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Abstract

Purpose: Human activities tend to burst at specific times, followed by long dormant
periods. This study aims to show whether an entropy measure of non-Poisson trading
patterns has advantages over the canonical recency, frequency, and monetary value
framework in customer churn prediction.

Design/methodology/approach: This study analyzes detailed trading records, as well
as the demographic profiles of 486,049 customers from a major securities company in
Korea and explore the extent to which a measure of clustered purchases is linked to
customers’ future dormant status. Motivated by the recent development of statistical
learning techniques, I employ three different classification methods: (a) logistic
regression, (b) a gradient boosting classification tree, and (c) a neural network.

Findings: The LASSO logistic regression, the information gain metric in gradient
boosting decision trees, and the relative importance method in neural networks all lend
support to the conclusion that the clumpiness measure of trade clustering plays a
significant role in explaining customers’ future churning. Furthermore, recently
developed machine learning techniques reduces churn prediction errors to a greater
extent.

Practical implications: The top decile lift is at least five times as large as the sample
attrition rate, meaning that the density of churned customers in the top decile is five
times the density of churned customers in the sample, at the very least. The magnitude
of the observed top decile lift demonstrates that the estimated model can be effectively
used for targeting a customer group in retention campaigns.

Originality/value: Traditional survey-based perception-like metrics such as brand
recognition, satisfaction, trust, and loyalty target at small and selected groups of
customers, and thus, do not capture the true value of customers in the population. On the
contrary, this study analyzes an extensive data set using up-to-date quantitative
techniques and show that a metric-based parsimonious RFMC approach coupled with
machine learning techniques can be effectively used to better gauge customer lifetime
value.

Keywords
binge trading; customer attrition; field study; machine learning



References

Amin, A, Al-Obeidat, F., Shah, B., Adnan, A, Loo, ], and Anwar, S. (2019), “Customer churn
prediction in telecommunication industry using data certainty”, Journal of Business Research,
Vol. 94, pp. 290-301.

Arkolakis, C. (2010), “Market penetration costs and the new consumers margin in international
trade”, Journal of Political Economy, Vol. 118 No. 6, pp. 1151-1199.

Baesens, B., Viaene, S., Van den Poel, D., Vanthienen, J., and Dedene, G. (2002), “Bayesian neural
network learning for repeat purchase modelling in direct marketing”, European Journal of
Operational Research, Vol. 138 No. 1, pp. 191-211.

Bar-Eli, M., Avugos, S., and Raab, M. (2006), “Twenty years of ‘hot hand’ research: Review and
critique”, Psychology of Sport and Exercise, Vol. 7 No. 6, pp. 525-553.

Barabasi, A.-L. (2005), “The origin of bursts and heavy tails in human dynamics”, Nature, Vol. 435
No. 7039, pp. 207-211.

Barber, B. M. and Odean, T. (2013), “The behavior of individual investors”, in Contantinides G. M.,
Harris M., and Stulz R. M. (Ed.), Handbook of the Economics of Finance, Volume 2, Elsevier,
Amsterdam, pp. 1533-1570.

Berger, P. D.and Nasr, N. 1. (1998), “Customer lifetime value: Marketing models and applications”,
Journal of Interactive Marketing, Vol. 12 No. 1, pp. 17-30.

Bolton, R. N. (1998), “A dynamic model of the duration of the customer’s relationship with a
continuous service provider: The role of satisfaction”, Marketing Science, Vol. 17 No. 1, pp. 45-
65.

Bult, . R. and Wansbeek, T. (1995), “Optimal selection for direct mail”, Marketing Science, Vol. 14
No. 4, pp. 378-394

Candia, J., Gonzalez, M. C.,, Wang, P., Schoenharl, T, Madey, G., and Barabasi, A.-L. (2008),
“Uncovering individual and collective human dynamics from mobile phone records”, Journal
of Physics A: Mathematical and Theoretical, Vol. 41, 224015.

Chen, T. and Guestrin, C. (2016), “Xgboost: A scalable tree boosting system”, In Proceedings of the
22nd ACM SIGKDD international conference on knowledge discovery and data mining, ACM.

Chen, Y.-L., Kuo, M.-H., Wy, S.-Y., and Tang, K. (2009), “Discovering recency, frequency, and
monetary (RFM) sequential patterns from customers’ purchasing data”, Electronic Commerce
Research and Applications, Vol. 8 No. 5, pp. 241-251.

Clemes, M. D., Gan, C., and Zhang, D. (2010), “Customer switching behaviour in the Chinese retail
banking industry”, International Journal of Bank Marketing, Vol. 28 No. 7, pp. 519-546.

Colombo, R. and Jiang, W. (1999), “A stochastic RFM model”, Journal of Interactive Marketing, Vol.
13 No. 3, pp. 2-12.

Coussement, K. and De Bock, K. W. (2013), “Customer churn prediction in the online gambling
industry: The beneficial effect of ensemble learning”, Journal of Business Research, Vol. 66 No.
9, pp- 1629-1636.

Coussement, K. and Van den Poel, D. (2008), “Churn prediction in subscription services: An
application of support vector machines while comparing two parameter-selection techniques”,
Expert Systems with Applications, Vol. 34 No. 1, pp. 313-327.

Crone, S. F.,, Lessmann, S., and Stahlbock, R. (2006), “The impact of preprocessing on data mining:
An evaluation of classifier sensitivity in direct marketing”, European Journal of Operational
Research, Vol. 173 No. 3, pp. 781-800.

Cui, G, Wong, M. L, and Lui, H.-K. (2006), “Machine learning for direct marketing response
models: Bayesian networks with evolutionary programming”, Management Science, Vol. 52 No.
4, pp. 597-612.

Evans, M., Nancarrow, C., Tapp, A., and Stone, M. (2002), “Future marketers: future curriculum:
future shock?”, Journal of Marketing Management, Vol. 18 No. 5-6, pp. 579-596.

Fader, P. S, Hardie, B. G. S., and Lee, K. L. (2005), “RFM and CLV: Using iso-value curves for
customer base analysis”, Journal of Marketing Research, Vol. 42 No. 4, pp. 415-430

Friedman, J. H. (2002), “Stochastic gradient boosting”, Computational Statistics and Data Analysis,



Vol. 38 No. 4, pp. 367-378.

Garson, G. D. (1991), “Interpreting neural-network connection weights”, Al Expert, Vol. 6 No. 4,

pp. 46-51.

Goh, A. T. (1995), “Back-propagation neural networks for modeling complex systems”, Artificial
Intelligence in Engineering, Vol. 9 No. 3, pp. 143-151.

Gongalves, B. and Ramasco, ]. ]. (2008), “Human dynamics revealed through web analytics”,
Physical Review E, Vol. 78, 026123.

Gonzdalez, M. C,, Hidalgo, C. A, and Barabasi, A.-L. (2008), “Understanding individual human
mobility patterns”, Nature, Vol. 453 No. 7196, pp. 779-782.

Gourio, F. and Rudanko, L. (2014), “Customer capital”, Review of Economic Studies, Vol. 81 No. 3,
pp- 1102-1136.

Guido, G., Prete, M. I, Miraglia, S., and De Mare, 1. (2011), “Targeting direct marketing campaigns
by neural networks”, Journal of Marketing Management, Vol. 27 No. 9-10, pp. 992-1006.

Guo, L., Zhang, M., Sun, L., and Wang, Z. (2006), “Churn analysis model of securities business
based on the decision tree”, In 2006 6th World Congress on Intelligent Control and Automation,
Volume 2, pp. 6048-6051.

Gupta, S., Hanssens, D., Hardie, B., Kahn, W., Kumar, V., Lin, N., Ravishanker, N., and Sriram, S.
(2006), “Modeling customer lifetime value”, Journal of Service Research, Vol. 9 No. 22, pp. 139-
155.

Haykin, S. (1994), Neural networks, Prentice Hall, New York.

Heaton, . (2008), Introduction to neural networks with Java, Heaton Research Inc., Missouri.

Kahan, R. (1998), “Using database marketing techniques to enhance your one-to-one marketing
initiatives”, Journal of Consumer Marketing, Vol. 15 No. 5, pp. 491-493

Kullback, S. (1997), Information theory and statistics, Courier Corporation, New York.

Kullback, S. and Leibler, R. A. (1951), “On information and sufficiency”, The Annals of
Mathematical Statistics, Vol. 22 No. 1, pp. 79-86.

Lemmens, A. and Croux, C. (2006), “Bagging and boosting classification trees to predict churn”,
Journal of Marketing Research, Vol. 43 No. 2, pp. 276-286.

Mai, L.-W. and Ness, M. (1997), “Consumers’ perceptions of mail-order speciality foods”, Journal
of Marketing Management, Vol. 13 No. 7, pp. 705-724.

Malthouse, E. C. (2001), “Assessing the performance of direct marketing scoring models”, Journal
of Interactive Marketing, Vol. 15 No. 1, pp. 49-62.

Malthouse, E. C. and Blattberg, R. C. (2005), “Can we predict customer lifetime value?”, Journal of
Interactive Marketing, Vol. 19 No. 1, pp. 2-16.

Miglautsch, ]. R. (2000), “Thoughts on RFM scoring”, Journal of Database Marketing & Customer
Strategy Management, Vol. 8 No. 1, pp. 67-72

Neslin, S. A, Gupta, S., Kamakura, W.,, Ly, ], and Mason, C. H. (2006), “Defection detection:
Measuring and understanding the predictive accuracy of customer churn models”, Journal of
Marketing Research, Vol. 43 No. 2, pp. 204-211.

Park, J. and Sandberg, I. W. (1991), “Universal approximation using radial-basis-function
networks”, Neural computation, Vol. 3 No. 2, pp. 246-257.

Platzer, M. and Reutterer, T. (2016), “Ticking away the moments: Timing regularity helps to
better predict customer activity”, Marketing Science, Vol. 35 No. 5, pp. 779-799.

Reichheld, F. F. and Sasser, W. E. (1990), “Zero defections: Quality comes to services”, Harvard
Business Review, Vol. 68 No. 5, pp. 105-111.

Reinartz, W. ]. and Kumar, V. (2000), “On the profitability of long-life customers in a
noncontractual setting: An empirical investigation and implications for marketing”, Journal of
Marketing, Vol. 64 No. 4, pp. 17-35.

Rust, R. T., Lemon, K. N, and Zeithaml, V. A. (2004), “Return on marketing: Using customer equity
to focus marketing strategy”, Journal of Marketing, Vol. 68 No. 1, pp. 109-127.



Shannon, C. E. (1948), “A mathematical theory of communication”, Bell System Technical Journal,
Vol. 27 No. 3, pp. 379-423.

Smith, K. A., Willis, R. ]., and Brooks, M. (2000), “An analysis of customer retention and insurance
claim patterns using data mining: A case study”, Journal of the Operational Research Society,
Vol. 51 No. 5, pp. 532-541.

Subrahmanyam, A. (2008), “Behavioural finance: A review and synthesis”, European Financial
Management, Vol. 14 No. 1, pp. 12-29.

Tibshirani, R. (1996), “Regression shrinkage and selection via the lasso”, Journal of the Royal
Statistical Society: Series B (Methodological), Vol. 58 No. 1, pp. 267-288.

Van den Poel, D. and Lariviére, B. (2004), “Customer attrition analysis for financial services using
proportional hazard models”, European Journal of Operational Research, Vol. 157 No. 1, pp.
196-217.

Vyas, V. and Raitani, S. (2014), “Drivers of customers’ switching behaviour in Indian banking
industry”, International Journal of Bank Marketing, Vol. 32 No. 4, pp. 321-342.

Wiibben, M. and Wangenheim, F. v. (2008), “Instant customer base analysis: Managerial
heuristics often ‘get it right””, Journal of Marketing, Vol. 72 No. 3, pp. 82-93.

Zhang, Y., Bradlow, E. T.,and Small, D. S. (2013), “New measures of clumpiness for incidence data”,
Journal of Applied Statistics, Vol. 40 No. 11, pp. 2533-2548.

Zhang, Y., Bradlow, E. T., and Small, D. S. (2015), “Predicting customer value using clumpiness:
From RFM to RFMC”, Marketing Science, Vol. 34 No. 2, pp. 195-208.



How Do the Attributes of a Derivative Music Video Affect Social Media Engagements on
YouTube?

Yun Kyung Oh
Department of Business Administration, Dongduk Women's University
Joon Yeon Choeh

Department of Software, Sejong University

Abstract

Purpose — This paper investigates the influence of music video attributes on social media
engagements at the YouTube platform.

Design/methodology/approach — After the release of an official video, an artist can consider
whether to upload the derivative versions (live, featuring, and audio) of a music video on
YouTube. The authors investigate the effect of sequential videos on social engagements using a
two-step approach. First, the authors suggest a model explain how the reactions to the official
video affect the number of derivative videos of the same music. Second, the authors test how
music video attributes of a derivative music video contribute to facilitating social media
engagements for the song (i.e., likes, dislikes, and comments). Our research model uses 4,222
songs uploaded from May 2016 to April 2019 by 114 artists who own YouTube channel.

Findings — The empirical results for the first step reveal that an artist whose experience less than
ten years more actively releases a derivative video at YouTube channel. In addition, the number
of derivative videos increases as the ratio of "comments” to video views on the official music
video increases. For the second step, we find that the extent of positive social engagements -
“likes” and “comments” to total views increases for the live version of derivative videos, while
decreases with respect to audio-only videos.

Practical implications — For artists who wish to build a relationship with their fans consider
creating derivative videos after launching an official music video. Our result suggests that highly
involved music fans may show the active type of social engagements such as leaving a comment
for the live-type of follow-up videos.

Originality/value — By adopting video-level and song-level analysis, the research offers
empirical evidence regarding how the social media engagements can vary depending on video
attributes. Our findings suggest that Youtube creators need a strategic approach in channel
management and account into the visual-focused platform characteristics to enhance the quality
of social engagements.

Keywords: Social Media, YouTube, Social Engagements, YouTube Video Attribute



A Study on the Para-social Identification Mediation Effect
between Narrative Music and Attitudes on the Disabled When Using Visual Stimuli

The power of stories is that they can easily place people into familiar situations. This is
because they have a structure that allows us to organize often vast amounts of information. This
capacity therefore can facilitate how consumers process information and further increase
persuasion. The use of narratives therefore can be found in advertising as well as in branded
content such as a promotional film. One of the key concepts found within narratives is that of
“transportation.” Transportation refers to the high immersion by consumers who, like with the
well-known concept of flow (Csikszentmihalyi, 1975) can “lose” themselves in the narrative

content (Green and Brock, 2000, p. 702).

In general, when people are highly transported or immersed in a story, they would have
less critical, but rather, a more positive attitude toward a protagonist and story. Also, if an
advertising is framed within a narrative, the viewers tend to evaluate a product depicted in the ad
more positively (Green and Brock. 2002). For these reasons, many studies in advertising and
marketing fields have argued that narratives can be powerful persuasion strategies. Until now,
the majority of advertising or marketing studies regarding narratives have based it on the
chronology (Polkinghorne, 1991) and causality (Escalas, 2004) of a story. However, if the
medium used for a story is a video, the understanding of the narrative can be influenced not just
by the structure of a story, but also various other factors such as music, lighting, facial

expressions, or body language. Music in particular is considered as a key factor that forms the



mood and immersion of viewers of a film (Hoeckner, Wyatt, Decety, and Nusbaum, 2011; Shevy,

2007; Tan, Spackman and Wakefield, 2008).

Hoeckner and his colleagues (2011) provide an interesting investigation where they used
different types of background music (thriller and melodrama) to see how they affected viewers’
evaluation of the shown character’s likability and perception of their thoughts. Shevy (2007) also
has shown that different music can influence the overall mood (e.g. make it positive or negative)
of a film that has a complex narrative and its overall evaluation. Generally, music is a basic
source of emotion of a film (Cohen, 2001) and acts as an antecedent for viewers’ empathetic
interest and accuracy (Hoeckner et al., 2011).

Based on the extant knowledge about the impact of music on film, this study aims to
examine the effect of different music (inspiring vs. sad) types and how they influence consumer
response to visual information by conducting two online experiments. More specifically, this
study is designed to test if inspiring or sad music causes para-social responses to a protagonist,
who is a disabled person working at a social enterprise. Furthermore, this research attempts to
examine the mediating effect of empathy on the formation of prosocial attitudes on people of
diversity and companies that promote it.

Extending from related theoretical literature in media psychology, we predict that positive
background music will help to shape the narrative of the film and therefore elicit in turn higher
emotional consumer response to a short film as compared to the same visual stimuli that has no
music. Somewhat surprisingly, negative background music will be also more influential to
consumers’ attitude towards a protagonist as compared to the same visual stimuli that has no
music. We also predict that each background music will draw different types of emotional

response to visual stimuli. The findings of this study will broaden theoretical views in marketing
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in terms of empathetic response to the interaction between specific components of video and

audio representation, which until now has received relatively less attention.
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Relationship between Sports Fans and Online Game
Mediating the Role of Hope and Self-Congruity
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An Investigation of Destination Service Quality and Tourism App Use on
Perceived Coolness and Revisit Intention

Extended Abstract

City politicians and planners around the world constantly seek to bring in more tourists and
entrepreneurs to promote their local businesses and domestic economies. There exists a myriad
of ways city officials attempt to attract visitors from festivals and fireworks displays to citywide
initiatives and awareness programs. This study takes a look at a destination’s perceived coolness,
how it is manifested through destination service quality and tourist app use, and how it affects an
individual’s revisit intention based on structural and interpersonal constraints.

Research has regarded destination image as an important construct that can lead to
memorable tourism experiences and ultimately revisit intention (Tan, 2017; Zhang, Wu, and
Buhalis, 2017). Destination-country image on a micro scale; that is an image of having natural
attractions, cultural attractions, and service facilities; has been shown to manifest intentions to
revisit a destination of choice (Zhang, Xu, Leung, and Cai, 2016). To set a destination apart,
promoting an image of uniqueness is critical in order to provide a foundation to begin to
establish competitive advantage over other destinations. Such uniqueness can improve the
tourists’ perception of value for a destination (Mostafavi Shirazi and Mat Som, 2013). Chen and
Chou (2019) indicated that the perceived coolness of a destination consists of its uniqueness,
identification, and attractiveness. The coolness of a specific product, as in apparel, can also
include its innovativeness, stylishness, and authenticity as well (Runyan, Noh, and Mosier, 2013).
A destination that has high levels of perceived coolness can increase a tourists’ satisfaction
(Ridhani and Roostika, 2020), and it naturally follows that satisfaction leads to an individual’s

increased intention to revisit (Um, Chon, and Ro, 2006).
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In order to achieve competitive advantage over other destinations, the concept of
destination service quality (DSQ) provides dimensions such as accommodation, local transport,
cleanliness, hospitality, activities, language communication, and airport services (Kozak, 2001;
Tosun, Dedeoglu, and Fyall, 2015), and these dimensions provide a platform for uniqueness and
attractiveness for a destination. DSQ is a critical aspect in tourist satisfaction which influences
revisit intention (Abdulla, Khalifa, Abuelhassan, and Ghosh, 2019).

Key components in the perceived coolness include innovativeness (Runyan, Noh, and
Mosier, 2013), excellence (Mohiuddin, Gordon, Magee, and Lee, 2016), autonomy (i.e. the
ability to follow your own path) (Warren and Campbell, 2014), and usefulness (Runyan, Noh,
and Mosier, 2013). With the advent of smart devices, applications have become an important
aspect for tourists to research and plan their trips, get travel information, book tickets and
accommodations, find local hotspots, discover unique restaurants, provide spontaneous activities
for visitors, and much more (Dickenson, Ghali, Cherrett, Speed, Davies, and Norgate, 2012;
Hwang, 2011; Wang, Park, and Fesenmaier, 2012). Google Maps provides recommendations on
how to get to and from various locations and also gives suggestions on what to eat or where to go
sightseeing. Facebook, Instagram, and Twitter are all examples of social media where tourists
can go to share experiences and learn about others” experiences in their choice destinations.
Some tourist hotspots even have digital apps that provide information and discounts to tourists
who utilize their apps. Perceived coolness of mobile devices can be determined by the
attractiveness, originality, subcultural appeal, and the utility of using the device (Kim, Shin, and
Park, 2015), and this is due in large part to the software that is installed. Hahn, Yoon, and Kim
(2014) provided four characteristics that affect a tourist’s intentions to use tourist apps including

perceived enjoyment, perceived ease of use, perceived usefulness, and perceived cost savings;
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and the authors also suggested that apps providing such features to users can be of huge benefit
in tourism industry marketing efforts.

Tourists are often constrained by various factors which can act as dampeners toward their
intention to revisit a location (Tan, 2016). This study explores interpersonal constraints, such as
those resulting from fear, boredom, or lack of social interaction, and structural constraints, such
as insufficient facilities, access, money, time, etc. (Alexandris, Funk, and Pritchard, 2011; Tan
2016); and whether these constraints create a dampening effect on an individual’s intention to
revisit despite high levels of perceived coolness for a destination.

The research model for this study is presented in Figure 1.

Figure 1. Research Model

~N

Destination Service Quality
- Accommodation : (Hla)

- Local Transport : (H1b) Constraints
- Cleanliness : (Hlc)

- Hospitality - (H1d)

- Activities : (Hle)

- Language Commumnication : (H1{) (HA)

- Airport Services - (Hlg)

Perceived

Coolness

Revisit

Intention

Tourism App Use

- Enjoyment : (H2a)

- Ease of Use - (H2?b) (H2a-d)
- Usefulness : (H2c)

- Cost Savings : (H2d)
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The hypotheses proposed in this study are as follows:

H1 - Individuals experiencing higher degrees of satisfaction with (a) accommodation, (b)
local transport, (c) cleanliness, (d) hospitality, (e) activities, (f) language communication, and (g)
airport services have higher degrees of perceived coolness for a destination than individuals
experiencing lower degrees of satisfaction.

H2- Individuals experiencing higher degrees of (a) enjoyment, (b) ease of use, (c)
usefulness, and (d) cost savings from tourism app use on their mobile devices have higher
degrees of perceived coolness for a destination than individuals experiencing lower degrees.

H3 — Individuals experiencing higher degrees of perceived coolness for a destination
have higher degrees of revisit intention than individuals experiencing lower degrees.

H4 — Constraints have a dampening effect on the relationship between perceived coolness

for a destination and revisit intention.

Keywords: destination service quality, tourism app use, perceived coolness, revisit intention,
constraints
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