend on
brand strength and industry segment. We discuss keyword selection and sentiment measure

in more detail in Sections 2.3.3 and 2.3.4.

2.2.4 Forecast evaluation

The forecasting literature has established several forecasting principles that make the in-
terpretation and comparison of forecasts more transparent. These include the need for

adequate benchmarks (Armstrong, 2006; Armstrong and Collopy, 1992) and hold-out sam-
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ple evaluation with rolling origins (Tashman, 2000). The selected error metrics should be
conditional on the forecasting objective and a number of alternatives should usually be in-
cluded as the result maybe contradictory (Davydenko and Fildes, 2013; Fildes and Ord,
2002). For example using relative error metrics when the objective is to compare models.
Koning et al. (2005) also stress the importance of statistically testing the performance of
competing models. The surveyed literature adherence to these practices in a mixed manner,
as Table 2.1 depicts.

There are issues about the clarity of the experimental setup. For example, Yu et al.
(2018), Araz et al. (2014) and Won et al. (2013) provide very little details about the model
specifications of user-generated variables. Various studies are also unclear on the set up of
the evaluation sample (Chen et al., 2017; Jun et al., 2017; Onder, 2017; Choi and Varian,
2009). Although, most studies use hold-out samples with rolling origins some of the studies
evaluate them on very few observations (Elshendy et al., 2018; Araz et al., 2014). Other
studies do not report extensive forecast results, which makes it difficult to identify any per-
formance improvements (Bangwayo-Skeete and Skeete, 2015; Carriere-Swallow and Labbé,
2013).

If claims are to be made about the generalisability of the results, multiple time series
should be used. As the appendix attests, less than half of the investigated literature report
results for multiple series, and some of the remaining studies do not investigate more than
two series (e.g. Rao and Srivastava, 2013; Seebach et al., 2011). However, in some cases
carrying out experiments for multiple time series is not possible for applications that focus
on highly aggregated variables. Nonetheless, these could, for example, be split into regions
to provide more robust results such as in (Bulut, 2017; Onder and Gunter, 2016; Bangwayo-
Skeete and Skeete, 2015; Lampos and Cristianini, 2012). One-third of the surveyed literature
also includes statistical testing of the forecast results that typically strengthen their find-
ings. However, in the case of Bulut (2017) they lead to contradictory results since none
of the search traffic augmented models outperforms the random walk on the MSPE, but
the test find them to be significantly better. The contradiction maybe explained by the
distribution of the forecast errors. This led the authors to still draw a positive conclusion

on the usefulness of search traffic data.
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A further issue is that the conditionality of forecasts is unclear. For example, it is unclear
whether Hand and Judge (2012) use a 4 observation long test set in a rolling origin manner
or whether the horizon is set to four. The study by D’Amuri and Marcucci (2017) provides
12-month ahead forecast, but the maximum lag length of search traffic is four, requiring
unseen future information. Several studies also lack clarity as to whether the future search
traffic volume is considered as known or not in the test set (Onder, 2017; Onder and Gunter,
2016; Bangwayo-Skeete and Skeete, 2015; Won et al., 2013). Liet al. (2017) report significant
improvement for 4-weeks-ahead forecasts, using 5 lags of search traffic, but are unclear if the
values of the shorter lags were considered known or not. Barreira et al. (2013) indicate that
the 36 month out-of-sample forecast uses future values. Less than one-third of the surveyed
studies considered multistep-ahead forecasts. It is questionable how relevant one-step-ahead
forecasts are in a business context that for example require stock keeping (Boone et al., 2018;
Lau et al., 2018; Geva et al., 2017; See-To and Ngai, 2016; Seebach et al., 2011).

A further critique of the existing literature is that studies often fail to provide a thor-
ough comparison with adequate benchmarks. For example the studies by Kim and Shin
(2016); Won et al. (2013); Lampos and Cristianini (2012); Ginsberg et al. (2009) and partly
Choi and Varian (2009) report no benchmarks at all. Lau et al. (2018); Xu et al. (2017);
Peng et al. (2016); Skodda and Benthaus (2015) and Hand and Judge (2012) only com-
pare forecast performance amongst models that include online information. Most papers
use at least one benchmark that is the univariate equivalent of the proposed model using
the additional internet variables. However, established, and common in practice models,
such as exponential smoothing or the random walk, are often absent. If such benchmarks
outperform both the univariate and the enhanced models, then there is little value in them.
Therefore, the apparent lack of a thorough (or even valid in some cases) forecast accuracy
evaluation diminishes the value of the reported improvements.

To exemplify this, Cui et al. (2018) report gains over the company forecast, but there
is too little information on how the company forecast is produced or whether it was any
good at all. This critique echoes the arguments by Li (2016), Onder (2017) and Fantazzini
and Toktamysova (2015), who all report cases where the random walk outperforms models

that use search traffic information for some evaluation periods. Jun et al. (2017) and Rivera
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(2016) similarly find that the simple Holt-Winters method performs better than forecasts
that used additional internet information. In a study by Lazer et al. (2014) the Google
Flu index model is outperformed by a univariate model. A further downside of not using
established benchmarks is that it makes any meta-analysis of performance very difficult.
Including the random walk would help to draw overall conclusions.

To further illustrate the importance of including a wide variety of benchmark models
we replicate one of the experiments conducted by Choi and Varian (2012) and extend its
range of contenders. In addition to the proposed seasonal autoregressive model, we further
include the random walk (RW), as well as the Simple Exponential Smoothing model (SES)
and the Holt-Winter model (HW). Table 2.2 provides the Mean Absolute Percentage Errors
(MAPE). The result suggests that the Holt-Winters model performs best in both evaluation
periods. Furthermore, none of the models differ significantly at a 5%-level when evaluated

with the Friedman and Nemenyi tests (Demsar, 2006).

Table 2.2: MAPE for motor vehicles and parts (Choi and Varian, 2012)

AR ARX RW SES HwW

06/2005 - 07/2011  6.34% 5.67% 6.88% 6.70% 4.37%
12/2007 - 06/2009 8.87% 6.97% 587% 5.75% 4.84%

leadtime = 1, italic signifies original models

In the introduction, we posed the question whether such predictive information remains
relevant over the life-cycle of a product or service. There is some evidence from the marketing
literature that reports the impact of social network variables changing over time, due to
changes in the level of customer engagement (Kumar et al., 2016). Smith (2016) finds
changing coefficients of Google Trends indicators, some switching from positive to negative,
over the life-cycle. It is unclear whether this indicates a spurious or changing relationship.
Experiments which have included a rolling window evaluation with re-estimation do not
provide insights on the changes of the coefficients and in particular do not discuss the life-

cycle aspect (e.g. Cui et al., 2018; Geva et al., 2017; Bughin, 2015).
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2.2.5 Summary

To summarise the literature review we note that a majority of investigated papers report
positive findings for all types of user-generated data sources. The most frequently ap-
plied models are linear in the form of an ARX model, both in nowcasting and forecasting.
However, the conclusions of these studies must be tempered by their many limitations, in
particular the absence of adequate benchmarks, lack of model transparency as well as what
information the forecasts are conditional on. To be useful in operational planning decisions
they also need to be focussed on a meaningful forecast horizon. Given these weaknesses in
the forecast evaluation framework, we therefore cannot conclude as to which applications

are likely to benefit from user-generated information.

2.3 Handling user generated online information

2.3.1 Data consistency and reproducibility

Reproducing the results of forecasting experiments is a major concern for research (Boylan
et al., 2015). Lazer et al. (2014) question how stable and reliable are measurement sources
such as Google Trends over time. For instance, changes in the search algorithm employed
by Google can disrupt the performance of predictive models. Such changes are dependent
on decisions by the search engine provider that might be based on commercial interests.
Changes in search algorithms not only require model re-calibration, but also hinder scientific
replication. Recently, Google restricted the maximum window length for weekly data to
5 years. Hence, to obtain weekly data from 2004, stitching and re-scaling are required
(Johansson, 2014, provides a tutorial with one way of combining). This increases the risk
of obtaining different values for the search traffic.!

Furthermore, Google Trends index depends on samples which are re-drawn from day-
to-day (Varian, 2017). According to Barreira et al. (2013) this sampling instability explains

some of the inconsistencies in the results of their now-casting exercise. Carriere-Swallow and

"We were not able to find any official changelog of Google Trends but the issue is discussed in
forums; for example https://www.en.advertisercommunity.com/t5/Water- Cooler/Inconsistent-trends/m-p/
1175227 or https://productforums.google.com/forum/#!topic/websearch/HVYS9OnEjOo;context-place=
topicsearchin/websearch/category$3Amac
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Labbé (2013) report all queries within 24-hours to be identical, but across a 50-day sample,
the same query sample exhibit a standard deviation of more than 15%. Although, D’ Amuri
and Marcucci (2017) report that the cross-correlation between series of different days is
never below 0.99, they take the average of 24 downloads over 12 days from two different
IP’s for forecasting unemployment rate. Li (2016) replicates one of the experiments by
Choi and Varian (2012) but achieves different out-of-sample forecasts between the original
data and the newly obtained sample, highlighting issues of sample instability from Google
Trends that makes the replication of experiments more difficult. Li (2016) suggests that
taking multiple samples is a good solution, but it is unknown how many samples are needed
to approximate the “true” sample.

The research of Lazer et al. (2014) also points out that other platforms have similar
issues. For example, a study by Ho et al. (2017) reports that they were unable to report
the number of messages prior to 2011 due to changes to the Yahoo!Finance website. Ruths
and Pfeffer (2014) raise concern that social media platforms can enforce changes in data
streaming and filtering. For instance, the additional “like”-buttons Facebook introduced
to express emotions have an unknown effect on data continuity. Although for practitioners
reproducibility is a minor concern, the reliability of the models and the need for continuous

monitoring of the specifications is of importance.

2.3.2 Data bias

One of the disadvantages of user-generated information is potential selection sample bias.
This bias exists on all platforms and affects search traffic, product reviews as well as social
network platforms (Brynjolfsson et al., 2016; Ruths and Pfeffer, 2014). This is because
the platforms are not accepted equally in all countries, and furthermore, not the entire
population is using the platform equally often. For example, Brynjolfsson et al. (2016)
mentions the case that elderly people might not use online technologies to search for products
and services. This makes the right choice of platform crucial in order to align with the
forecast target.

Bias not only appears in the representation of the population, but also in terms of

content type. On social network platforms, such as Facebook, users tend to share a positive
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image (Barash et al., 2010), and research suggests that negative feelings are more likely to
be expressed on forums (Leung, 2013). Moreover, not all customers write reviews and the
reflected opinion might not represent the overall opinion of customers. Dellarocas et al.
(2007) report customers with strong positive or negative opinion are more likely to post.
Moreover, reviews from early adopters have been found to be systematically positively
skewed due to potential self-selection bias and the fact that early buyers may have different
preferences and requirements than late buyers. Therefore, ratings generally tend to decline
over the product lifetime (Godes and Silva, 2012; Li and Hitt, 2008) which impacts sales
(Moe and Trusov, 2011).

The often reported J-shaped distribution of online ratings (e.g. Schneider and Gupta,
2016) can have many sources including fraud, selection bias or herding effects (Aral, 2014).
Fraud might be due to manipulation by companies and their competitors. Mayzlin et al.
(2014) find evidence of fake hotels reviews on Tripadvisor with negative reviews by com-
petitors, but also positive ones created by the owners. Lee et al. (2018) shows that in the
movie industry Twitter sentiment is often positively manipulated in the pre-launch phase
and drops after release when actual viewers comment. Such manipulation may not only
impact sales, but also affect the willingness to post and, therefore, change the final product
perception (Moe and Schweidel, 2012). Positively manipulated reviews lead on average to
25% increased final ratings, suggesting an asymmetric herding bias (Muchnik et al., 2013).

Although, these biases are well studied, very little is done to address them in forecast
models. Nonetheless, cleansing data post-hoc, might eliminate important signals, since
a manipulated negative review that is still online will potentially affect sales and future
reviews. Even if it were removed, it is hard to track how it has affected other remaining

reviews.

2.3.3 Keyword selection

One of the major complications of using search traffic information is to select keywords
(Goel et al., 2010). That keyword selection matter is demonstrated in the research by
Brynjolfsson et al. (2016) discussed before. Geva et al. (2017) describes keyword selection to

be a trade-off between accuracy and coverage. Studies that tried to incorporate a very high
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coverage (Scott and Varian, 2015; Ginsberg et al., 2009) base their selection to identifying
keywords with the highest correlation from very large datasets (using Google Correlate one
can find correlated search queries to any given time series). While this method effectively
filters amongst million of possible queries, it remains prone to return spurious correlated
time series (Lazer et al., 2014) and requires a well-designed forecast evaluation to prevent
over-fitting. It also introduces major variable selection challenges due to the number of
multi-collinear inputs.

A large part of the investigated literature uses a judgemental selection based on only a
few keywords, such as product or brand name (e.g. D’Amuri and Marcucci, 2017; Geva et al.,
2017; Seebach et al., 2011) or words like “dow” for Dow Jones Index (e.g. Dimpfl and Jank,
2016; Hamid and Heiden, 2015). Other studies use more descriptive keywords for example
“Gifts for colleagues” to predict a wine and cheese SKU (Boone et al., 2018) or “Vacation”
to reflect economic income (Bulut, 2017). While this approach allows a better interpretation
of variables selected it might miss out important information. To broaden the numbers of
keywords Li et al. (2017) and Peng et al. (2016) use a seeding technique. They initially
define a range of keywords that was then used in a second step to gather recommended
keywords by the search engine. Perlin et al. (2017) count the frequency from a large list
of financial specific words in academic books to derive from a list of 15 selected words.
Similarly, Padhi and Pati (2017) identify 63 keywords from different literature sources and
interviews with destination clients. Researchers also tried to identify specific keywords to
obtain pre-purchase searches only. Von Graevenitz et al. (2016) for instance use scrappage
subsidies searches as pre-purchase indicators of new car purchases. Hu et al. (2014) use
composite search queries that excluded unrelated search keywords for new car sales such
as “repair”. Siliverstovs and Wochner (2018) use Google Knowledge Graph that covers
linguistic and semantic related keywords to a topic. For example, it can combine search
queries for a place covering different languages.

Another approach is to use automatic generated categories that search engines provide.
These categories cover several related keywords for areas like travel destinations or industry
sectors (e.g. Von Graevenitz et al., 2016; Bughin, 2015; Fantazzini and Toktamysova, 2015;
Scott and Varian, 2015; Wu and Brynjolfsson, 2015; Vosen and Schmidt, 2011; Choi and
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Varian, 2012). Brynjolfsson et al. (2016) criticise such categories being opaque and might
include irrelevant keywords that could harm the predictive ability. Instead, they suggest a
crowd-sourcing approach. They asked more than 500 persons to write down five terms that
came to their mind when seeing a particular word. Not only did they achieve higher forecast
accuracy, but they also found that the forecast accuracy improves steadily when increasing
the number of selected variables (up to 20). This result is in contrast to selection via
Google Correlate and WordNet lexical database, where forecasting performance decreases
when additional variables are added, indicating poor selection in these cases. Although
crowd-sourcing via services such as Amazon Turks might be relatively cheap, it can quickly
become expensive if keywords for several hundreds of products are required.

Another approach is judgemental pre-selection, which has not been applied to keywords
selection yet. Sagaert et al. (2018) report that for selecting macroeconomic leading indicators
using experts to pre-select a set of variables leads to forecast accuracy gains over using the

full set of variables, with LASSO modelling.

2.3.4 Sentiment analysis

With sentiment analysis one can investigate the opinion towards an entity within a written
text, for instance, the attitude people have towards a brand or product. It differs from count
or popularity data in that it captures a sentiment orientation (also called valence), classified
into positive, neutral or negative (Liu, 2015). Some of our surveyed studies, introduce further
levels to describe intensity or strength of the sentiment (e.g. Hou et al., 2017; Skodda and
Benthaus, 2015) or capture mood dimensions (Bollen et al., 2011).

The sentiment can either be self-declared (Ho et al., 2017) or derived with additional
analysis. Studies use content analysis (e.g. Geva et al., 2017; Cui et al., 2018), measure the
text complexity (Elshendy et al., 2018), or count n-grams for messages (Liu et al., 2016;
Lampos and Cristianini, 2012).

There is a large variety of methods for classifying sentiment. Typically, the manual
approach is very time-consuming (e.g. Liu, 2006) and therefore, text mining algorithms
are common. One can derive classification rules by training bespoke sentiment classifiers

using machine learning methods or use pre-defined lexicons. The lexicons are typically

21



based on language and slang dictionaries, but can also be built to cover domain-specific
knowledge (e.g. Chen et al., 2017; Tirunillai and Tellis, 2012). There are lexicons built
on semi-supervised classifiers such as SentiWordNet (Baccianella et al., 2010). These are
popular due to their simplicity and reproducibility (Geva et al., 2017; See-To and Ngali,
2016; Rao and Srivastava, 2013). Lau et al. (2018) provide a comparison between different
sentiment classification algorithms. They find that for forecasting product demand most
lexicons are not granular enough to reflect consumers preferences well and suggest the use
of abstract based classifiers, i.e. the sentiment is measured for each aspect (feature) of the
product individually such as for the battery or screen.

The survey of Ravi and Ravi (2015) also highlights various limitations of sentiment
analysis, one being that current methods still struggle with irony and sarcasm. Together
with spelling mistakes, data becomes noisy, and a significant amount of manual intervention
and supervision is required. This raises the question of how well-suited reviews are for
forecasting tasks, when operational costs are considered. For this reason, Schneider and
Gupta (2016) suggest using a bag-of-words model, which counts the frequency of each word,
together with dimensionality reduction techniques. This method is computationally fast and
able to run almost unsupervised. However, Cui et al. (2018) points out that bag-of-words
classifiers are not well suited for short and heterogeneous text such as often seen in social
networks comments. We are unaware of any research that compares demand forecasting

performance of bag-of-words models against lexicon or machine learning methods.

2.4 Empirical evaluation

2.4.1 Case studies

Based on our review of the literature we argue that it is not possible to assert conclusively
about the benefits of search traffic or social network information. More specifically, we are
interested in the application to operational forecasting, as there is limited research on this
area. We attempt to answer whether online platform information is useful by conducting an
empirical evaluation using two distinct case studies. First, we look at forecasting physical

video games sales using search traffic information from Google Trends, throughout the
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product life-cycle. Second, we aim to forecast YouTube views of corporate viral online
videos using social network shares.

We have selected these two case studies due to the nature of the target variables. Al-
though direct sales of video games over the internet are increasing, roughly three-fifths are
still sold as physical copies (statistic for the US market, Statista, 2017). Accurate demand
forecasts are, therefore, vital for the supply chain management. Concerning the second case
study, the very nature of viral videos implies that social network shares drive the process
(e.g. Abisheva et al., 2014; Broxton et al., 2013; Crane and Sornette, 2008). Corporate
videos are used to promote the offered services and products, where together with their vi-
rality can be considered as the electronic word of mouth (Babic Rosario et al., 2016), which
in turn support sales. Knowing future video views helps marketers to plan and adjust their

advertising activities (Liu-Thompkins, 2012).

2.4.2 Data

The first dataset consists of 78 global physical video game sales on a weekly frequency.
The data was obtained from VGChartz; a company specialised in collecting physical video
game sales (http://www.vgchartz.com). The same data provider has been used by various
researchers (e.g. Ruohonen and Hyrynsalmi, 2017; Xiong and Bharadwaj, 2014; Goel et al.,
2010). The video games considered were launched after November 2005 and belong to
different genres, including blockbuster titles such as the Call of Duty or the FIFA football
game series. We cover the period of sales up to February 2015 and limit the length of the
time series up to the point that 95% percent of the total recorded sales is reached, to filter
out high intermittency observed towards the end of the life-cycle. The median length of
time series is equal to 160 weeks (minimum 66 and maximum 447 weeks). For each game
title, we downloaded the corresponding Google Trends data (www.google.com/trends). For
our dataset, we downloaded the Google Trends information on a weekly frequency and used
the game title as the search keyword. Where available, we used “Topic search” over “Search
term”. This option, provided by Google, makes use of Google’s Knowledge Graph Search
API and combines several keywords associated with the topic for different languages. We

find that “Topic search” typically correlates better with our target variable.
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The second dataset contains viral corporate online videos. We collected videos views
by building a web crawler that tracked corporate YouTube channels using the Google’s
YouTube Data API, over the period from March 2015 to April 2016. Each time a new video
was published on the YouTube channel of an organisation, the crawler started tracking
cumulative views at a 15 minutes interval. In addition to video views, we also collected
the cumulative number of shares from Facebook, Twitter, Google+ and LinkedIn using the
YouTube video URL as a unique identifier. Note that at times there were outages either at
the Google API or our server, introducing missing values. These were imputed using linear
interpolation. Furthermore, we noticed that Google adjusts YouTube view counts on an
irregular, but quite frequent, basis. This can result in a negative change of the cumulative
views, which should not be possible. We believe this is due to algorithms used to avoid
artificial or erroneous view counts from bots and synchronisation errors. In order to remove
these effects, we treated these as missing values and used linear interpolation to impute
them.

We selected the 300 most shared videos on Facebook from our dataset. From the selected
videos many exhibit substantial amount of intermittent views towards their mature phase.
Similarly to the video games dataset, we have shortened the series when a certain threshold
of zero views has been reached. We model the series both at an hourly and an aggregate
daily level. In the case of the hourly dataset, this was set to 12 continuous zero observations,
while for the daily dataset this was set to 6. Some videos were excluded as they did not have
a sufficient number of observations to facilitate a thorough evaluation. The total is further
reduced as we only compare time series which contain enough shares in at least two social
networks. This allows us to investigate Facebook shares versus further social networks. The
final dataset consists of 63 videos with an average 122 days of observations (minimum 72
and maximum 179 days).

We provide two example time series for the two data types in Figure 2.1. The example
containing sales and search traffic is scaled for illustration purposes. Note that for clarity
the example of the YouTube video is without social shares. For the “GoPro - Best of 2015”
video clip we captured 3.6 million views and more than 25 thousand mentions on social

networks (www.youtu.be/IyTv_SR2uUo).
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Figure 2.1: Sample time series

2.4.3 Experimental setup

Our aim is to assess the predictive usefulness of internet variables, across the life-cycles of the
products, and follow the requirements laid out in Section 2.2.4. In order to facilitate this, we
employ a rolling window approach. The window has a fixed size of w observations that rolls
up to the point T'— h where T is the available sample size, and h is the forecast horizon. For
each dataset, we consider a number of different window sizes and forecast horizons (Table
2.3). Smaller window sizes resulted in very poor forecasts and were excluded. The rolling
window setup allows us to consider the launch phase or the mature phase of the life-cycle
of a product separately.

At each forecast origin, we construct forecasts that rely on the additional internet inputs
and appropriate univariate benchmarks. For the additional variables to be useful, they
have to lead to more accurate out-of-sample forecasts. We assess the performance at each
forecast origin using the Average Relative Mean Absolute Error (AvgReIMAE; Davydenko
and Fildes, 2013):

~ /MAE;
AvgReIMAE; ;, = 7| || ()
1 \MAE,,,

1 A
MAE = 3 Z Yt — Gl
t=1
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where n is the number of times series and j the number of forecast origins for each series.
First, the Mean Absolute Error (MAE) across all origins, for a given time series and horizon
is calculated for each forecast i. These are then divided by the MAE of the Naive forecast
(MAEy ) and summarised using a geometric mean to produce the reported AvgReIMAE
for each horizon.

This metric has favourable statistical properties and provides an intuitive comparison
between forecasts, where an improvement over the benchmark is given by value lower than
1. Subtracting the AvgRelMAE from 1 provides the percentage accuracy gain of a forecast
over the benchmark.

Finally, to evaluate whether any differences are due to randomness or not, we employ the
non-parametric Friedman test and the post-hoc Nemenyi test (Koning et al., 2005; Demsar,
2006). We use the Friedman and Nemenyi tests as implemented for R (R Core Team, 2016)

in the TStools v.2.1.0 package (Kourentzes and Svetunkov, 2016).

Table 2.3: Experimental settings for the different datasets

Dataset Window sizes (w) Forecast horizons (h) Explanatory lags (1)
Video games 20,24,...,52 1,6,12 1,2,...,6
Online videos (daily) 20,24, ...,72 1,6,12 1,2,...,6
Online videos (hourly) 24,36,...,120 1,12,24 1,2,...,72

2.4.4 Methods

We use the following regression model:

m k
ye=o00+ Y iyt Y Bt + e, (2.1)
i=1 =1

where y; is the target variable and x; is the explanatory online information variable; m and
k represent the number of autoregressive terms and numbers of lags of the explanatory,
respectively, and ¢; is a Gaussian zero-mean error.

As proposed by Hyndman and Khandakar (2008), we make our series stationary by using
the KPSS and the OCSB tests to identify level and seasonal-differences, respectively. This

also eliminates any spurious connections between 1; and .
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The challenge in (2.1) is the specification of m and k. Furthermore, one can consider
sparse specification, as not all lags may be informative (Hastie et al., 2015). In the afore-
mentioned literature different approaches have been employed to specify the relevant lags.
Granger causality is one of them (e.g. Ruohonen and Hyrynsalmi, 2017; Tirunillai and Tel-
lis, 2012). Another popular modelling approach is to use information criteria, such as AIC,
to identify the lag-order (for example, as in Hyndman and Khandakar, 2008). However,
note that in the presence of explanatory variables the number of potential models becomes
prohibitive very quickly. A stepwise approach can be used to manage the problem, however
the stepwise search strategy has been criticised for inadequate search of alternatives, due to
its greedy search nature (Hastie et al., 2015). The problem is exacerbated further by limited
sample size.

Considering the case where all social network information is available, in the extreme
case, our model needs to estimate up to 297 parameters using only 24 observations. To
solve this problem we rely on lasso regression that provides an effective and efficient search
of the model space and achieves sparsity, if needed, even when the number of coefficients
exceeds the available sample size. Lasso works by penalising the model fit with the absolute
of the sum of the coefficients, scaled by a shrinkage factor. This forces the coefficient of
uninformative variables to zero. For details of lasso, as well as a discussion of alternative
selection schemes see Hastie et al. (2015). We fit the lasso regression using R and the package
glmnet v.2.0-5 (Friedman et al., 2016) with its default settings.

Hereafter, we refer to these forecasts as ARX for the video games dataset and ARX
(FB) or ARX (All) if only shares in Facebook or more platforms are considered for the
video dataset.

We allow up to 6 autoregressive terms. For the hourly dataset we include additionally
up to 3 seasonal autoregressive terms. Furthermore, the model is augmented by up to [ lags
of the explanatory variables (Table 2.3). To simulate a true forecasting situation we restrict
the included lags to always be of order at least equal to the forecast horizon or longer, as
the in-between values would not be available. For example to forecast 3-steps ahead only
lags of order 3 or more are considered, as shorter lags would imply knowledge of the future

values of the explanatory variable.
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To further complete our experiment we also discuss the case where we allow contempo-
raneous explanatory variables in our model, producing now-casting results. Although this
is of limited operational benefit, it allows us to relate our experiment with the nowcasting
literature that has used such variables.

We compare our ARX forecasts against various benchmarks from different model fami-
lies. The first, represents the univariate autoregressive model that uses the same specifica-
tion method to ARX. Second, we include an ARIMA model, the orders which are identified
using AIC corrected for sample size (AICc), based on the model selection procedure by
Hyndman and Khandakar (2008). Furthermore, we use exponential smoothing (ETS), the
form of which is automatically selected by using AICc (Hyndman et al., 2008). Finally,
we include a Random Walk (Naive) forecast. In cases where the hourly online video time
series is seasonal, we further add a seasonal Nalve as a benchmark. The benchmarks are

implemented using the forecast v.7.2 package for R (Hyndman, 2016).

2.4.5 Results

Overall results

Table 2.4 presents the results for window sizes w = {20, 24,52} and for forecasting horizons
h = {1,3,6} weeks, across the complete life-cycle for both video game and online video
dataset. Results for other tested windows between 24 and 52 weeks are very similar and
therefore omitted. The striking result is that the Naive is consistently the best or at least as
good (with no significant statistical differences) as its competitors, followed closely by ETS
and ARIMA.

In most cases, the worst performing model is the simple AR that is outperformed by
the ARX, on average by about 2.8% on the video game and 2% for online video dataset.
We find, no evidence that this difference is significant. On the one hand, this supports
findings from the literature that search traffic can improve forecasts, but on the other hand,
it also verifies our criticism of weak experimental design. When benchmarked against more
appropriate univariate alternatives, here all ETS, ARIMA and Naive, we cannot support

that conclusion. Closer examination of the individual time series reveals that in the presence
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Table 2.4: Overall AvgRelMAE forecasting performance across all origins

h=1 h=3 h=6 h=1 h=3 h=6 h=1 h=3 h=6
Video games: n = 78

ARX 1.188  1.184 1.252 1.171  1.174  1.243 1.005  1.007 0.985
AR 1.147  1.211  1.339 1.148  1.210 1.279 1.001  1.023  0.999
ARIMA 1.069  1.075 1.098 1.072  1.084 1.106 1.094 1.095 1.097
ETS 1.066  1.072  1.090 1.072  1.076  1.092 1.038  1.045  1.040
Naive 1.000f 1.0007 1.000" 1.000t 1.000" 1.000% 1.000 1.000f 1.000
Online videos (daily frequency): n = 63
ARX (All)  1.185  1.200 1.295 1.165 1.238  1.217 1.246 1.275 1.314
ARX (FB) 1.184 1.193  1.290 1.174  1.181  1.204 1.289 1.275  1.317
AR 1.187  1.203 1.251 1.216  1.223 1.276 1.305 1.303  1.340
ARIMA 1.108 1.078 1.078 1.096 1.066  1.064 1.121  1.100 1.115
ETS 1.082  1.074 1.075 1.104 1.081 1.086 1.290 1.233  1.201
Naive 1.000t 1.000f 1.000f 1.000t 1.000" 1.000% 1.000" 1.000" 1.000"

1Different at 5%-significance level to ARX and all other benchmark models.
Different at 5%-significance level to ARX model
of adequate benchmarks there is no case where ARX ranks first across all benchmarks, but
it is easy to identify a single benchmark that would typically be worse than ARX. The need
for thorough benchmarking has been fundamental in forecasting research (Armstrong and
Collopy, 1992) and contrasting our results with the mostly positive impression from the

literature helps to highlight how important that is.

High frequency and nowcasting

Table 2.5 provides the results for the hourly time series. Although the forecast horizons
are now too short to support many operational decisions, looking at higher frequency data
allows us to explore whether intra-day lags may be more informative. In this scenario,
although the Naive is no longer best, overall we do not observe benefits from including the
additional variables. In fact, AR is in all cases more accurate than either ARX (All) or
ARX (FB). For longer window sizes (w = 120) ARX (FB) outperforms the Naive, but is in
turn outperformed by other univariate benchmarks.

Table 2.6 presents the now-casting results. For convenience, we provide the one-step-
ahead forecast errors as well. The difference in the specification between the two is that the
latter permits contemporaneous inputs of the variables. The results suggest that there are

improvements, yet still the Naive is more accurate for both datasets.
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Table 2.5: Overall AvgRelMAE forecasting results online videos (hourly) n = 63

w = 24 w="72 w = 120

h=1 h=12 h=24 h=1 h=12 h=24 h=1 h=12 h=24
ARX (All) 1.083 1.114  1.231 1.080  1.066 1.114 1.021  1.011 1.029
ARX (FB) 1.057 1.113  1.222 1.018  1.018  1.052 0.981 0996  1.018
AR 1.002  1.058  1.198 0.951  0.953  0.972 0.941 0935  0.939
ETS 0.953" 0.970° 0.993 0.943 0.901" 0.913 0.942 0.853" 0.856"
ARIMA 0.984 1.000  1.032 0.942 0.902 0.894" 0.935 0.881  0.871
Naive 1.000  1.000  1.000 1.000  1.000  1.000 1.000  1.000  1.000
sNaive 1.407  1.041  0.975" 1.368  1.004  0.953 1.363  0.992  0.945

* Different at 5%-significance level to ARX model.

Table 2.6: Now-casting versus one step-ahead AvgReIMAE forecasting performance

Forecasting Now-casting
w=20 w=24 w=2>52 w=20 w=24 w=>52

Video games

ARX 1.188 1.171 1.005 1.145 1.124 1.004
Online videos (daily frequency)

ARX (All) 1.185 1.165 1.246 1.175 1.193 1.286

ARX (FB) 1.184 1.174 1.289 1.164 1.162 1.278

Performance across life-cycle stages

Since the search traffic seems not to add much value over the entire life-cycle, we investigate
different life-cycle stages. Table 2.7 presents the results for the scenario of three-week-ahead
forecasts with a window size of 20, for different weeks since launch. Recalling the typical
nature of the demand pattern shown in Figure 2.1a, one would expect that search traffic
information would be particularly useful towards the beginning of the life-cycle, where there
are lots of spikes. However, as we can see from the results, ARX performs poorly for the
first few origins and only towards the end of life it starts to outperform the simpler AR
model. In this sense, the forecasting performance of the search traffic model is much worse
during the first year of sales than any univariate model. We found this behaviour to be
consistent with other window sizes and forecasting horizons.

Table 2.8 provides the forecasting results for the online videos across life-cycle. We
classify the life-cycle phases according to Rogers (2003), with the splits accounting for the
percentage of total views. The results show that social network information is not able to

deliver additional forecasting performance in any of the life-cycle phases and the forecasting
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Table 2.7: Forecasting AvgRelMAE performance for video games over life-cycle

Weeks after launch
28-35 36-43  44-51 52-EOL

ARX 1.665 1.308  1.200 1.110
AR 1.560 1.292 1.184 1.161
ETS 1.046 1.119 1.046 1.071

ARIMA 1.244 1.190 1.081 1.049
Naive 1.000° 1.000" 1.0007 1.000f
w=20,h=3

f Different at 5%-significance level to ARX

and all other benchmark models. " Different
at 5%-significance level to ARX model.

performance is quite consistent during the entire life-cycle, apart from the innovator phase.

Table 2.8: AvgReIMAE Forecasting performance for online videos over life-cycle

Life-cycle phases (%-of life-time views)

Innovators Early adaptors FEarly majority Late majority Laggards

(2.5%) (13.5%) (34%) (34%) (16%)
ARX (All) 1.043 1.093 1.121 1.082 1.109
ARX (FB) 1.021 1.096 1.125 1.084 1.124
AR 1.035 1.051 1.052 1.023 1.086
ETS 1.058 1.012 0.940" 0.954" 0.940"
ARIMA 0.981 1.010 1.001 0.985 1.008
Naive 1.000 1.000 1.000 1.000 1.000
sNaive 1.154 1.016 1.083 1.023 1.005

w=24, h =12
* Different at 5%-significance level to ARX model.

2.5 Discussion

2.5.1 Reasons for poor performance

The reader may ask why did the models with the explanatory variables from online platforms
perform so poorly compared to the benchmarks? Or why did the Naive perform that
well? Both datasets contain noisy time series with demand spikes, due to renewed interest
by the consumers/viewers. Such time series are notoriously difficult to predict without
causal information, which can explain the competitiveness of the Naive forecast against the
other univariate forecasts. This paper set out to evaluate the usefulness of online platform
variables for this purpose. We found that in many cases the ARX forecasts outperformed

some of the benchmarks, but in no cases, all of them, and overall the impression was that
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the inclusion of these variables helped only marginally, if at all.

Although our empirical evaluation has its limitations, and we do not claim that the
results generally hold for other applications and datasets, it should encourage researchers
and practitioners to think critically about the predictive capabilities of such data.

As discussed in Section 2.2, a large number of publications were not strictly in a predic-
tive setup, or when such was used, the forecast horizons were too short to support operational
decision making. Requiring forecasts for longer horizons implies an expectation that any
causality between internet search traffic or social network shares and sales will hold. How-
ever, it is not uncommon that internet searches and buying decisions are made instantly or
with a very short lag. Such impulsive buying decisions do not allow the manager to take
any reactive operational decisions. Our experiments support this interpretation and also
agree with the findings by Ruohonen and Hyrynsalmi (2017) who raise similar concerns. It
is unfortunate that the surveyed literature has mostly neglected this; reporting forecasting
results that do not match realistic applications does not add new insights into the usefulness
of such information.

As we have highlighted in Section 2.2.4, an unhelpful characteristic of many of the
published papers has been their weak experimental design, in particular concerning their
choice of benchmarks. In our two case studies, we found many cases were the ARX model
outperformed single benchmarks, typically its univariate equivalent, but when tested against
a set of well known and reliable univariate models it was never the best performing. We
have stressed the need for thorough evaluation (Armstrong, 2006; Armstrong and Collopy,
1992). However many publications, in this relatively new modelling research, come from
various disciplines that do not strongly adhere to these principles. Therefore, it is important
to retain a critical view of the usefulness of such information against well established and
tested forecasting models. This is particularly relevant for practitioners, who would need to

invest in developing new systems.

2.5.2 Challenges in practice

There are many potential pitfalls when collecting data from internet sources which we

discussed in Section 2.3. For instance, we underestimated the effort needed for data cleaning.
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Our data obtained from social networks and YouTube contained many arbitrary spikes and
changes in volume. We assume that these numbers vary because of potential click bait
validation and synchronisation between servers.

User generated content has been praised for its availability at high frequency, i.e. hourly
or even minutes (Tirunillai and Tellis, 2012). However, at a high sampling frequency, the
collected values may become unreliable, which may also explain to some extent the weak
forecasting in our results. While the fast data-stream allows for very granular sampling rate,
increased volatility, multiple-seasonalities and intermittency are introduced.

One further complication in practice might be how timely the data becomes available.
Most studies, including the one at hand, collect the data ex-post which makes it relatively
easy to find matchings keywords. However, given a relatively new product, such signals
might not be easy to identify, as search volume or reviews need to build up first. There
is a lack of research as to when such signals appear strong enough and when they decline
towards the end of the product life-cycle.

As discussed in Section 2.3.3, a further complication can be the selection of keywords. In
our case, we used the video game title, which turned out to be highly correlated to sales. In
practice, not all products or services will have such a distinct search keyword, and the signal
can become distorted by unrelated search events to the product in question. Another issue
is that the desired keyword may have too little search volume (Barreira et al., 2013). This
limitation becomes more severe when looking at a disaggregate level. Cui et al. (2018) and
Seebach et al. (2011) both suggest using hierarchical disaggregation methods for generating
SKU level forecasts. However, we are unaware of any study that evaluates the forecasting
performance of categorical and geographical disaggregation methods with internet platform

data.

2.6 Conclusions

In this paper, we investigated whether search traffic and social network shares are helpful
in improving demand forecasting. We first looked at the existing literature and identified

limitations regarding their experimental design, both from a statistical and practical point
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of view. Although the majority of publications argued favourably as to the value of such
data, our recommendation for researchers and practitioners is to take a more critical stance
in using it for forecasting.

From a forecasting point of view, we did not find substantial differences regarding pre-
dictive power in different phases of the life-cycle. However, it is beyond the scope of this
study to explore the usefulness of this information prior to launch. There is active research
in this area with promising findings (e.g. Kim et al., 2015; Xiong and Bharadwaj, 2014;
Kulkarni et al., 2012). It may still be very useful in different forecast settings, such as now-
casting or by providing insights into consumer behaviour. However, we underline the need
for adequate benchmarking and thorough forecast evaluation. All benchmarks used in this
study are well researched and understood forecasting models, which nowadays are trivial
to deploy and automate in a practical setting. At least, these should be outperformed be-
fore the inclusion of additional explanatory variables would be warranted. Researchers and
practitioners should also be aware of the data complexity, potential biases and dependency
from the platform providers.

Naturally, our evaluation has limitations, but it supports aspects of our critical stance
towards the literature. One could argue that our comparison is unfair since ARIMA or
ETS could also be augmented with additional variables. Although this is a limitation
of our design, specifying ARIMA or ETS with automated explanatory variable selection is
challenging and neither approach lend to readily select variables with a lasso. We also looked
exclusively at linear models and preferred modelling approaches that could be automated
and scaled up, reflecting the needs of the practice. Although we did not find any evidence
of non-linearity by exploring the datasets in our case studies, this will not be true for every
application. For example, Cui et al. (2018) postulate that non-linear models are the most
effective to include social media information. Our work leaves space for experimenting with

more exotic linear or non-linear models.
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A Detailed literature tables

The following Tables provide detailed insights on the literature surveyed for each of the
forecasting applications used in Section 2. For each reviewed study we list the target variable,
data source, identified best model and benchmarks used. Studies with distinct datasets have
been split into multiple lines. The column type names the internet platform and the column
measure indicates the nature of the data, e.g. volume or sentiment information. We also
report the data frequency, number of series, mazimum lag the user generated information
variable is incorporated and forecast horizon. The last column reports the relative mazimum
error reduction achieved, compared to the best performing benchmark without any online
information.

More specifically, Table A1 lists studies which forecast economic indicators including
home sales or unemployment benefits claims. Table A2 includes all surveyed papers which
look into forecasting financial markets, i.e. stock returns, index volatility etc. A list of
studies concerned with predicting public health and environmental target variables like
influenza outbreak forecast or environmental hazards is provided in Table A3. Table A4
then shows identified studies which forecast variables for services such as visitor arrivals
and cinema spectators. Last but not least, Table A5 highlight research concerned with
forecasting consumer goods. The first part in this table is on brand level forecasting and
the second part for studies which consider product level. All forecasting model abbreviations

used are explained in Table A6.
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Table A6: Abbreviations of forecasting models

Model Abbreviation

AAR Additive AR

ABT AdaBoost

ADL Autoregressive Distributed Lag
AR Autoregressive

ARFIMA AR Fractional Integrated Moving Average
ARIMA AR Integrated Moving Average
BH Buy and Hold strategy

BMA Bayesian Model Averaging
BSTS Bayesian Structural Time Series
BVAR Bayesian VAR

DLM Dynamic Linear Model

DW Dieci and Westerhoff Model
ELM Extreme Learning Machine
ESC Empirical Similarity Concept
IAC Housing a la Tacoviello

GARCH  Generalised AR Conditional Heteroskedasticity
GB Gradient Boosting

GLM Generalised Linear Model

HAR Heterogeneous AR

HW Holt Winter

LR Linear Regression

LSTAR Logistic Smooth Transition AR
MA Moving Average

MSDR Markov Switching Dynamic Regression
NN Neural Network

PELM Parallel co-evolutionary ELM
RF Random Forest

RwW Random Walk

SETAR Self-Exciting Threshold AR
SUR Seemingly Unrelated Regression
SVM Support Vector Machine

VAR Vector AR

VECM Vector Error Correction Model
VHAR Vector Heterogeneous AR
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Chapter 3
Estimating the market potential with pre-release buzz

With increased competition and shorter product life-cycles, forecasting the life-cycle sales of
new products prior to launch is becoming increasingly important to marketers and demand
planners. Our study contributes to the literature on new product adoption using analogies
by augmenting information from previous generations with pre-release search traffic. In
contrast to existing research, which relies on pre-release buzz information only for the launch
phase, we consider life-cycle sales. First, we propose a model of pre-release buzz and market
potential, establishing the connection between the two. Then, we validate this relationship
with an empirical experiment on sequential video game sales. Our findings support that
pre-release buzz contains predictive information up to 17 weeks prior to release and can
increase life-cycle sales forecast accuracy up to 20%. The explanatory power of pre-release
buzz varies across product generations. This evolution opens up marketing opportunities

and highlights why it is important to manage pre-release buzz.
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3.1 Introduction

With shorter product life-cycles and increased competition, generating accurate pre-launch
forecasts is vital for companies to plan marketing expenditures and production. Today,
a large number of new product launches represent incremental product innovation, rather
than radical new products (Markham and Lee, 2013). In this case a common forecast
strategy is to use analogies of previous or similar products (e.g. Hu et al., 2019; Lenk and
Rao, 1990). While the adoption shape is relatively straightforward to obtain, estimating
the market potential of the new product is challenging (Trusov et al., 2013). In practice,
this is typically done by using expert judgment (e.g. Kim et al., 2013; Bass et al., 2001;
Mahajan et al., 1986). However, there is substantial evidence that experts are biased when
forecasting the success of a new product (Belvedere and Goodwin, 2017; Markovitch et al.,
2014; Tyebjee, 1987).

Alternative approaches to predict the market potential such as consumer surveys (e.g.
Moon et al., 2016; Chintagunta and Lee, 2012; Eliashberg et al., 2000) or conjoint analysis
(e.g. Orbach and Fruchter, 2011; Lee et al., 2006) can be costly to obtain and only reflect con-
sumer preferences at a specific point in time. Meeran et al. (2017) showed, that throughout
the pre-launch phase, consumer preference for short life-cycle products change significantly
and can invalidate results from previous market research surveys. A more timely option
compared to surveys is to measure online pre-release buzz (PRB).

PRB reflects the aggregate anticipation of consumers towards a new product (Houston
et al., 2018). Various studies report improved pre-launch forecast accuracy when incorpo-
rating information from sources such as search engines (e.g. Tian et al., 2014; Kulkarni et al.,
2012), blogs (e.g. Kim et al., 2015; Dhar and Chang, 2009), microblogs (e.g. Gelper et al.,
2015; Asur and Huberman, 2010) and forums (e.g. Wang et al., 2010; Liu, 2006). However,
the majority have only investigated the forecasting potential for the initial weeks of sales,
which from an operational point of view might not suffice, given that traditional time se-
ries models require a reasonable length of sales history. Moreover, the time-to-order often
requires longer forecast horizons, and many fashion market products with a short life-cycle

have very few, or no, batch re-orders (Mostard et al., 2011).
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With the aim of enhancing the information base of analogy based forecasts, in this
research, we provide evidence on whether search traffic information from Google Trends, as
proxy for PRB, is useful in improving the estimation of the market potential prior to product
launch. Search traffic is particularly relevant when viewed as a proxy for consumer interest
in a product (Houston et al., 2018; Du and Kamakura, 2012; Stephen and Galak, 2012),
but also partially capturing the marketing expenditures (Srinivasan et al., 2016; Hu et al.,
2014). The market potential has been forecasted from post-launch advertising activities (e.g.
Toubia et al., 2014; van der Lans et al., 2010) or online reviews (Dellarocas et al., 2007)
demonstrating their impact on sales, but the literature suggest that pre-launch advertising
is more effective than post-release advertising (Burmester et al., 2015). Although, search
traffic and advertising expenditures are correlated, the user-generated content has been
argued to have a more substantial effect on search activities than advertising (Kim and
Hanssens, 2017) and more predictive power (Xiong and Bharadwaj, 2014).

In this paper, we propose an analogy based predictive life-cycle PRB model, to support
operational decision making, with which we (i) test the relation between pre-release buzz and
the market potential of a new product generation; (ii) analyse how the explanatory power of
PRB changes as the product generations mature and (iii) investigate the leading properties of
pre-release buzz for total end-of-life sales. We argue that any model that improve predictive
power has adequately approximated key elements of the underlying market structure.

Section 3.2 presents the relevant literature on pre-launch forecasting with pre-release
buzz. Section 3.3 elaborates how search traffic can be modelled in order to estimate the
market potential. Section 3.4 demonstrates empirically the value of the proposed models by
predicting physical video game sales prior to launch, using a variety of adoption curves. Our
findings suggest that pre-release buzz is a useful source, not only in predicting the initial week
of sales but also in explaining better the long-term market potential compared to models
that only contain past market potential information. Our empirical case of forecasting pre-
launch sales of video games supports the conjecture that pre-release buzz contains predictive
information 17 weeks prior to release and can increase life-cycle sales forecast accuracy up
to 20%. Our model achieves higher explanatory power for the total market potential than

it explains first week sales, underlying the importance of pre-release buzz for the market
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potential, with implications for marketeers. However, the explanatory power of pre-release
buzz varies across product generations. This provides new insights on how the predictive
value of pre-release buzz evolves, and this is discussed in Section 3.5 together with practical

implications on why it is important to manage PRB and concluding remarks.

3.2 Forecasting with pre-release buzz

The literature investigating pre-launch buzz information is summarised in Table 3.1. Be-
sides the PRB source that models the target variable, the Table also reports the dataset
size, model specification, benchmarks used as well as the maximum forecast horizon and
investigated lead time. The predominant applications are movie box office sales forecast-
ing and other types of hedonistic products, such as video games and music album sales.
Only Miilbacher et al. (2011) has investigated a product outside the entertainment industry
(alpine skis), but the sample size did not allow for a thorough forecast evaluation. Several
studies do not focus on the predictive side of these inputs and report only in-sample statis-
tics (e.g. Gopinath et al., 2013; Dhar and Chang, 2009; Liu, 2006). Other studies were more
predictively oriented but used a weak forecast evaluation design, i.e. missing benchmark
models with no clarity on the conditionality of their experiments with regards to PRB (e.g.
Tian et al., 2014; Onishi and Manchanda, 2012).

The studies that have investigated forecasting applications in more detail, have reported
positive findings. Kim et al. (2015) showed a reduction of over 40% MAPE when using
information from online blogs. Xiong and Bharadwaj (2014) forecasted video game sales
with search traffic information, blog and forum messages, which led to improvements of more
than 35% MAPE. Other studies used more specialised sources of information that would
not be available for all applications but proved useful in the specific pre-launch context. For
example, Foutz and Jank (2010) used a prediction market to forecast box office sales, which
led to a decrease in MAPE of more than 70%. Hann et al. (2011) use information from
peer-to-peer network shares as an indicator for predicting album sales, improving MAPE
by over 30%. This is in contrast to studies that have investigated short-term forecasts using

online information for established products. In this case, the findings are more mixed (see
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Schaer et al., 2019a, for an overview), since user-generated content apparently becomes less
effective as a driver of sales once the product is on the market (Marchand et al., 2017; Onishi
and Manchanda, 2012; Liu, 2006).

User-generated content has been incorporated into forecasting models in various ways as
shown in Table 3.1. For example, search traffic has been modelled by including it directly to a
regression model (e.g. Kim and Hanssens, 2017), by parametrising its shape with principal
components (Xiong and Bharadwaj, 2014; Hann et al., 2011; Foutz and Jank, 2010) or
hazard models (Kulkarni et al., 2012). Some studies also compared the predictive value of
different sources of information but were overall inconclusive in their findings. For example,
Xiong and Bharadwaj (2014) reported higher forecast accuracy using inputs from blogs than
search, whereas Kim and Hanssens (2017) achieved better forecast accuracy when using only
search. Apart from using shape and volume based data, relying on the valence of posts is
another frequently applied approach (e.g. Gelper et al., 2015; Asur and Huberman, 2010).
In forecasting box office sales Onishi and Manchanda (2012) found sentiment to contain
more information than volume, while Liu (2006) reached the opposite conclusion.

With the exception of the work by Miilbacher et al. (2011), these other studies have
focused on the opening week sales looking no more than one month ahead. Kulkarni et al.
(2012) argued that for movies a week-to-week forecast is not as important as the subsequent
weeks tend to follow a similar sales pattern that can be determined from the initial week sales
(for example using the approach by Sawhney and Eliashberg, 1996). From their perspective,
the most important objective was to estimate the magnitude of the initial week sales, but
it remains unclear whether the established relationship between pre-release buzz also holds
over a longer period of time. One of the key challenges in life-cycle modelling is to capture the
changing pattern of adoption period-by-period. Although this is conditional on the initial
sales, this is far from the only relevant factor. Our first hypothesis, therefore, addresses the

question of whether pre-release buzz can also predict sales over longer-term horizons;

Hypothesis 1 The market potential is conditional on pre-release buzz.

Studies focusing on the interaction between pre-release buzz and sales employ structural

equation models (Divakaran et al., 2017; Onishi and Manchanda, 2012). The literature that
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has focused on generating forecasts, all predict for a specific week, i.e. a single data point,
most often through linear regression (e.g. Ding et al., 2017; Gelper et al., 2015; Asur and
Huberman, 2010; Liu, 2006). Other studies used non-linear machine learning methods (Kim
et al., 2015; Tian et al., 2014) or base their estimation on functional regression (Xiong and
Bharadwaj, 2014; Hann et al., 2011; Foutz and Jank, 2010). The latter approach is reported
to perform well and for example achieved better results than regressing Bass curve growth
model parameters against the initial week of sales (Hann et al., 2011). Wang et al. (2010)
used pre-release buzz to improve the estimation of the growth parameters of a diffusion
curve, but not the market potential parameter, which arguably is closely connected to the
pre-release interest that consumers show for a product. In all surveyed studies the connection
of pre-releease buzz and the market potential aspect of a product has been neglected and
remains an open question.

Several studies have suggested that buzz appearing closer to the launch date is the most
useful (Xiong and Bharadwaj, 2014; Chintagunta and Lee, 2012; Hann et al., 2011; Wang
et al., 2010). Kim and Hanssens (2017) pointed out that most of the literature concerned
with a box office revenue only forecast very near the day of release, which essentially leads
into a now-casting approach possibly limiting its managerial relevance. As a justification
for the short-term focus, Chintagunta and Lee (2012) stated that a week before the release
is sufficient to adjust the proposed movie marketing campaign and negotiate the rental fees.
However, there are few studies that have explored predictive ability with longer lead times,
despite the increased relevance for planning purposes: this is of particular interest when the
forecast is aimed to provide information for production and supply chain decisions.

An issue related to the forecast horizon is the lead in the pre-release buzz data. Kulkarni
et al. (2012) reported that forecasts of box office sales four weeks prior to launch are more
accurate than forecasts in the week before launch when using online search. Gelper et al.
(2015) developed forecasts with Twitter data up to 30 days prior to launch, and Kim and
Hanssens (2017) improved forecast accuracy three weeks prior to release from blog posts
and search volume information. The longest lead time in our literature survey considered
was 40 weeks. However, in this case, Foutz and Jank (2010) relied on prediction market

information, which can be generated earlier than online blog posts. For music album sales,
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Hann et al. (2011) considered up to four weeks prior launch, but their models underper-
formed compared to the benchmark based on album characteristics on median percentage
errors 4 and 3 weeks before launch. For physical video games sales, Xiong and Bharadwaj
(2014) generated forecasts 151 days before product launch. Even at this early stage, their
forecasts outperformed their benchmarks that were based on product characteristics and
ad spending. Closer to launch, the forecast errors of the pre-release buzz model gradually
reduced by 30% MAPE and also outperformed a benchmark which included pre-orders 90
days before release. Their finding suggested that online user-generated information could
be useful for predictions substantially in advance and contain more explanatory information
than company internal data.

A few studies have investigated the difference between sequels and non-sequels. They
reported pre-release buzz of sequels to observe a steeper trend (Xiong and Bharadwaj, 2014;
Foutz and Jank, 2010) and a higher initial level of buzz (Craig et al., 2015; Xiong and
Bharadwaj, 2014). Liu (2006), on the other hand, has reported that the investigated Word-
of-Mouth of non-sequels accounts for 6% higher box office revenue, but this conclusion was
based on only 3 sequels were available in that dataset. All those studies incorporated se-
quels as binary dummy variables (also noted in Marchand, 2016) and did not investigate the
predictive ability of pre-release buzz for different product generations. Therefore, we for-
mulate a second hypothesis which considers whether pre-release buzz differentiates between

product generations;

Hypothesis 2 The predictive value of pre-release buzz is different between product genera-

tions

A common approach to forecasting new product demand is to rely on information of
previous generations or products with similar characteristics (e.g., Hu et al., 2019; Baardman
et al., 2017). In the reviewed literature, only Hann et al. (2011) with movies and Tian
et al. (2014) analysing music albums took such information into account. In this research,
we propose a different modelling approach that relies on pre-release buzz and information
from analogous products. Therefore, we examine whether in predicting future adoption, it

is beneficial to supplement past adoption profiles with pre-release buzz, which effectively
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reflects multiple underlying factors. This approach has the benefit of being very economical
in terms of the required fitting sample. Specifically, we argue that the realised market

potential is conditional on the pre-release buzz.

3.3 Market potential estimation with pre-release buzz

We regard market potential as the overall life-cycle sales, which is the cumulative adoption.
Within the Bass modelling approach this corresponds to parameter m (Bass, 1969). The

cumulative adoption (A4;) of a product can then be described as
Ay =mF (), (3.1)

where m is the market potential and F' (-) can be any function defining the cumulative shape
of adoption across time. We discuss alternative life-cycle models in Section 3.4.2, while in
this Section we formulate the connection between overall product sales and pre-launch of
generations of products.

In this research, we focus on sequential product launches, as these offer the most nat-
ural setting for forecasting by analogies. A large number of companies spend a significant
amount of their research budget on incremental product innovation, rather than radical
new products (Markham and Lee, 2013), or in the case of movies and video games, follow
a brand extension strategy where an existing brand name is attached to the sequel (e.g.,
Hennig-Thurau et al., 2009; Sood and Dreze, 2006). Irrespective of the specific context there
is a strong link between the previous product generation and the new one in their sharing
similar product features. Without this distinctive connection, one would have to gather
additional information about related products and markets, to identify useful analogies
(Goodwin et al., 2014).

Pre-release buzz (PRB) has been encoded in various ways by the literature. In this
research we will focus on the volume of search traffic. Typically search traffic is represented
as a relative measure and reflects the interest towards a product (Houston et al., 2018; Du

and Kamakura, 2012; Stephen and Galak, 2012). We postulate that:
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Hypothesis 3 Pre-release buzz has a multiplicative (proportional) relationship with market

potential.

In the surveyed literature both multiplicative and additive model specification for pre-
release buzz exist. However, the modelling motivation seems to be mainly data driven and
has not been discussed in depth. While the majority of the research has used log-log models,
and therefore a multiplicative connection, Craig et al. (2015) and Kim et al. (2015) only
used logarithmic sales, resulting in a log-linear models, whereas Tian et al. (2014), Xiong
and Bharadwaj (2014), Hann et al. (2011); Asur and Huberman (2010) and Foutz and Jank
(2010) used fully additive models. In this research, we explore these alternative model
specifications in more depth.

Table 3.2: Multiplicative market potential estimation with pre-release buzz (PRB)

Model Equation Estimation Model

point restriction
M.1 mj = co - APRB;1 . m;’?_l ‘€5 j>5 Full
M.2 mj =Co- API{B;1 =y ] > 4
M.3 mj =co - APRB?1 “Mj_1 - € j>4 Restricted
M4 iy = APRBS -mj_1 - g j>3 forms
M.5 rhj = APRBJ . mj_l . Ej j Z 2
M.6 mj = APRB; TMji—1-&j ] >2

Table 3.2 introduces the multiplicative models for the estimation of the market poten-
tial of the jth generation that in the full form is an autoregressive indicator model with
differenced (A)PRB between the two consecutive generations (model 1) as an explanatory
indicator with the error assumed to be a log-normal ¢; ~ log \VV (O, 0]2->. In the multiplica-
tive form the model reflects our hypothesis of proportional relationship (H3). Moreover, the
autoregressive process takes into account the carry-over effect between product generations
(Situmeang et al., 2014). However, as indicated in the second last column, the full model
requires at least 5 product generations, due to the number of parameters that need to be
estimated. For this reason, we introduce alternative restricted versions. Model 2 is without
the autoregressive term, Model 3 incorporates past market potential with a fixed coefficient

of one. Model 4 and 5 are further restricted by dropping the intercept and coefficient es-
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timation of PRB, respectively. In these cases, the latter only requires two observations for
its estimation. Motivated by the findings of Kim et al. (2015), who find model combination
to work well, we introduce Model 6 which has its PRB coefficient set to 0.5, in contrast to
Model 5. That is a combination of 50% PRB and 50% random walk, i.e. the last observation
mj_1. Although, there are various ways to determine optimal combination weights, equal
weights have been found to work well and often outperform more complex weighting schemes
(Claeskens et al., 2016; Genre et al., 2013), in particular when the estimation sample is very
limited as is the case here, when forecasting generation j + 1. Furthermore, reducing the
PRB coefficient towards zero underlies the principal idea of shrinkage (Hastie et al., 2015;
Green and Armstrong, 2015), where we take a more conservative approach dampening the
effect of PRB over the simpler random walk model.

Table 3.3 provides the corresponding additive models with errors n; ~ N (0,0]2). We
consider both so as to be able to test H3, investigating the nature of the PRB relation with

market potential.

Table 3.3: Additive market potential estimation with pre-release buzz (PRB)

Model Equation Estimation Model

point restriction
Al mj =g + alAPRBj + aomj_1 +n; ) Full
A2 mj = ag + a1 APRB; + 7 j>4
A3 m; = ap + a1 APRB; + mj_1 + n; Jj=4 Restricted
A4 1y = a APRB; +mj_ 1 41, j>3 forms
A5 mj = APRB; +m;_1 +7; j>2
A.6 m; = %APRB]‘ +mj—1+n; Jj=2

Our approach is limited in that we cannot forecast the initial generation. Furthermore,
more complex market potential models require the estimation of additional coefficients, and

therefore rely on additional past generations data.

3.4 Pre-release video game adoption modelling

For our empirical evaluation, we focus on the adoption of video games. The release of

new games within a franchise is common amongst publishers and account for 80% of the
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top 20 games sold in 2017 (ESA, 2018). Furthermore, the gaming community is actively
using internet platforms, such as blogs or social media, to interact with upcoming video
game releases. Publishers devote a substantial amount of advertising budget into pre-
release advertising (Marchand and Hennig-Thurau, 2013) making them an ideal subject
for studying pre-release buzz. We use physical video games sales data from VGChartz
(http://www.vgchartz.com), a data source also used in other pre-release research studies
(e.g. Marchand et al., 2017; Xiong and Bharadwaj, 2014). The dataset contains weekly
aggregate sales, across platforms, of 255 games that are part of 57 popular game franchises,
including titles such as Call of Duty and EA FIFA Football series. The number of instalments
within a franchise range from two to eleven, and on average each franchise has 3.4 game

titles.

Sales for Assassin's Creed

Sales
0 600000
| 1 1 1

=1 =2 =8 4 =5 =6 =7

Google Trends

Peak scaled search traffic

Figure 3.1: Generations of the Assassin’s Creed compared to Google Trends

In this research, we use Google Trends search traffic as a proxy for PRB. Figure 3.1
illustrates the relationship between observed sales and PRB, where the correlation between
the two is apparent, motivating the models introduced in Tables 3.2 and 3.3. Situmeang
et al. (2014) find that there is a significant carry-over effect between video game generations,
i.e. a generation with good or bad user experience will impact the upcoming release, further

strengthening the stipulated models.
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3.4.1 Pre-release buzz data

To represent PRB, we collected search traffic information from Google Trends (www.google.
com/trends) for each video game. In using Google Trends, there are two relevant modelling
questions. The first regards the number of periods of recorded search volume we consider,
the window length w, and how many periods [ this information is leading before the launch
of the product of interest at time 7', the launch date. Consequently, for these windows, we

then sum Google Trends (GT) so that:

PRB; =Y GTjr_i_p). (3.2)
k=1

In the experimental setting it is possible to either expand the PRB window over time
or keep it fixed. While studies with an expanding window size (e.g. Gelper et al., 2015;
Xiong and Bharadwaj, 2014) report gradually improved forecast accuracy towards release,
Kulkarni et al. (2012) find better performance in smaller window sizes further away from
the release date. They argue that one month prior to the release, PRB models the future
adoption better, but they do not evaluate smaller window sizes closer to release. Therefore,
it is unclear whether forecasts change due to the window size change or the distance from
the release date. Some indication comes from the findings by Kim and Hanssens (2017),
where the same window size helps to measure the adoption closer to release, but the window
consists of one observation only. Therefore, since there is no clear recommendation stemming
from the literature, we investigate both dimensions: (i) the window size; and (ii) the lead
time.

To select keywords we use the Google Knowledge Graph entity that combines linguistic
and semantic related keywords into one search query. In contrast to a single keyword,
this leads to more robust search traffic coverage (e.g., Schaer et al., 2019a; Siliverstovs and
Wochner, 2018). When there is no Google Knowledge Graph entity available, we use the
video game title as the keyword.

Google Trends is peak scaled, i.e. the queried data are always scaled between 0 and 100,
thus making different data requests non-comparable. Each query allows retrieving search

volume for up to five keywords. Since franchises may have more than five games, we use
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a neutral scaling keyword, in our case the keyword “marker”, to achieve comparable data,
without requiring an excessive number of queries. We scale each video game’s popularity
relative to the reference keyword. This is done by calculating the sum of the scaling key-
word’s popularity for a specific period and scale it to the sum of video game keyword (see,
Schaer et al., 2019a; Kim and Hanssens, 2017, for a discussion on scaling and data reliability
of Google Trends).

We run the experiment with a preset rolling window evaluation from 26 until 1 week
prior to release and re-run it with different PRB window sizes from 4 to 12 weeks. At a
maximum we consider search traffic information up to 38 weeks prior release, an approach
similar to Xiong and Bharadwaj (2014) who included pre-release buzz 181 days pre-launch
(26 weeks).

3.4.2 Life-cycle curves

For the adoption curve F'(-) in Equation (3.1) we use a set of parametric and a non-
parametric life-cycle curves. We consider a number of alternative curve specifications to

establish the usefulness of PRB beyond a single life-cycle specification.

Parametric curve fitting

The adoption curve illustrated in Figure 3.1, with its steep decline, is typical for some
hedonistic products and the literature suggests several potential candidates (see, Clement
et al., 2006, for a review). When forecasting with analogies, the Bass curve is the most
frequently used (e.g. Lee et al., 2014; Goodwin et al., 2013; Bass et al., 2001). The cumulative

adoption from the Bass curve for generation j is

: 1 —exp (= (P +45)t)

F(jit) = ) , (33
exp (2) (= (35 + 45)1)

where p; and g; are the coefficients of innovation and imitation for generation j respectively
(Bass, 1969). After each generation, we update the shape parameters, to take into account
any potential change in buying behaviour over time, i.e. the rate of innovators may be

different in the second generation due to the gaming experience in the previous generation.
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We consider two variants of the Gompertz curve, which provided the best fit on a mobile

game diffusion study (Yi et al., 2019). The cumulative adoption is defined by

a (j,t) = exp (—&j exp (—@t)) ) (3.4)

where a; is the shape parameter and b; the coefficient for scaling. The three parameters of
the Gamma/Shifted Gompertz (G/SG) (Bemmaor, 1994) offer greater flexibility, and in the
literature, there is evidence of good forecasting performance (Bemmaor and Zheng, 2018;
Meade and Islam, 2006; Bemmaor and Lee, 2002). The shift is achieved by adding the ¢;

parameter:

~ A

Fjt) = (1 - exp(—zsjt)) exp (—at) " (3.5)

Furthermore, we examined the Weibull curve that has been used for hedonistic prod-
ucts (e.g. Moe and Fader, 2002) but this resulted in very poor performance. Similarly, we
also abandoned generational diffusion models that take into account interaction between
generations as they did not converge (e.g. Bass and Bass, 2001; Norton and Bass, 1987).

All parametric life-cycle models are estimated using non-linear least squares using the
diffusion package (Schaer and Kourentzes, 2018) for R (R Core Team, 2018). Each curve
is fitted only on data available up until the release of the new game including the required
lead time, i.e. the parameters of a curve for generation j are estimated on generation j — 1
up until period T" —[. Since the sales history for some games can be several years until the
launch of the next instalment in the franchise, we truncated the right tail to facilitate the
estimation of the curve parameters, which is common practice for life-cycle models (e.g.,
Acimovic et al., 2019). The truncation occurs when the growth rate is less than 0.05% of

the cumulative sales per week. On average this limits the series to around 40 weeks.

Non-parametric curve fitting

Besides the parametric models, we introduce a non-parametric curve, based on the centred
moving average. In contrast to parametric curves, this approach can flexibly approximate

any adoption shape. The curve is defined as
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k
A 1
F(jt) = 1 Z Yj1t+v, (3.6)

v=—k

where the order of the centred moving average is 2k + 1. We set k equal to 4 periods and

interpolate the first and last £ periods of observed sales Y;; from and to zero linearly.
2 P Js Yy

3.4.3 Performance evaluation

There are various ways to asses the performance of the suggested market potential estimation
models, one being investigating its in-sample fit. However, such performance assessment
is not reliable, as it is prone to overfitting. To test the validity of the proposed PRB
models we evaluate their predictive performance. Any model that can predict has adequately
approximated key elements of the underlying market structure. We generate forecasts for
the market potential m;, with j > 2, for each product, as described in Section 3.3. Then
we generate cumulative forecasts for each of the life-cycle curves in Section 3.4.2, for 52
weeks. For some cases, the evaluated forecast horizon is shorter, as there are no further
observations in the dataset.

Table 3.4: Market potential estimation benchmarks

Estimati

Model Equation stination
point
B.1 m; =mj_1+¢;j j=>2
B.2 mj:co-mjllfj j=>4
B.3 m; = ap + arm;_1 + €, j=>4

To assess the gains from the inclusion of PRB in the estimation of the market potential,
we consider a number of benchmarks, presented in Table 3.4. A good way to assess predictive
performance is to compare against simpler models that do not rely on parameter estimation
(e.g. Armstrong, 2006). Such models, are simple to implement, at little computational cost
and offer a good reference point for cross-study comparisons. In the case of pre-release
forecasting, the Random Walk model corresponds to the observed market potential from
the previous product generation (B.1). A second class of benchmarks (B.2 & B.3) assesses

the performance against the univariate equivalent of the models introduced in Table 3.2
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and 3.3. This directly displays how much benefit the incorporation of PRB has within the
same model family. For each model we assess the performance at each generation using the

Geometric Mean Relative Absolute Error (GMRAE):

GMRAE; , =

AE; i = |9it+n — Yit+nl

where 7 is the candidate model that gets divided by the Absolute Errors of the benchmark b,
which in our case is the Random Walk forecast (B.1) in Table 3.4, for each series ¢ and hori-
zon h. The error is summarised with the geometric mean across all n products. GMRAE is
an intuitive scale independent error metric. Errors smaller than 1 imply that the evaluated
model outperforms the selected benchmark (Ord et al., 2017) by (1-GMRAE)*100%. Fur-
thermore, we track the resulting bias of the predictions, as this provides insights on whether
a model is prone to over- or under-forecast. We report bias in the form of the Relative Mean

Error (ReME)

n+1 ME;,
RelME; , = —— :
i = T T M E,,|
1 n
ME = n Z (Ge+n — Ye+n)
h=1

where the mean error of the candidate model r gets divided by the absolute Mean Error of
the Random Walk benchmark (B.1) b. This is done to adjust for the scale of the errors. It
follows that a candidate models with a positive value tends to over-forecasts and vice-versa,
while normalisation by the benchmark allows for comparison across products. The metric
is summarised with the median across all n products, as the geometric mean is unsuitable

due to the possible negative values that can appear.
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3.4.4 Results
Performance for the first week and end-of-life

Table 3.5 presents the performance for the first week (FW) and end-of-life (EoL) cases for
the different game generations and lead time of 7 periods. The numbers of estimated games
for each generation is indicated in brackets for each column. We find that a PRB window
size of 6 periods consistently performs best across different lead times, which we will discuss
in more detail later in this Section. We treat the end of the forecasted horizon of 52 weeks
as defining the end-of-life of a product. Any empty cells reflect models that cannot be
estimated due to insufficient observations. Models are identified as specified in Table 3.2
and 3.3, with the multiplicative specification marked as M and A for the additive case.
The reported values are the combined performance for all life-cycle models. Next to each
error, an arrow indicates the average bias direction; pointing down or upwards for under-
forecasting or over-forecasting, respectively. The best performing model for each column is
highlighted in bold.

Overall, the best performing model for the first week sales is M.5, however for the 2nd
generation of games M.6 performs better. The latter also outperforms all other models on
the end-of-life scenario. Both models help to better explain the market potential compared
to B.1, the best performing benchmark, for the first week as well the end-of-life scenario by
13% and 24.3%, respectively.

We also note that the fully specified model (M.1 & A.1) trails against most of its re-
stricted counterparts. This suggests that more parsimonious model specifications can better
estimate the market potential, both for the first week and the end-of-life sales. The sample
size needed to estimate the full unrestricted model limits its applicability and performance.
This effect is also evident in the benchmarks, where the autoregressive based B.2 is able to
outperform B.1 for 5 and more generations but still trails M.5 and M.6 by 3.8% and 10.3%
for the first and end-of-life, respectively.

So far we have only considered the performance of the first and last week of sales.
Marketers, however, are also interested in the predictive performance over the evolution

of the life-cycle. For instance, this supports planning advertising campaigns. Table 3.6
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presents the result for model 1 and its most restricted counterparts, model 5 and 6. The
overall result in the last column confirms that at longer horizons only the very restricted
models are competitive with the benchmark B.1. Looking at the individual life-cycle curves,
the CMA and the Gompertz curves perform best. Note that for the latter comparison we

assessed all individual curves against the Bass Random Walk (B.1 Bass).

Table 3.6: GMRAE performance across all generations and forecasting horizons (w = 6,1 =
7)

Model # Bass Gompertz G/SG CMA Overall

M.1 1.259 1.138 1.216 1.090 1.150
Al 1.225 1.112 1.332  1.021 1.143
M.5 0.908 0.904 0.927 0.887 0.913
A5 1.004 0.985 1.009 0.952 0.995
M.6 0.817 0.797 0.836 0.772 0.811
A6 1.004 0.985 1.009 0.952 0.995
B.1 1.000 0.991 1.021 0.958 1.000
B.2 1.379 1.673 1.403 1.408 1.437
B.3 1.452 1.438 1.629 1.403 1.452

In order to further confirm the suggested finding that PRB adds predictive value we test
whether differences are significant and not due to randomness. As the GMRAE errors are
not normally distributed, we apply the non-parametric Friedman and the post-hoc Nemenyi
tests (Hollander et al., 2014; Demsar, 2006). We use them to see whether any of the errors
from models M.6, A.6 and B.1 are significantly different, by using the tsutils v.0.9.0 package
for R (Kourentzes, 2019). We find that for for all scenarios the first week and end-of-life
sales all models are significantly different from each other. Therefore, we can confirm HI
that PRB contains predictive value not only for the initial week but is also for the entire
market potential.

In H2 we argue that the predictive content of pre-release buzz changes across product
generations. Since the generations have a different number of sample sizes, the Friedman
test is not appropriate, and we replace it with a non-parametric Kruskal-Wallis. It appears
that the errors of M.6 are only significantly different across generations for the the end-of-life

and all horizon case. In Figure 3.2 the box plots show the error spreads of M.6. We see that,
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for the first week sales (Figure 3.2a), the variance steadily decreases the more mature the
franchise gets and is smaller than the end-of-life scenario (Figure 3.2b) where error variance
increases over generations. Therefore, we only accept H2 that the predictive ability of PRB

varies across product generations for longer forecast horizons.
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Figure 3.2: Variance of GMRAE errors across generations for M.6

Finally, we test whether there is a multiplicative or additive relation between PRB and
sales. In order to test this connection, we rely on the models that approximate the behaviour
of life-cycle best, which in our case are the multiplicative M.6 and its additive equivalent A.6.
We subtract additive GMRAE errors from the multiplicative ones for all life-cycles curves.
Since the errors are non-normally distributed, we rely on a non-parametric comparison,
and consider a negative median to indicate a multiplicative relationship, and vice-versa.
To test for significance, we conduct a two-sided Wilcoxon signed-rank test as to whether
the differences are non-zero for the first week, end-of-life and all forecast horizons. The
test confirms in all scenarios a significant multiplicative relation and we accept H3, which

suggest that PRB has a multiplicative (proportional) relationship with market potential.

Bias evaluation of PRB

The observed bias, indicated by arrows in Table 3.5, depicts that the best performing models,
5 and 6, are consistently under-forecasting. To provide a better insight of how many time
series are effectively under-forecasted, Table 3.7 illustrates the percentage of underestimated
time series per generation for M.6, A.6, M.5, A.5 and B.1 (top 5 rows). The bottom rows
show the difference between the alternative models. It is evident that there is an overall

tendency to underestimate. Note that the bias tendency for B.1, A.6 and A.5 are nearly
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identical. Except for the second generation, all models are under-forecasting the end-of-life
less often than the first week sales, but no clear trend is visible as franchises mature.

Table 3.7: Percentage of under-forecasting across the different generations (w = 6,1 = 7)

Gen. = 2 Gen = 3 Gen = 4 Gen = 5+
Model # FW  EoL FW EoL FW EoL FW EoL
M.6 %  69% 67% 60% 4% 55% 0% 58%
A6 3%  76% 63% 64% 2%  50% 67% 5%
M.5 2%  64% 68% 57% %  61% %  62%
A5 3%  76% 63% 64% 2%  50% 67% 5%
B.1 3% 6% 61% 61% 2% 50% 67% 57%
M.6 - A.6 2%  -T% 4% 3% 3% 5% 3% 2%
M.5- A5 1% -12% 5% ™% 5% 11% 8% 5%
A6-A5 0% 0% 0% 0% 0% 0% 0% 0%

M.6 - B.1 2% - 7% ™% 1% 3% 5% 3% 2%
M.5 - B.1 1% -12% ™%  -4% 5%  11% 8% 5%
A5/6-B1 0% 0% 2% 3% 0% 0% 0% 0%

Leading properties and impact of Google Trends window size

The results so far correspond to window size and lead time of 7 weeks. When testing for
different Google Trends window sizes (w), we found that having smaller or larger window
sizes consistently damaged the forecasting accuracy for all tested lead times. However, we
tentatively conclude that the performance of the window size is application dependent and
the analyst should evaluate the predictive power of different sizes to identify the appropriate
one via out-of-sample test.

The dashed (green) line in Figure 3.3 illustrate the performance of M.6 across different
lead times () for the first week. PRB has predictive value more than 26 weeks prior to the
product release. End-of-life sales (dotted red line) and across all forecast horizons (solid blue
line) are both estimated better than first week sales for the last 10 weeks prior to release.
Their explanatory power, however, becomes less 17 weeks or earlier to the release date. Note
that the sample sizes is reduced to 227 games for the case of 26 weeks lead time, as for some
games there was no search traffic signal available. Also, note that the performance for the
all horizon scenario steadily improves towards release. For the first-week sales predictions,
one of the best performances is observed 10-13 weeks in advance while end-of-life sales have

the lowest around 4-6 weeks. For M.5 the results are similar, however the end-of-life sales
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Figure 3.3: Forecast performance of M.6 for all scenarios at different lead times (w = 6)

trail B.1 after 10 weeks.

Instead of just using the sum of Google trends the literature suggest to approximate
it by using splines (Xiong and Bharadwaj, 2014) or growth curves (Kulkarni et al., 2012;
Hann et al., 2011). We investigated a similar approach by predicting Google Trends using

exponential smoothing models but found no significant benefit.

3.5 Discussion and concluding remarks

In this study, we set out three hypotheses that we test by performing an empirical out-
of-sample evaluation to measure the predictive power of pre-release buzz. We confirm HI
in that pre-release buzz is not only adding value to predict early week sales but also in
explaining the entire market potential of new products. We find that PRB is only heteroge-
neous in its predictive ability across sequential products explaining end-of-life sales, partly
confirming H2. Finally our findings suggest that the relationship between PRB and the
market potential is multiplicative as postulated in HS.

The empirical analysis shows that PRB significantly contributes to explaining first week

and end-of-life sales above naive models. Our results confirm the previous findings from the
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literature (cf. Section 3.2) with regards to first week sales and provide new insights on PRB
containing information for the entire market potential. Pre-release buzz carries a different
amount of information for the first week and end-of-life sales. It seems counter-intuitive that
long-term estimations consistently perform better than the first week sales when forecasting
with PRB closer than 9 weeks prior to release. The literature suggests pre-release advertising
and publicity to positively impact long-term sales (e.g. Burmester et al., 2015; Elberse and
Anand, 2007). We show that this relationship is also true for PRB. To some extend this is
expected, given the close dependency of marketing efforts and pre-release buzz (Kim and
Hanssens, 2017), but our findings highlight that the benefits from measuring PRB reaches
beyond the first week, a fact which has been overlooked by the literature.

Forecast improvements are achieved using search traffic well in advance of the release
date. Notably, the first week of sales forecasts including PRB outperform our benchmarks
for all lead times up to 26 weeks, however, for the entire market potential we find that only
shorter lead times were helpful. We argue that the closer to release, the greater is the impact
on the the long-term sales, as it increases the certainty of consumers. Moreover, advertising
campaigns for video games typically start around 9 weeks prior to release (Marchand et al.,
2017) and may explain why PRB becoming more informative towards release. The maximum
feasible lead-time that is achievable, however, depends on the product type, as consumers
invest different amounts of effort to inform themselves about different products (Bhatnagar
and Ghose, 2004).

We observed that the first week error variance for M.6 reduces as the franchise matures,
but remains changing for the end-of-life and all horizon scenario. This explains why H2 is
only accepted for end-of-life and all forecast horizons. A higher error spread for long-term
scenarios is expected as additional factors become relevant, such as word-of-mouth or post-
release advertising activities, which affect the overall adoption. The literature argues that
the uncertainty of product adoption is reduced over the life-span of a franchise and directly
cannibalises advertising effects (Hennig-Thurau and Houston, 2019). This would intuitively
imply that pre-release buzz becomes a weaker indicator over generations since consumers
are familiar with its content and might reduce their search activity which would indicate

fewer sales. However, our findings do not support this interpretation since the forecast
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error variance decreases for first week sales and heterogenous for long-term over time. One
possible reason is that internet searches might become more focused: If consumers know
the product, they might still check up on product, for example its release date or price,
but it receives fewer unfocussed searches from consumers who may eventually not buy the
product.

From a modelling perspective, it is interesting to see that the most restricted alternatives
(M.5 & M.6) have the best explanatory performance of new product sales. In contrast to
model M.5, which has a PRB coefficient set to 1, setting it to 0.5 in M.6 greatly reduces error
variance. Although, the first week estimations overall achieves a slightly lower explanatory
power (+2.8%), the model becomes particularly useful for the end-of-life scenario and 2nd
generation where accuracy increases more than 10%. In general, the multiplicative formu-
lation is more prone to generating larger outliers, since it is sensitive to shifts in the PRB.
The additive formulation is more conservative and exhibits less bias, but adds only limited
predictive information. M.6 largely overcomes this issue. This shows that (i) parsimonious
PRB models clearly outperform more complex counterparts in the presence of few product
generations and (ii) further restricting the coefficients, as in M.6, which is motivated by

model combination and shrinkage, increase predictive performance further.

3.5.1 Managerial implications

Expert judgment is the predominant approach in new product forecasting, partly due to
the complexity of relevant statistical methods (Kahn and Chase, 2018). Our research ad-
dresses this issue by introducing a forecasting PRB adoption model for sequential product
generations that is relatively simple to implement and can be readily automated. This is
particularly true given that the best performing prediction of market potential are achieved
by incorporating percentage change between two generations and the simple moving av-
erage model being the best individual life-cycle curve. We advise to use a multiplicative
formulation of PRB as shown in model M.6. Moreover, the high percentage of demand
under-forecasts offers a potential route for further exploring forecast combinations. In a
recent survey, more than 70% of managers believe they over-forecast new product demand

(Kahn and Chase, 2018). Although, the literature on combining statistical pre-launch fore-
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casting models and expert judgment is sparse (Perera et al., 2019), a 50-50 equally weighted
forecast combination has been shown to work well (Petropoulos et al., 2018; Blattberg and
Hoch, 1990).

For video game publishers the appropriate allocation of ad spending is crucial. Our
research suggests that stimulating PRB is important for achieving greater product suc-
cess. The study by Marchand and Hennig-Thurau (2013) suggests that for the duration of
our dataset coverage, publishers invested more in post-release campaigns. This is counter-
intuitive to how the sales adoption takes place and also conflict with the scholarly opinion,
which found pre-release advertising of video games to be marginally more effective than
post-release advertising (Hennig-Thurau and Houston, 2019). Both Burmester et al. (2015)
and Kim and Hanssens (2017) suggest a greater focus on pre-release campaigns and to create
awareness through communication. Furthermore, the timing and design of the pre-release
advertisement impacts on the generated buzz (Nguyen and Chaudhuri, 2018; Schroll and
Grohs, 2018).

3.5.2 Limitations and further areas of research

Our approach only includes search traffic information from Google Trends to model fu-
ture market potential. To cover PRB fully, Houston et al. (2018) suggest the inclusion
of anticipatory communication, search and participation in experiential activities type of
data. However, so far the investigated studies only cover one or two sources (cf. Section
3.2). Therefore, we cannot rule out the possibility of other sources contain more predictive
information.

In practice, a limiting factor might be that not every product has clear keywords to obtain
pre-release buzz signals (for a review see, Schaer et al., 2019a). We assume, however, that
many manufacturers of popular electronic goods such as digital cameras, mobile phones and
to some extent computer components, are ideal candidates to apply the suggested approach
since those products are often highly anticipated and their communities discus the expected
new arrivals actively online. In contrast, more generic or niche products may not have
easy to capture pre-release signals. For those type of products crowd-sourced keywords, as

suggested by Brynjolfsson et al. (2016), is a possible solution that we will explore further in
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future work.

A natural extension of our work is to investigate the interaction of PRB, its relation-
ship to marketing spend and the effects on product adoption shape parameters (as some
initial findings by Wang et al., 2010, suggest). Moreover, besides the option to combine
statistical and judgmental forecasts, as suggested earlier, there is also room to investigate to
what extent PRB can be used to support judgmental decision making as evidence from the
literature suggest that contextual information can lead to better forecasts than just using

historical sales data information (Seifert et al., 2015).

3.5.3 Conclusions

Our study directly contributes to the literature on diffusion modelling. Many studies have
omitted the estimation of the market potential by assuming it to be known (e.g. Baardman
et al., 2017; Lee et al., 2014; Goodwin et al., 2013). We conclude that the evidence provided
by our PRB model supports its importance in predicting market potential of future genera-
tions of sequential products. Our proposed method, based on PRB, has the advantage that
it is inexpensive to collect and reflects the consumer interest directly.

The suggested PRB model relies on a freely available source that provides organisations
with insights on product standing and competition. Since the data is available with high
frequency, shifts in consumer interest can be monitored and associated with the sales ex-
pectations (Belvedere and Goodwin, 2017). The lead time over which such predictive PRB
information is available would allow decision makers to continuously adjust their marketing
and operational planning until release. Last but not least, the proposed M.6 model requires
only two data (generations) points to obtain valuable insights about the market potential,

in comparison to models suggested in the literature.
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Chapter 4

Competitive intelligence with pre-release buzz:

Predicting competitors’ new product sales

In today’s competitive market environment it is vital to have insights about competitors’ new
product launches. Past studies have demonstrated the predictive value of pre-release buzz
(PRB) for forecasting new products. Relying on those findings and its public availability, we
investigate its usefulness for estimating sales of competing products. We propose a model
for predicting the success of competitors’ product launches based on our past product sales
data and competitor pre-release Google Trends. We find PRB to increase the predictive
accuracy by more than 18% compared to models that only use internal available sales data
and product characteristics of video game sales. We conclude that this inexpensive source of
competitive intelligence can be helpful when managing the marketing-mix and in supporting

new product release planning.
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4.1 Introduction

In today’s competitive market environment, marketers and senior management are con-
cerned with both the success of their products and closely monitoring competitors’ actions.
The internet has facilitated Competitive Intelligence (CI), offering companies new ways to
observe competitors’ actions (Teo and Choo, 2001) and is of strategic importance to or-
ganisations (Calof and Wright, 2008). At the aggregate high-level, typical key performance
indicators at brand level include the estimation of penetration, market share or the share
of wallet (Zheng et al., 2012). At a lower-level companies regularly assess the performance
of new product and service success (Fehringer et al., 2006).

Before a company can release a new product, a critical task is to estimate its market
potential, which allows the adjustment of marketing and operational actions. New product
forecasting is a challenging task, in particular if conducted pre-launch (Goodwin et al.,
2013; Trusov et al., 2013). Recent studies suggest that pre-release buzz (PRB) information
can substantially improve new product forecasting (e.g. Schaer et al., 2019b; Kim et al.,
2015; Xiong and Bharadwaj, 2014). PRB represents the aggregated anticipated interest of
consumers towards a new product (Houston et al., 2018) and has been collected for example
in the forms of search traffic information (e.g. Schaer et al., 2019b; Tian et al., 2014), blogs
(e.g. Kim et al., 2015; Dhar and Chang, 2009) or microblogs (e.g. Gelper et al., 2015; Asur
and Huberman, 2010).

Companies can easily obtain PRB for competitor products. This makes it attractive to
apply new product forecasting in the context of CI, to infer the success of their products.
Studies which include PRB information have focused on own products sales only (Schaer
et al., 2019b) or they have estimated and predicted new product sales from a dataset that
includes products from multiple brands (e.g. Divakaran et al., 2017; Onishi and Manchanda,
2012). While the richer dataset typically provides better estimates, it does not reflect a real-
world environment in which sales information is only available for their own brands. This
questions the realism and feasibility of the reported value of these estimates. In the analysis
that follows we use the word brand as a synonym for companies, publishers or producers.

We distinguish between internal and competitor brands. While internal brand data typically
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provide full access to sales history and marketing activities, external competitor insights are
constrained to only what is publicly available. Assuming some degree of homogeneity among
competing products, a key question is whether competitor PRB can be used together with
internal sales data to infer competitor success.

In order to understand the role of PRB, in this study, we focus on video games that have
a short life-cycle and exhibit intense competition. We find that competitor PRB information
improves predictions of competitor’s new video games market potential by more than 18%
compared to models without PRB information. Furthermore, we find that splitting the
data by publishers is at least as effective as using product clustering, which supports our
homogeneity assumption for the video games market. Our findings enable direct managerial
actions, as the additional knowledge about competing products allows marketers to adjust
the marketing mix and provides useful insights to plan product releases.

In Section 4.2 we first examine the literature on new product forecasting with PRB
information and how this research has addressed competition. Section 4.3 illustrates our
forecasting approach to measure the market potential of competitor products with internal
sales information and competitor PRB, which we then evaluate in Section 4.4 by forecasting
video game sales prior to release using search traffic information from Google Trends. Section
4.5 then discusses the findings and the practical managerial implications with conclusions

following in Section 4.6.

4.2 Predicting new products with PRB and the competition

aspect

The efficiency of predicting the success of a new product using pre-release buzz information
has been well researched, as Table 4.1 illustrates. The majority of studies focused on box
office sales. Other studies looked at music album sales (Hann et al., 2011; Dhar and Chang,
2009), video game sales (Schaer et al., 2019b; Xiong and Bharadwaj, 2014) and alpine skis
sales (Miilbacher et al., 2011). The authors have used a variety of PRB sources including
forum discussions (e.g. Craig et al., 2015; Liu, 2006), blog posts (e.g. Divakaran et al.,

2017; Onishi and Manchanda, 2012), posts on Twitter (e.g. Gelper et al., 2015; Asur and
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Huberman, 2010) and Facebook (Ding et al., 2017; Kim et al., 2017). Another major PRB
source is online search traffic in the form of Google Trends (e.g. Kim and Hanssens, 2017;
Kulkarni et al., 2012) or Baidu (Tian et al., 2014). Although not all studies evaluated the
predictive performance on a hold-out sample (Table 4.1), the overall conclusion is that PRB
provides substantial improvement for pre-release estimation, both with volume and valance
based PRB inputs.

In Table 4.1 the column estimation / hold-out shows that most studies estimate and
evaluate their models across multiple brands. While such a cross-brand approach has the
advantage of evaluating the effects of PRB on a richer dataset, it is somewhat impractical in
terms of operational decision support, as it does not reflect what might be seen in practice,
where companies typically only have access to sales data about their own products. How-
ever, even with a smaller intra-brand sample, PRB can provide significant improvements
(Schaer et al., 2019b), but its potential remains unexplored for competitor products. On the
other hand, various brand-related variables are not helpful for intra-brand samples (Onishi
and Manchanda, 2012; Foutz and Jank, 2010; Dhar and Chang, 2009) and their predictive
information has been questioned by Foutz and Jank (2010). This possibly explains why
only limited studies included it, as the column company control depicts.

Although the general scholarly view is that the success of entertainment products de-
pends on the competition and strength of own brand (see Hennig-Thurau and Houston,
2019), there are mixed findings regarding their relevance when PRB is considered. For ex-
ample, studies that measured competition by the number of competitors’ products released
during the same period (Divakaran et al., 2017; Xiong and Bharadwaj, 2014; Kulkarni et al.,
2012), or the average age of top 20 movies (Liu, 2006), found an insignificant competition
effect on sales. Contrary to this finding, Kim et al. (2017) reported substantial gains in
forecast accuracy when including a broader set of competition variables such as the number
of seats and screens for the top 5 movies from the same genre or distributor. However, none
of these studies use any competitor PRB information.

Research suggests that PRB is impacted by advertising expenditure and genre (Xiong
and Bharadwaj, 2014) and whether it is a sequential and non-sequential product (Craig

et al., 2015). Divakaran et al. (2017) reported significant effects from star power within a
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new movie. Xiong and Bharadwaj noted that for video games there is a publisher effect,
but is only significant early in the pre-release phase and vanishes closer towards release, as
more details about the video game emerge. This illustrates that PRB is a wide measure
which carries various informative dimensions, which are difficult to directly measure for
competitors.

Another stream of CI literature investigated how user-generated content can identify new
competitors (Abrahams et al., 2013) and developed benchmarks to asses their own social
media performance (e.g. He et al., 2015, 2013), but we are unaware of specific research
for the pre-release phase. Gopinath et al. (2013) analysed blog market coverage of movie
studios, but not in a predictive context. This motivates our investigation on the extent that
PRB contains predictive value for competitor’s products so as to enhance the CI insights
further.

Randomised sample (cross-brand estimation)
Training Test

|) Brand | Brand | Brand

Competitor focus (intra-brand estimation)
Training Test

.. Brand Brand Brand
i) B C D

Leave one brand out (cross-brand estimation)
Training Test

Brand Brand
iii) c D

Figure 4.1: Difference between randomised cross-company, intra-company and cross-
company competitor forecast

Brand
B

Figure 4.1 illustrates the different ways to split a cross-brand dataset. Scenario (i) is the
standard approach that is used by most studies that investigated new product forecasting
with pre-release buzz: all brands are represented randomly in the training and test sample.

This is ineffective for our research, since we are interested in forecasting competitor sales
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with intra-brand information only, we propose to split the dataset according to scenario (ii),

and formulate our first research question:

Research Question 1 Does PRB improve the predictions for competitors’ new product,

using internal sales data, compared to non-PRB models?

While this will allow us to investigate the impact of PRB, it does not demonstrate its
efficiency compared to cross-brand estimation. Therefore, we formulate a second research
question that investigates the information loss when restricting the training to intra-brand

data:

Research Question 2 Does the incorporation of cross-brand information into PRB models

outperform intra-brand PRB competitor models?

To answer this question we alter the sampling methodology to the case shown in sce-
nario (iii), where sales from multiple brands are available to assess predictions for a single
competitor brand, increasing the estimation sample over the previous case. As we noted, in
many cases this may be infeasible in practice.

Strictly speaking, restricting the dataset from the cross-brand data to just intra-brand
data is a crude form of clustering. This will only work when the different brands are
homogeneous enough, so that the internal products act as analogies for the competition.
Such a use of analogies is a common forecasting approach (Goodwin et al., 2014). An
alternative way to manual clustering is to use segmentation to split the dataset into more
homogeneous sub-samples. Our third research question investigates using brand versus

product segments.

Research Question 3 Are predictions by brands superior to using product segments?

Last but not least, having the sample reduced to intra-brand level substantially reduces
the number of available observations, especially for smaller brands. Nonetheless, as discussed
earlier, even with small datasets PRB could still provide improvements. The last research

question, investigates how estimation sample size impacts predictability.

Research Question 4 Do brands with a larger sample of intra-brand sales data (from

previously launched games) result in PRB models with smaller forecast errors?
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In summary, our first research question investigates the efficacy of the approach for
inferring competitors’ sales, while the other research questions explore the efficiency and

conditions of good performance of the proposed model.

4.3 Estimating the market potential of competitors’ new prod-

uct

To answer the outlined research questions, we introduce the two models outlined in Figure
4.2. The first, is a regression-based model which can be applied to both intra-brand and
cross-brand data, abbreviated subsequently with iRg and zRg, respectively. The second is a
two-staged model, based on segmentation, using clustering and classification. Although in
principle we can cluster intra-brand data, the available sample size of own launched products
might limit its applicability in practice. Therefore, we consider the segmentation model only

for the cross-brand data, which we use as a benchmark, labelled as zCI.

Intra-brand Cross-brand
iRg xRg xCl
Regression Regression Clustering

|

Classification

!

Forecast Forecast Forecast

Figure 4.2: Different approaches to obtain competitor forecasts. Clustering for intra-brand
data is subject to sufficient sample.

4.3.1 Functional regression

A common way to predict new product sales with PRB is to use functional data analysis
(FDA,; e.g. Xiong and Bharadwaj, 2014; Hann et al., 2011; Foutz and Jank, 2010). In contrast
to classical regression, FDA does not regress the raw inputs directly on the target variable,

but instead, for each observation, compresses vectors of values (curves) into scalars (Ramsay
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and Silverman, 2005). For example, instead of considering all past PRB up to period ¢ as
a vector vector of length ¢, it uses the total PRB volume that is a single number. We
regress the cumulative sales Y 71, for a new product j at time 1"+ h where A is the desired
forecast horizon and T is the product release date. Note that by using cumulative sales the
last observation within a product life-cycle automatically reflects the total sales (or market

potential within a product adoption context; Bass, 1969). The model is
ij,T—s—h = f(PRBj7t,P7”OdCh(LTj) + €5, (41)

where f(-) represents a scalar of variables of PRB and product characteristics and e; =
N(0, ajz). An advantage of this representation is that it allows easy mixing of time-variant
information from PRB with time-invariant variables such as product characteristics. This
is achieved by reducing vector across time into single vectors describing their characteristics
(see Fulcher, 2018, for an general overview on time series dimensionality reduction). The
most common way to reduce the time dimension of PRB is either to sum its volume over a
certain period (e.g. Gelper et al., 2015; Tian et al., 2014; Wang et al., 2010) or by capturing
its adoption dynamics with diffusion model parameters (Kulkarni et al., 2012) and functional
principal components (FPC; Xiong and Bharadwaj, 2014; Hann et al., 2011; Foutz and Jank,
2010). Although Xiong and Bharadwaj (2014) and Foutz and Jank (2010) directly compared
FPC against volume-based PRB models, they did not include both information types that
can be considered complimentary, as they summarise the information in different ways.
Since our goal is to maximise predictive power, we use all information types and let the
forecasting model determine the influential ones. In addition to the measures described in

the literature, we also quantify the velocity and trend, which are defined below.

PRBvolume

For brevity we define the per-period PRB as g;; and its cumulative as G;;. When mea-
suring the PRB volume, two relevant aspects are the number of periods over which PRB is

calculated and the time before release, i.e. the window length w and lead time [ to product
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release date T'. We measure the volume as follows:

PRBVOIJ' = Zgj,(T—l—k)' (42)
k=1

Characterising PRB by its volume has the disadvantage that any dynamics are lost and
the same volume may follow very different trajectories, which can affect the later product
adoption (see Xiong and Bharadwaj, 2014). The subsequent variables try to capture these

dynamics in different ways.

PRBvelocity

A simple way to measure the adoption speed is to measure the number of periods it takes

to reach a certain percentage of the overall PRB adoption:

N
PRBvelocity; = » 1 {gfg“”*" < T} , (4.3)
]7T_l

n=1

where 7 is a threshold that can be any number between 0 and 1 and 1 is an indicator

function that takes the value 1 when its condition is satisfied and zero otherwise.

PRBtrend

Another way to describe the dynamic is to fit a linear trend through to the observed PRB
up to the point gr_;. Once this curve is estimated, we can use the slope parameter as the

PRBtrend measure.

PRBadoption

Another alternative is to parametrise the increasing buzz through diffusion curves (e.g. Lee
et al., 2014; Goodwin et al., 2013). The best-known diffusion curve is Bass (Bass, 1969),
which describes the word-of-mouth process through innovators and imitators as captured

by the coefficients p and g, respectively. First we can fit a Bass curve to each product Gj;:

R 1—exp(—(p;+qi)t
ijt_ p( (PJ QJ))

e (2) (-0 + )1

(4.4)
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Then, we use the estimated p; and §; coefficients as our measure to describe PRBadoption:

PRBadoption; = (pj,q;)- (4.5)

Note that we also experimented with other diffusion curves, but those had a worse fit on

PRB.

PRB functional principal components

Functional Principal Components (FPC) analysis has gained popularity for predicting new
product adoption (e.g. Fan-Osuala et al., 2018; Sood et al., 2009). Studies that use FPC for
forecasting with PRB report better predictive performance against diffusion curves (Hann
et al., 2011) and volume-based models (Xiong and Bharadwaj, 2014; Foutz and Jank, 2010).
The idea is to characterise and identify unique shapes of all PRB adoption curves through
Principal Components Analysis (PCA). It is recommended to first smooth the raw shape
by using smoothing splines (Ramsay and Silverman, 2005). This is advised so as to reduce
the noise in the recorded PRB.

We decompose the smoothed curve into principal components and use the principal
scores as our PRBfpc measure, i.e. include for each product a number of individual prin-
cipal component scores that describe its variation from the mean behaviour. FPC has the
disadvantage that all PRB curves are required to be of the same length. Generally, it is easy
to have equal length PRB inputs. However, FPC will take dynamics such as slow adoption

into account.

Product characteristics

In addition to the PRB information, we consider additional product characteristics related
to competitors’ product that are available before release. Since we aim to evaluate our
research questions on video game sales data, we consider information which are typically
available for entertainment products. Those include information such as the Genre (labeled
as PCTGenre; Kim and Hanssens, 2017; Xiong and Bharadwaj, 2014), the Sequel number

(PCTsequel; Craig et al., 2015; Xiong and Bharadwaj, 2014; Hann et al., 2011; Foutz and
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Jank, 2010; Liu, 2006) and information about the Release time (Kim and Hanssens, 2017;
Xiong and Bharadwaj, 2014, PCTrelease;). Several studies also included marketing infor-
mation such as ad spend (e.g. Kim and Hanssens, 2017; Xiong and Bharadwaj, 2014) or
competition (e.g. Gopinath et al., 2013; Kim et al., 2017). However, such information will
only be available to companies that have access to marketing intelligence databases and po-
tentially at an aggregation level that limits its usefulness for predicting individual product
launches. In this research we focus on freely available sources.
The model in equation (4.1) can be written as:
M
Y r4n = o + ay PRBvolume; + o PRBtrend; + Z am2PRBdvelocity; m~+

m=1
D E

Z apfyd+2 P RBadoption; g + Z apN+D+et2PRB fpcj o+
d=1 e=1
A

Z aM4D+E+2+2PCTgenre; . + anypypsz+3PCTsequel j+
z=1
1%

Z aM+D+E+Z+v+3PCTrelease;, + ¢, (4.6)

v=1

for j = 1 to I for intra-brand estimation and j = 1 to X for cross-brand. We will use
logarithmic version of all raw inputs (sales, PRB and product characteristics), as suggested

by Schaer et al. (2019b).

4.3.2 Functional clustering

A different approach is to use product segmentation to obtain more homogeneous subgroups
and use them to forecast instead. We construct segments using clustering, which is a
common approach to predict new product sales (recent examples include Hu et al., 2019;
Baardman et al., 2017; Basallo-Triana et al., 2017), but we are not aware of applications
to PRB data. We use functional clustering where functions are used to reduce the time
dimensionality, similarly to FDA (see Goia et al., 2010; Sood et al., 2009, for applications
to short time series). We first obtain k-clusters and then train a multi-class classification
algorithm to predict the corresponding cluster of a new product. This has the advantage that

we can include additional post-release information to increase the richness of the classifier
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inputs for better performance.

A helpful source to further enrich our segmentation dataset is the inclusion of product
reviews (labelled as PCTreview; see Chintagunta and Lee, 2012; Zhu and Zhang, 2010;
Dellarocas et al., 2007). Another set of information that may be beneficial is to incorporate
the dynamic of sales, similarly to how we model PRB information, in the form of sales
volume (SLSsales), the time it takes until a certain percentage of total sales is reached
(SLSvelocity) and its adoption curve parameters (SLSadoption). However, for modelling
video game sales the Gompertz curve is recommended (Schaer et al., 2019b; Yi et al., 2019).

We therefore, estimate the adoption of the cumulative sales Y;; using Gompertz:

Yj’t = exp <—€Lj exp (—i)ﬂf)) , (4.7)

where a; is the estimated shape parameter and Bj the estimated coefficient for scaling (Meade
and Islam, 2006). These additional inputs are only used for clustering. The classification

algorithm uses only data that is available pre-launch, as in (4.6).

4.4 Predicting the success of new video games releases

We empirically evaluate the outlined research questions, by predicting the sales of video
games from different publishers. The video game industry operates in a highly competitive
multi-billion dollar market (ESA, 2018). In this market it is common that the gaming
community actively engages online on platforms, such as blogs or social media, to discuss new
video game before release. This is further fuelled by publishers with advertising activities
(Marchand and Hennig-Thurau, 2013). Furthermore, the relative homogeneity of products
and short-life cycles is helpful for our research. The literature on PRB, predominately
focuses on forecasting opening sales. Schaer et al. (2019b) showed that PRB contains
valuable information to predict complete life-cycle sales. This aligns with the objectives
of competitive intelligence that typically have a long term strategic focus. Therefore, we

evaluate both horizons, opening and total sales achieved by end-of-life (EoL).
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4.4.1 Data

Our dataset consists of weekly physical video games sales data from VGChartz (http://
www.vgchartz.com; also used, for example, by Marchand et al., 2017; Xiong and Bharadwaj,
2014). We aggregate sales across console platforms for 240 games that represent 23 well-
known publishers such as EA, Ubisoft and Capcom. The average number of games per
publisher in our dataset is 10.4 (median 4) and ranges from 1 to 61 titles.

In some instances, the sales history spans several years with its tail only observing a few
sales. In those circumstances, we truncate the sales time series when the growth rate of the
cumulative sales per week is less than 0.05%. Given this assumption, the average end-of-life

is typically reached 40 weeks after launch. This is considered as our total sales target.
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Figure 4.3: Typical video game sales pattern and the pre-release buzz of search traffic

To represent PRB, we collected for each video game search traffic information from
Google Trends (www.google.com/trends). Figure 4.3 illustrates the available pre-release
buzz signal before release and the subsequent adoption of sales. For each game, we download
its topic popularity, using the Google Knowledge Graph entity. This method combines
linguistic and semantic related keywords into one search query, which leads to more robust
search traffic coverage opposed to single keywords (see discussion by Schaer et al., 2019a;
Siliverstovs and Wochner, 2018). If there is no Google Knowledge Graph entity, then we
use the video game title as the keyword.

Since Google Trends is peak scaled (values between 0 to 100) it makes individual data
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queries non-comparable. Although Google allows retrieving search popularity for up to
five keywords per request, downloading multiple keywords becomes complicated, as new
keywords might have higher volume which requires re-scaling. To overcome this we use the
same scaling procedure as proposed by Schaer et al. (2019b). They use the neutral scaling

keyword “marker” to scale each video game’s popularity accordingly.

4.4.2 Feature estimation
PRB data

Several studies showed that the predictive power of buzz increases towards release (e.g. Kim
and Hanssens, 2017; Xiong and Bharadwaj, 2014). Therefore, the decision lead time becomes
a trade-off between maximising forecast performance and the management’s operational
requirements. For this experiment we set lead time [ to 1 as we are interested in the
maximum available forecast performance. For a discussion about lead time of PRB on
video games we refer the reader to Schaer et al. (2019b) and Xiong and Bharadwaj (2014).

For PRBfpc we set the window length w to 26 weeks (182 days) similar to Xiong and
Bharadwaj (2014). For all other measures, we use a flexible window length w for each
product, dependent on when search traffic becomes available. To avoid any spurious start
of PRB, we limit the maximum window length to 40 weeks and require two consecutive
observations. The week when PRB becomes available marks our 0% entry for PR Buelocity,
with further inputs measured at 25%, 50% and 75% of the observed PRB adoption.

All analysis and model estimation is carried out in the statistical programming language
R (R Core Team, 2018). We estimate the PRBtrend coefficient with ordinary least squares.
The PRBadoption coefficients for the Bass curve are estimated using non-linear least squares,
as implemented in the diffusion package v.0.2.7 (Schaer and Kourentzes, 2018). All PRB
curves are smoothed with b-splines, using Akaike Information Criterion to determine the
smoothing parameter A, that is available in the cobs package v.1.3.3 (Ng and Maechler,
2017). For PRBfpc we include the first 4 principal components, as this provided the best

predictive performance (similar to Xiong and Bharadwaj, 2014; Hann et al., 2011).
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Product characteristics data

We encode the video game genre (PCTgenre) and November release (PCTrelease) as cat-
egorical variables. November is the month with the most releases in our dataset. We also
experimented in encoding all months individually but this led to worse predictive perfor-
mance. For each video game we also indicate the sequel number PCTsequel.

For the segmentation, we also include for each game the review (PctReview) scores
from MetaCritic and IGN, which are available publicly on the Kaggle dataset repository

(https://www.kaggle.com/datasets).

Sales data

Similarly to the PRBuvelocity defined in equation (4.3) we measure the SLSvelocity of sales as
the number of weeks it takes to reach 25%, 50%, 75% and 95% of the overall adoption. We
use the diffusion package for R (Schaer and Kourentzes, 2018) to estimate the parameters
of the Gompertz curve for the inputs of SLSadoption. The last two inputs included in the

model are the opening week and total sales (SLSsales).

4.4.3 Predictive algorithm

Regression algorithm

To estimate the market potential of competitors’ new products with PRB information,
we use Random Forest (Breiman, 2001). This machine learning method is an ensemble
technique that uses bootstrapping in order to build a large number of decision trees and
then select the most voted one. We opt for Random Forest rather than linear regression,
as the former can capture flexibly variable instructions beyond the simple linear ones. An
additional motivation to use Random Forest is that it is performing well in both regression
and classification, simplifying the modelling. The Random Forest algorithm is available in
the caret package v.6.0-81 for R (Kuhn et al., 2018).

We train a PRB model for both the intra-brand and cross-brand scenarios, labelled
hereafter as iRgPRB and zRgPRB, respectively. In the cross-brand case, we use a 10-

fold cross-validation approach to tune the model parameters. The restrictive intra-brand
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sample size requires the use of Leave-One-Out cross-validation. We considered alternative
algorithms such as a gradient boosting in the form of XGBoost (Chen and Guestrin, 2016),

but found no benefits. Therefore, here we focus on the Random Forest results.

Segmentation

Since our dataset contains both continuous and categorical data types, we use the Gower
similarity coeflicient for the distance matrix creation (Gower, 1971). We avoid transforming
categories into binary variables as this leads to an information loss (Xu and Wunsch, 2009).
For the clustering we use the Partitioning Around Medoids (PAM) algorithm, as suggested
by Kaufman and Rousseeuw (2005). In contrast to k-means, k-medoids is not dependent on
having squared Euclidean distances and is suitable with the Gower distance (Hastie et al.,
2008). Both PAM and Gower similarity coefficient methods are implemented in the cluster
package v2.0.7-1 for R (Maechler et al., 2018).

Once the clusters are determined, the second step is to train a classifier that can allocate
new pre-launch information that characterises a new product to a cluster. The restricted
sample size within clusters makes it difficult to run the proposed regression on clusters.
Instead, we directly predict total sales f/j,T+h from the median of all video games sales
observed at T'+ h within a cluster.

There are a variety of measures that help in selecting the optimal number of clusters,
such as the Gap statistics (Tibshirani et al., 2001) or the Jump method (Sugar and James,
2003). While these measures rely solely on cluster characteristics, our two-stage process
has the advantage that it allows us to measure the quality of the clustering directly on the
outcome for the target variable. More specifically, we select the cluster with the smallest
Mean Squared Error (MSE) on sales using a 10-fold cross validation. We consider up to 30

clusters. We refer to this model as zCIPRB.

4.4.4 Benchmark models

To assess the predictive value of PRB, we introduce two types of benchmarks that use both
intra- and cross-brand data. The first is based on regression that uses no PRB information

and draws upon observed sales and product characteristics (iRgPCT & zRgPCT). The
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iRgPC'T reflects the model that companies would typically base their competitors’ forecast
when no PRB information is available. The second is a naive model where we calculate
the median of the entire training sample (zMdSLS & iMdSLS). Despite being trivial to
implement, such parsimonious benchmarks are good forecasting practice and often hard to
beat (Ord et al., 2017). For convenience we summarise all included features of the different
forecasting models in Table 4.2. The first two columns list and describe the input features.

The other columns indicate their inclusion into the different forecasting model.

Table 4.2: Overview of features included for different prediction models

PRB models Benchmark models
CIPRB
Feature Input RgPRB Clust. Class. RgPCT  MdASLS
PRB data based
PRBadaption Bass param. X X X - -
PRBfpc FPC scores X X b - -
PRBtrend Trend slope X X X - -
PRBuvelocity ~ Time to % adop. X X x - -
PRBvolume Total sum X X X - -
Product characteristics data based
PCTgenre Genre cat. X X X X -
PCTrelease Release month X X X X -
PCTreviews Review scores - X - - -
PCTsequel Sequel # X X X X -
Sales data based
SLSadoption  Gompertz param. - X - - -
SLSsales Observed sales - X - - X
SLSvelocity Time to % adop. - X - - -

4.4.5 Performance evaluation

Our experimental design is based on scenarios (ii) and (iii) with intra-brand and cross-brand
estimation, as illustrated in Figure 4.1. More specifically, we generate individual product
forecasts }A/j,Tth for competitors’ title j. We can construct a total of 23 different out-of-
sample sets of various sizes. Each out-of-sample is individually predicted by the model
introduced in Section 4.3; either based on the full training sample (cross-brand case) or as
a individual publisher (intra-brand case). For the latter, we only consider publishers with
more than 6 games, as the estimation becomes very unreliable with even fewer data. This
allows to test the intra-brand case for 10 publishers, as listed in Table 4.3.

We have a total of 2186 out-of-sample predictions, from different training samples for
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Table 4.3: Publishers represented within the training and test-sample

Training & testing Testing only
Publisher # Games Publisher # Games
Capcom 16 Level 5 1
Nintendo 18 Codemasters 2
Ubisoft 30 Bethesda Softworks 3
Electronic Arts 61 Eidos Interactive 1
Take-Two Interactive 24 Square Enix 1
Activision 23 Valve 1
Microsoft Game Studios 13 Spike 2
Sega 8 Konami Digital Entertainment 6
Sony 7 MTV Games 1
THQ 14 Deep Silver 1
Namco Bandai Games 2
From Software 1
WB Games 4

each of the previously outlined models. We measure the forecast accuracy using the Geo-

metric Mean Relative Absolute Error (GMRAE):

GMRAE@T.;.}L -

AE; 74h = i m+n — Yir+h!,

where r is the candidate model that and b is a benchmark forecast, which is the intra-brand
model without PRB information (iRgPCT), for each series ¢ and horizon h = {1, EoL}. The
GMRAE is an intuitive scale-independent error metric, with errors smaller than 1 meaning
that the candidate model outperforms the selected benchmark by (1-GMRAE)*100% (Ord
et al., 2017).

4.4.6 Results

Table 4.4 presents the predictive performance of the different forecasting models against the
benchmark iRgPCT for the opening week (h = 1) and total sales (h = EoL) forecasts. The
top three rows show the intra-brand models, while the bottom 4 rows highlight the cross-
brand ones. The best performing models for each category are highlighted in bold. In both

intra-brand and cross-brand scenarios, the augmented PRB model perform substantially
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better than the benchmark.

Table 4.4: GMRAE performance of models against iRGPCT (product characteristic only)

Model type Forecast scenarios
S e v h=1 h=FEoL

i Rg PRB 0.797 0.812
i Rg PCT 1.000 1.000
Md SLS 1.083 1.026

—-

Rg PRB 0.631 0.624
Cl PRB 1.189 0.982
Rg PCT 0.893 0.867
Md SLS 0.931 0.869

MoMoM

Column s describes the data sample being
intra- (i) or cross-brand (x) based. Col-
umn e indicates the estimation method: re-
gression (Rg), segmentation (Cl) and medi-
ans (Md). Column v notes the inputs of the
model using PRB or only product character-
istics (PCT) and sales (SLS).

Between the intra-brand models, iRgPRB outperforms iRgPCT by nearly 20% for both
forecasting horizons. iMdSLS is outperformed by more than 28% and 22% for the opening
and total sales, respectively. This illustrates that PRB contains predictive performance for
competitor products compared to solely competitor product characteristics and internal sales
data only. To further confirm these findings we test whether differences between models are
significant and not due to randomness. We use a non-parametric Friedman and the post-hoc
Nemenyi tests as GMRAE errors are non-normally distributed (Hollander et al., 2014) as
implemented in tsutils v.0.9.0 package for R (Kourentzes, 2019). The Friedman test results
in p-value of 0.000 for both forecast horizon. This indicates that at least one set of results
is statistically different. We proceeed with the post-hoc Nemenyi test to identify subgroups
results. Figure 4.4 shows the mean ranks of the different models with the whisker being the
critical Nemenyi distance of 0.193. A model is considered to be statistically different if there
is no overlap between them. We highlight the iRgPRB model with a grey bar, indicating
that for both forecast horizons it significantly outperforms the intra-brand benchmarks and
confirms RQ 1.

Compared to cross-brand data, iRgPRB provides better forecast accuracy than the two

benchmarks zRgPCT and xMdSLS, even though the improvements are less impressive com-
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Figure 4.4: Nemenyi test results at 5% significance level

pared to the intra-brand benchmarks, with gains of 8.9% and 6.3% for the opening and
end-of-life horizon. In the latter case differences are also no longer significantly different.
If we compare the PRB based models, we see that the cross-brand regression model sig-
nificantly outperforms its intra-brand counterpart with more than 18%. It appears that
the richer cross-brand training can generate substantially more accurate predictions than
just intra-brand PRB, which confirms R(Q) 2. However, this does not hold for the clustering
approach which falls significantly short against both regression PRB models. This again

supports our RQ 3. We attribute this to the relative homogeneity of the video games sector.
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Figure 4.5: Effect of sample size per publisher for iRgPRB against xRgPRB
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One obvious question is whether the intra-brand sample size affects the predictive per-
formance. We calculate GMRAE to report errors for iRgPRB over xtRgPRB to facilitate
the comparison. As Figure 4.5 depicts, there is no visible trend, which would indicate that
intra-brand errors reduce with larger sample sizes, when compared against the cross-brand
estimations. We conclude that there is no support for RQ 4. The GMRAE of individual
publishers are available in the Appendix Table Al.

We proposed including multiple inputs into the regression model and let it flexibly
identify the most influential ones. We tested more restricted models, with pre-filtering
variables which for some cases, can provide slightly better performance. However, the
approach that includes all variables has the overall most stable performance across the
different models, and greatly simplifies the modelling process. More details are available in

Appendix Table A2.

4.5 Discussion

We set out four research questions to test the suitability of PRB for predicting the success
of competitors’” new products. We proposed a model able to generate sales forecasts and
empirically test its performance on a set of global video games sales. We find support for
RQ 1, that PRB significantly improves competitors’ new product predictions with internal
sales data over models that use only internal sales and product characteristics. In doing so,
the predictive performance of PRB was found to be independent of the sample size, and
we argue against RQ 4, that a larger intra-brand training sample lead to smaller forecast
errors. The literature review in Section 4.2 has highlighted that to date, very little research
is concerned with incorporating competitor user-generated content in a predictive context.
Our findings support the value that competitor related online content can have, together
with internal data.

Beyond the proposed competitor PRB model, we looked at an alternative that can con-
sider the potential heterogeneity in the market using segmentation. Our findings indicated
that the video games market is fairly homogeneous, and although this model could outper-

form benchmarks, it was found to be inferior to the regression based model. In that, this
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supports RQ) 3, that separating by brands is better than product segmentation in the case
of video games sales.

Arguably, our benchmark model iRgPCT, is limited by not considering all possible prod-
uct categories. We argue that any cross-brand dataset is based on information that is not
readily available to all organisations. With that in mind, the performance against xRg-
PCT is useful to assess whether PRB can overcome those restrictions, but is otherwise not
practical. We found that using PRB outperforms or matches the performance on opening
and total sales, respectively, demonstrating the efficacy of the proposed model. All models,
however, fall short against the tRgPRB model. This is expected as it can draw from a much
richer dataset than the intra-brand models and confirms R(@) 2. Nonetheless, the practical
usefulness of tRgPRB is questionable.

It is worth noting that the forecasting performance of iRgPRB is similar for the two dif-
ferent forecast horizons. Similar observations have been reported by Schaer et al. (2019b),
where PRB not only provides value for predictions close to release but also contains predic-

tive information for the long-term forecast.

4.5.1 Managerial implications

Our study shows that it is possible to not only gain valuable insights from PRB for own sales
product launches, but can also provide valuable insights for new competitor launches. This
provides decision-makers with crucial information to better plan their advertising activities
to counter-act or support their own sales. As such, it might also provide insights when
planning an own product release to monitor competing products that might impact the
release success.

PRB such as search traffic information is freely available and can readily be implemented
into the predictive framework, as outlined in this research. One of the main benefits is that
PRB adds value even when the own product sample size is relatively small. Moreover, PRB
also includes information for the near-term open sales but also provides insights on the
strategic horizon by explaining some of the overall market potential. In the video game
industry, such a PRB signal usually becomes available well in advance, and the forecasting

model can be updated once new information arrives (see Schaer et al., 2019b; Xiong and
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Bharadwaj, 2014).

4.5.2 Model extensions

In this study, we focused on measuring the future market potential of competitors’ product
and provide initial insights on the suitability of PRB. A natural next step is to formulate
a framework that also measures the competitive impact on their products. Search traffic
information has for example been incorporated into market response models that measure
impact on sales (e.g. Du et al., 2015; Du and Kamakura, 2012) or advertising (e.g. Hu et al.,
2014). An extension into this area of new products would have two potential implications.
First, to improve the marketing-mix (for an application without PRB see Luan and Sudhir,
2010) and second, to better manage product release timing. For example, postponing a
release is common practice in the movie industry (Einav, 2010), but there is limited work to
help identify when the loss in revenue due to competition launches outweights the diminished
stock value (Einav and Ravid, 2009) and brand trust (Herm, 2013).

Our modelling approach is based on a set of well-established methods to reduce the
dimensionality of PRB. While our results are in favour of a data-driven variable selection,
there is room to experiment further with different time series characterisation (e.g. Lubba
et al., 2019). It is also possible to expand our framework to include other types of PRB
sources, in particular, those involving unstructured data (see Balducci and Marinova, 2018).
Although we found little value in clustering video games sales the model might prove valuable

on different datasets.

4.6 Conclusions

Although, research on Competitive Intelligence is well established and frequently draws
from user-generated content, there is limited focus on new products. However, the market
trend to shorter-life cycles leads to increased competition on product launch (Calantone
et al., 2010). Our study contributes to this area of research by providing insights on the
predictive value of publicly available PRB for competitor products. While most of the

literature evaluates the proposed approaches on randomised cross-brand datasets, we limit
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the training of our forecasting model to internal-brand information and competitor PRB.
This is both harder and more realistic. The results suggest that PRB provides valuable
insights for companies to better understand their competitive standing.

In comparison to other market intelligence, PRB is an inexpensive source of information
that reflects consumer interest (Houston et al., 2018). Moreover, it has the advantage that
is available over time, which also allows capturing its dynamic (Xiong and Bharadwaj,
2014). We show that in a relatively homogeneous market setting, only a few internal sales
observations are adequate to produce valuable insights for the competitors’ market potential.
This information can be taken into consideration when managing the marketing-mix and

support new product release planning.
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A Additional results

Table Al: GMRAE performance of iRgPRB against various benchmarks at publishers level

Opening Sales Total Sales
Publisher iRgPct xRgPct xRgPRB iRgPct xRgPct xRgPRB
Activision (23) 0.602 0.815 1.178 0.723 1.344 1.854
Capcom (16) 0.772 0.779 1.077 0.773 0.717 0.999
Electronic Arts (61) 0.809 0.761 1.105 0.610 0.652 0.947
Microsoft Game Studios (13)  0.701 1.651 2.417 0.774 0.971 1.318
Nintendo (18) 1.066 0.945 1.296 0.845 1.066 1.387
Sega (8) 0.996 0.807 1.189 1.094 1.111 1.600
Sony Computer Ent. (7) 0.788 1.051 1.484 0.827 1.023 1.420
Take-Two Interactive (24) 0.561 0.785 1.182 0.651 0.797 1.071
THQ (14) 0.999 0.901 1.282 0.871 0.788 1.129
Ubisoft (30) 0.894 0.724 1.038 0.923 0.944 1.360
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Chapter 5

Discussion and conclusions

The fast-paced business world with changing consumer preferences increases the volatility of
product demand and shortens own and competitors’ life-cycle. Accurate forecasts become
vital for organisations to cope with those challenges and better align their supply chain and
marketing activities. Online buzz is an attractive data source with substantial research and
practice potential. This thesis contributes to the fast-growing research on incorporating
online buzz into predictive models. While the majority of the literature is very positive
about the predictive ability of online buzz, our findings are mixed, demonstrating both its
potential, but also limitations of its usefulness.

We identified 3 main research questions: (i) how can we use post-release buzz to provide
short-term forecasts in the context of operational decision making? (ii) can pre-release buzz
help predict the market potential of new products? (iii) can we use pre-release buzz to
predict competitors’ new product success?

In Chapter 2, we investigated whether search traffic and social network shares are helpful
in improving demand forecasting with post-release buzz. We first highlight the limitations
on the existing literature regarding their experimental design, both from a statistical and
practical point of view. We then attempt to support the key findings of the literature inves-
tigating its usefulness in two forecasting case studies. Those findings are in stark contrast to
the literature, and we find that established univariate forecasting benchmarks, such as ex-
ponential smoothing, consistently perform better than models using online information. We
also did not find substantial differences regarding its predictive power in different phases of
the life-cycle. Crucially, it is to be severely limited in terms of operational decision making

benefits. Business decisions have lead times that any useful predictive variable must follow.
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We find that this information has little if any predictive signal left for common businesses’
lead times. A contributing factor to this weak signal is the instant buying decision and noise
that surrounds this data with pre- and post-purchase online activity (see Houston et al.,
2018). Ferrara and Simoni (2019) identify this issue as well, finding the Google Trends
signal to no longer providing forecast improvements when additional data sources became
available to nowcast GDP.

In Chapter 2 we stress that using pre-release buzz can be a more fruitful as the buzz
signal for an unreleased product is anticipatory, as previously confirmed in various stud-
ies (e.g. Kim et al., 2015; Xiong and Bharadwaj, 2014; Kulkarni et al., 2012). However,
most of these studies only consider opening sales. In Chapter 3 we show that pre-release
buzz is not only adding value to predict early week sales, but also in explaining the entire
market potential of new products. We propose a model framework that uses the adoption
information of previous product generations and pre-release buzz. Our findings support
that pre-release buzz affects the long-term sales, similarly to pre-release advertising and
publicity (e.g. Burmester et al., 2015; Elberse and Anand, 2007). This finding is expected,
given the close dependency of marketing efforts and pre-release buzz (Kim and Hanssens,
2017), but our findings highlight that the benefits from measuring pre-release buzz reach
beyond the first week. We find that benefits for predicting the total life-cycle sales occur
from about 9 weeks prior to release and onwards. For the opening week, the predictively
valuable period is more than 26 weeks prior to release (confirming findings of Xiong and
Bharadwaj, 2014). Furthermore, we find that the relationship between pre-release buzz and
the market potential is multiplicative.

One of the key strength of the proposed model in Chapter 3 is that it only requires a few
observations of previous product generations to generate valuable forecasts for new product.
To the best of our knowledge, our study is also the only one which uses pre-release buzz
on company internal data. As Chapter 4 discusses in more detail, the richer dataset used
in the literature, mixing brand data from multiple companies, typically provides better
estimates but, does not reflect the real-world environment. This challenges the reported
value of these estimates. Motivated by the findings in Chapter 3, we transfer the idea of

forecasting new products with pre-release towards competitive intelligence in attempting
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to forecast competitors’ products. In Chapter 4, we find that pre-release buzz is also able
to significantly improve predictions for competitors’ new product predictions based on own
internal sales data, over models that use only internal sales and product characteristics.
This expands the literature on Competitive Intelligence with buzz into a predictive context.

A further insight is that the predictive ability does not seem to depend on sample size.

5.1 Managerial implications

In times of intense competition, companies are keen to improve their predictive ability and
previous research has hyped the usefulness of online buzz. Our research provides a critical
reflection on these developments. In a nutshell, our findings suggest that online buzz is
helpful in the pre-release case, but loses predictive strength in the post-release phase. In
particular, when decision-makers have sufficient historical sales and other indicators the
benefit from post-release online buzz is likely to be marginal (see Ferrara and Simoni, 2019;
Schaer et al., 2019a; Goel et al., 2010). In practice, the usefulness will highly depend on
product type and the business environment. Markets with long lead times are unlikely to
see benefits, while noise around post-release buzz diminish its predictive ability.

On the other hand, for pre-release buzz, we find accuracy improvements for both own
and competitors’ products of over 18% compared to benchmarks. For own products this
allows better planning of stock, procurement and marketing activities, while insights on the
competing products help to adjust the marketing-mix and alter own product launch dates,
if necessary. For own products, we suggest to increase focus on pre-release advertisement to
stimulate pre-release buzz (Kim and Hanssens, 2017; Burmester et al., 2015). Our suggested
approach and findings also facilitate forecasting life-cycle sales. This allows companies to
cover the initial launch period with a pre-release forecast, until sufficient data is available
to estimate conventional time-series models.

However, we underline the need for adequate benchmarking and thorough forecast eval-
uation. In both, Chapter 3 & 4, we introduced a forecasting framework that shows that
pre-release buzz can be helpful even with very limited data points that reflect reality. We

also provide in Chapter 2 insights on some practical challenges that can occur when col-
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lecting online buzz and point out helpful resources in the literature to mitigate those. An
important point for practice is that, although, online buzz is free and easy to collect, there
might a significant cost and skill involved in getting the right variables. To facilitate the
implementation of our findings in practice, we developed two open-source packages for R:
the diffusion package contains functions to estimate and forecast from a variety of diffusion
curves (Schaer and Kourentzes, 2018) and the GT'T package provides tools to handle Google
Trends data better (Schaer, 2018).

The suggested approaches and resources provided in this thesis bring new analytical
capabilities to organisations, but in return require them to embrace data driven models.
They require investing to equip teams with the required know-how and access to data

sources to implement these innovations into a productive environment.

5.2 Limitations and future work

The thesis attempted to answer some lay research questions on the use of pre- and post-
release online buzz for forecasting purposes. In our view, although we provide evidence to
address our questions, the thesis opens multiple questions in all modelling, marketing and
decision making. In the previous chapters, we concluded with extensions stemming from
addressing each specific research question. Here we return to some major ones and introduce
research directions that follow the thesis as a whole.

One aspect that is omitted in the discussion by the literature around online buzz is its
impact on forecast uncertainty as reflected in prediction intervals. Forecasts with increased
certainty should correspond to decision-making advantages. Recent work by Trapero et al.
(2019) highlighted the importance of variability, asymmetry and auto-correlation of the
forecasts on the determination of the appropriate safety stock level. In other words, even
if the mean forecast of online buzz does not improve over simple benchmarks, the predic-
tion intervals might be narrower and may be beneficial for the decisions supported by the
forecasts, such as inventory optimisation and can be translated into a prescriptive analytic
solution (Bertsimas and Kallus, 2019).

Most of our research has focused on video games, which together with box office, are
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very well studied sectors (Hennig-Thurau and Houston, 2019). In particular, for pre-release
buzz, it is essential to test our proposed approach to other markets with different adop-
tion characteristics, but also to understand the business challenges better, to improve their
practical applicability.

Kahn and Chase (2018) find that a majority of new product forecasts are heavily judg-
mental. Most of the literature that focuses on judgmental adjustment and model selection is
on post-release scenarios (e.g., Fildes et al., 2019; Petropoulos et al., 2018). We know little
about how decision-makers interpret online information and its uncertainties. Companies
might, for example, include information from an online search or product reviews to support
the judgmental decision making (Lee et al., 2007; Goodwin et al., 2007). This needs to be
investigated further, especially given the current hype about online buzz

Chapter 2 highlighted various issues of online data, including potential sample bias,
dependency on large internet companies and vulnerability to manipulation from a third-
party. This does not only apply to the interpretation of statistical models that directly
include online buzz but could also be extended to support decisions. Moreover, the results
presented in Chapter 3 shed some initial light on the potential underestimation bias of pre-
release buzz and the merit that forecast combinations with the optimistic human judgment
can have.

While this thesis focused on structured data, we believe that there are substantial bene-
fits to further explore non-structured user-generated content (Balducci and Marinova, 2018).
Over recent years, deep learning has evolved substantially and now offers very good perfor-
mance in domains such as image recognition (LeCun et al., 2015). Recent research by Tim-
oshenko and Hauser (2019) illustrates that online reviews can deliver the same accuracy in
identifying customer needs, compared to traditional focus groups. This showcases the cost-
saving potential these new algorithms can have in automating previously labour-intensive
tasks that are difficult to scale. We see particular applications around user-generated online
videos such as to automatically measure their emotions (e.g., Teixeira et al., 2012) and use
those as richer buzz inputs to our predictive models. This would also directly feedback
into the initial research proposal for this thesis that suggested to investigate the adoption

of online videos (cf. Preface). The research journey demonstrated that there were more
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pertinent research questions to answer prior to embarking in those initial questions. Having
provided some responses to these questions, we see this thesis as the starting point to ex-
plore a multitude of research questions. Some of which could be seen since the beginning of
this works, many of which emerged during these years. The latter is the result of the works
presented in this thesis and others stem from progress in both the literature and practice,
which relates well with our findings. The use of online buzz in its aggregate form, as done
here, or in richer forms, perhaps leveraged by Artificial Intelligence, remains an exciting
field of research. The work we have presented in this thesis will support this future work by

providing some necessary insights.
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