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ABSTRACT 
 

The unprecedented expansion of online video has dramatically changed patterns of 

media consumption. More and more viewers are watching serialized drama on 

television across multiple digital television platforms, leading advertisers to leverage 

multiple channels for buying and television broadcasters to refine forecasting models 

for near-term television ratings of program content to provide more accurate and 

timelier predictions. Using traditional television ratings prediction methods with data 

from a single source is no longer appropriate. An integrated television ratings model 

incorporating data from multiple sources is proposed in this study to tackle the 

complexities of the consumption of television content by today’s audiences in a multi-

platform television environment. Using 611 episodes from 26 unique local drama 

serials aired in prime-time slots from December 2014 to August 2016, with viewership 

data obtained from traditional television and catch-up television platforms and 

associated online word of mouth (WOM) data from a popular local social media site, I 

tested five hypotheses derived from the theories of status quo bias, the Zeigarnik effect 

and the WOM effect. The dataset was subjected to regression analysis, and the results 

supported four of the five hypotheses with following findings. First, significant 

relationships were found between the television ratings of a drama serial episode, the 

ratings of its preceding episode, the volume of WOM and online catch-up viewing. 

Second, viewership via the online catch-up television platform complemented rather 

than cannibalized viewership of a subsequent episode of a prime-time television drama 

broadcast on traditional television, with a positive impact on television ratings. 
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1. INTRODUCTION 
 
 

1.1 Research Background 

 

The television environment is changing rapidly due to the emergence of new 

delivery methods (Danaher et al., 2011). With the increasing prevalence of digital 

technologies, and as high-speed network connections become more readily available, 

television consumption is entering a new era (Buzzard, 2012; Napoli, 2010). Online 

digital television services such as catch-up television are widely used to consume 

television program content, as they allow viewers to watch programs at anytime and 

anywhere (Portilla, 2015). 

 

Online catch-up television services that provide access to broadcast content 

have become a ubiquitous means for free-to-air broadcasters to boost their audiences’ 

loyalty to their programs. Catch-up television viewing is a form of time-shift television 

viewing, allowing an audience to view television programs without being bound by a 

traditional fixed television schedule (Abreu et al., 2017). Most television broadcasters 

host catch-up television services on the Internet that allow viewers to watch television 

programs on demand after they have been aired (Abreu et al., 2017). As long as there 

is an internet connection, viewers can use an internet browser on their PCs or  a mobile 

app on their mobile devices to watch selected television programs at the times and 

places of their choosing within each program’s catch-up period (normally 7 days). 
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In a survey that was undertaken in 62 countries across Europe, Asia, America 

and Oceania on the penetration of catch-up television services, 34 countries were 

reported to have one or more operators offering catch-up television services (Abreu et 

al., 2017). The catch-up time window provided by these operators is normally 3 or 7 

days but some have extended the catch-up period to more than 7 days. The survey 

results are displayed in Table 1 for reference.  

 

 
Total 

With catch-up 

television 

Without catch-up 

television 

Europe 30 19 11 
America 15 7 8 
Asia 15 6 9 
Oceania 2 2 0 
Total 62 34 28 

Table 1 Catch-up television services around the globe 

 

The questions that concern most free-to-air television broadcasters relate to the 

potential cannibalization of traditional television viewership due to the availability of 

the same television program content on digital platforms within a few hours of the 

content’s airing. Many studies have investigated the role of new online digital television 

platforms in displacing the viewership of traditional television (Cha, 2013b). My 

research focuses on the impact of catch-up viewing and social media in a multi-platform 

television environment on the television ratings of programs shown on traditional 

television, particularly local serialized dramas.  
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1.2 Business Challenges/Problems 

 

The arrival of digital technology has given broadcasters new options for 

supplementing their traditional television content distribution. The number of users 

who prefer to watch video content on the Internet than broadcast on traditional 

television has also increased year on year (Bondad-Brown et al., 2012; Cha, 2013b), 

due to the on-demand capability and flexibility of online viewing services. Audiences 

accustomed to consuming traditionally televised program content are now able to 

consume the same program content on a wide array of Internet-based digital platforms, 

among which online catch-up television services are prevalent.  

 

Watching an entire multi-episode serialized drama on traditional television can 

take several weeks or even months, and requires viewers to follow the published 

schedule, a hurdle for the majority of today’s time-impoverished citizens. Catch-up 

television services are therefore highly appropriate for multi-episode programs such as 

drama serials, as audiences form attachments to storylines that evolve over many 

episodes, and missing an episode broadcast on television reduces audience satisfaction 

and jeopardizes continued audience attendance. Providing the content of drama serials 

on the Internet for catch-up viewing can maintain viewers’ loyalty to the content 

(Nencioni et al., 2013; Nogueira, 2017b), as they no longer have to worry about missing 
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episodes broadcast on television. They can view any missed program content on the 

associated online catch-up television platform.  

 

Advertising timeslots are the major source of revenue for television broadcasters, 

and the selling price of these timeslots is influenced by a television ratings system 

basically measuring audience numbers on the television broadcasting channel 

(Waterman et al., 2012). The drama serial is the most common genre of television 

program broadcast during prime hours, when broadcasters generate the most 

advertising revenue (Wilbur, 2008), as audiences are largest during this period. 

Presenting drama serial content on multiple television platforms nearly simultaneously 

to enable viewers to catch up may shift audiences from traditional television to other 

platforms. This may have a negative impact on traditional television viewership, as 

reflected in television ratings, and thus on the advertising revenue earned during prime 

timeslots. 

 

As broadcasters have to provide multi-platform viewing options for television 

program content, they wish to determine whether cannibalization or complementary 

relationships exist between new online digital platforms and traditional television for 

different content types, particularly local drama serials, and whether the online catch-

up viewing of an already broadcast episode of a serialized drama can be used to predict 

the television ratings of the next episode. Unfortunately, most audience-measuring tools 

used to track viewing behavior fail to accommodate the complexities of multi-platform 
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viewing (Webster, 2014). 

 

If the multi-platform television era has changed audiences’ viewing behavior 

and choices of viewing platforms, the emergence of online social media has influenced 

audiences’ choice of particular television program content. Social media have proved 

to be an important marketing tool in the e-commerce world (Constantinides et al, 2008; 

Hanna et al, 2011) but they also play a critical role in promoting media content in the 

media industry. Social media platforms have turned traditional television audiences into 

“active audiences,” as they allow viewers to interact with television program content 

and to share and discuss this content with other viewers. Many research projects have 

studied the effects of social media on video content consumption (Godes & Mayzlin, 

2004, Liu, 2006, Romaniuk, 2007) and the relationship between the number of program 

content mentions on social media with viewers’ engagement with this content (Webster, 

2014). 

 

Television broadcasters commonly sponsor newsgroups and forums on the 

Internet to advertise their new traditionally broadcast television programs. Potential 

viewers can review comments posted by other forum users before they decide to tune 

in to the advertised television program content. Negative comments on program content 

posted in discussion forums can be a liability for broadcasters (Yang, 2017). 

Broadcasters need to understand how social media influence audiences’ interest in 

viewing advertised program content and how viewers’ engagement with social media 
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affects programs’ future television ratings. 

 

Commercial airtime is sold in advance (Katz, 2006), with a viewership 

guarantee based on projected television rating. Television rating represents the size of 

the audience and is expressed as a percentage of the total television population. TV 

rating data is usually administered by external organization such as Nielsen Company. 

Nielsen has a proven approach to do the television audience measurement and is widely 

adopted in the broadcasting industry. In Hong Kong, Nielsen recruits 2,300 individuals 

from about 800 households to the television audience measurement panel. The panel 

homes are selected based on a statistical design to ensure the sample reflects the market 

being measured. People Meters are installed in this 800 household to record and 

measure the television viewership. 

 

It is important for broadcasters to make accurate projections of programs’ 

television ratings (Yeh, 2015) to set appropriate advertising prices on advertising rate 

cards (Danaher et al., 2011). Inaccurate projections may have an adverse financial 

impact on sellers, resulting in the need for compensation and reducing the value of 

follow-on sales. Broadcasters therefore rely on near-term television ratings forecasts to 

continuously adjust their initial projections and ensure that the television ratings for a 

given timeslot are maintained by adjusting program pricing and rescheduling programs. 
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To encourage advertisers to book commercial timeslots early, broadcasters 

usually discount the prices published on advertising rate cards for timeslots booked well 

in advance. However, under a pre-emptible advertising scheme, an advertiser that has 

booked a discounted advertising spot in advance can be replaced (“bumped”) if another 

advertiser commits to paying the full rate for the same slot. As advertisers’ advertising 

budget is spent where it yields the highest returns, if a broadcasting company can 

accurately forecast the near-term television ratings of each episode of a drama serial, 

advertisers will be more willing to pay the full rate for timeslots with high projected 

television ratings. Therefore, methods of forecasting accurate television ratings are an 

important topic of research for both academics and industry practitioners (Yeh, 2015). 

 

It is more important to predict the television ratings of serialized drama than 

those of any other genre of television program, as drama serials are usually broadcast 

during prime hours, when viewer numbers are expected to be high (Fukushima et al., 

2016). However, predicting the ratings of a multi-episode drama serial broadcast on 

traditional television is much more challenging than predicting the ratings of a single 

television event with a short life span (e.g., a news broadcast, a current affairs program 

or a weather forecast). The ratings of a single television event are usually predicted 

based on the singularity of the event, with reference to the ratings of similar prior 

events. They may therefore be more predictable than the ratings of multi-episode 

programs, as each episode of the latter can achieve a different level of audience 

satisfaction, with episode flow influencing the ratings of subsequent episodes.  
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In a multi-platform television environment, the ratings of a drama serial episode 

cannot be predicted or estimated based purely on the television ratings of the preceding 

episode or the series’ premiere (Fukushima et al., 2016), as catch-up television 

platforms offer audiences various options for catching up with the first episode or 

watching subsequent episodes. Due to the novel online water cooler effect generated 

by social media during the airing period, predicting the near-term television ratings of 

a drama serial episode is much more dynamic and volatile than making a one-off 

prediction of the ratings of an episode from another genre far in advance of its airing. 

  

Traditional television ratings forecasting methods, which use data from a single 

source, have been shown to be insufficient; new factors must be considered in a multi-

platform television environment in which various sources of video content are available 

(Danaher et al., 2011) and viewers’ choices of what to watch are easily influenced by 

word of mouth (WOM) on online social media platforms (Min et al., 2015; Cheng et 

al., 2016).  

 

1.3 Research Status 

 

The advent of digital platforms for the distribution of television content has 

affected audiences’ consumption of traditional free-to-air television. Audiences spend 

more and more time-consuming video content via online content distribution channels 
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(Doyle, 2010). The use of social media by broadcasters, to encourage audiences to tune 

in, and by audiences, to share their experiences of television program content, is also 

increasing (Min et al., 2015). 

 

Barry Gunter explored possible answers to a few important questions relating 

to the impact of new Internet-based digital television platforms on traditional television. 

Do these new platforms substitute for or complement existing platforms? Are television 

and Internet audiences the same? Do people choose one of the two media or use them 

both at different times and for different reasons (Gunter, 2010)? 

 

In the media industry, the impact of multi-platform expansion on traditional 

platforms has been much debated (Doyle, 2010). Cha (2013a) conducted a survey in 

the United States and found that the respondents preferred to watch video content online 

than on television, as the Internet gave them the opportunity to watch programs in their 

preferred times and places, using a variety of devices. Cha (2013b) also found that a 

large percentage of the traditional television viewing population watched video content 

online as a complement to their on-air television watching. Cole (2000) has 

demonstrated that online viewing behavior can promote viewing via traditional on-air 

television. However, no research to date has measured the direct impact of this behavior 

on television ratings numbers. 

 

Social media are changing our daily lives, including our impressions of 
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television programs (Min et al., 2015). Audiences are no longer just “passive viewers”; 

they are now able to share their opinions on, feelings about and information relating to 

television programs they have watched. Television broadcasters sponsor user groups to 

advertise their programs and shows (Duan et al., 2008). Viewers can use sponsored 

forums or other social media to interact with the program content and other viewers 

(Cheng et al., 2016). Due to the importance of online WOM in promoting television 

shows, data from social media platforms may provide important insights for 

broadcasters into their audiences’ probable responses to subsequent episodes of a drama 

serial. 

 

Evidently, the television ratings of drama serial content cannot be accurately 

predicted using data on a single platform. Non-traditional airing platforms and social 

media must be considered when predicting television ratings in today’s multi-platform 

television environment and for the foreseeable future, given rapid advancements in 

technological innovation and their probable impact on audience behavior. 

 

1.4 Research Questions 

 

The most popular television program genre in Hong Kong is the local drama 

serial, which comprises a series of episodes over many weeks and has a continuous 

storyline that spans several episodes, culminating in a series finale (Dennis & Gray 

2013). With the widespread availability of online catch-up television and the growing 
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importance of WOM on social media platforms, audiences’ viewing of local drama 

serials on traditional television in Hong Kong is becoming increasingly dynamic, 

making the prediction of the television ratings of this type of program content even 

more challenging. 

 

To address the above issues, the following two questions are the focus of this 

research. 

 

1. Does a correlation exist between the traditional television ratings of drama serial 

episodes and online catch-up television viewership? 

2. Does online WOM affect the television ratings of drama serial episodes aired 

on traditional television in a multi-platform television environment? 

 

1.5 Scope of the Study 

 

In this research, I focus on predicting the television ratings of a drama serial at 

episode level, integrating in a single model the direct impact of multi-platform 

television viewing via catch-up television and the effect of social media WOM. 

 

As more and more viewers turn to catch-up television services and social media 

sites are increasingly used for sentiment expression and content promotion, I argue that 

ignorance of the effects of catch-up television and discussion of program content on 
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social media leads to biased estimations of audience size for program content broadcast 

on traditional television. Based on these biased estimations, television broadcasters are 

likely to set suboptimal prices for advertisement timeslots.  

 

A unique dataset is used in this research to answer the two research questions. 

The dataset contains daily television viewership ratings data for all 611 episodes of 26 

drama serials broadcast from December 2014 to August 2016; catch-up viewing data 

from the corresponding online catch-up television platform; and data from social media 

posts on these programs, collected from a leading discussion forum in Hong Kong. The 

richness of the dataset allows me to predict television ratings for each episode rather 

than merely each program.  

 

In the next chapter, I propose a method of predicting the television ratings of 

drama serial episodes using a television model that integrates multiple sources of data. 

The predictors include variables relating to viewership on both traditional television 

and online catch-up television platforms and online WOM from a social media 

platform. Regression models are developed to empirically analyze the importance of 

these predictors.  
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1.6 Outline of the Dissertation 

 

This paper is organized as follows. The next chapter reviews the literature on 

television ratings prediction and theories supporting the development of my television 

ratings prediction model for drama serial content in the multi-platform television 

environment. Previous literature on the effects of online video platforms on traditional 

offline television and the role of social media in the media industry is also explored. 

 

Based on the literature review, the research model is presented and the research 

hypotheses are formulated.  

 

In the chapter on research methods, I discuss the development of my analytical 

approach, the data collection and data preprocessing methods and the results of the 

analysis. Next, I outline the research findings. I conclude with the implications and 

limitations of the study and suggest future directions for research on this subject. 
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2. LITERATURE REVIEW 
 

Over the last 30 years, many research papers have been written on methods of 

obtaining—especially predicting—television ratings, and their relative accuracy. 

Whether undertaken for commercial or academic reasons, this research has been 

influenced by the interaction between technological innovation and the financial 

viability of the television broadcasting community.  

 

In this research paper, I review the literature on methods of predicting the 

ratings of a television event. Next, I review the literature on the relationship between 

online media platforms and traditional offline media platforms. Finally, I review the 

literature on the role of social media and their effects on the media industry. 

 

2.1 Previous Work on Television Ratings Prediction  

 

Television networks sell time to advertisers at prices based on the projected 

television audience size (Waterman et al., 2012; Pagano et al., 2015). Accurate 

television rating forecasts are important, as a difference of just one rating point can 

result in substantial gains or losses for broadcasters and advertisers (Webster & Phalen, 

1997; Givon & Grosfeld-Nir, 2008). Inaccurate television ratings forecasts have an 

adverse financial impact on both advertisers and broadcasters (Danaher et al., 2011). 
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Broadcasters have to publish their television ratings predictions well in advance 

of the airing of scheduled programs to enable them to sell the associated commercial 

timeslots to advertising agencies. Selling prices are estimated based on these forecasts 

of television network ratings. However, as audience projections are often made well 

before any program episodes have been aired, they can be very inaccurate due to 

unforeseeable near-term factors, as demonstrated by Forkan (1986) and Rust and 

Eechambadi (1989). 

 

The size of a television audience is measured in terms of either television ratings 

(percentage of households tuned to a specific television station) or rating points (one 

rating point represents 1% of viewers) (Pagano et al., 2015). Some television ratings 

prediction models are constructed at total audience level, whereas others focus on a 

particular audience segment. Predictions can be made at program level or at quarter-

hour or half-hour intervals (Danaher et al., 2011), depending on the business model. To 

address broadcasters’ various business needs, different television ratings prediction 

models must be developed (Kelton & Stone, 1998).    

 

In reviewing the literature on the development of television ratings forecast 

models,  the theory of television program choice (Webster, 1983) were often used for 

the development of the forecast models. Model that was developed based on the 

television program choice has the following two steps. The first determines whether 

audiences’ desire to watch television is related to their time availability. The second 
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step determines how viewers select a channel or specific program to watch in a multi-

channel television environment (Webster & Wakshlag, 1983). Gensch and Sheman 

(1980a) used this approach to construct their television ratings model, multiplying the 

estimated total audience in a given period by the estimated channel share during that 

period.  Darmon (1976) used a regression model to link viewers’ choice of program 

type with channel loyalty, based on the assumption that the probability of a consumer’s 

watching a particular channel depends on the characteristics of other programs on that 

channel and programs offered by competing channels.  

 

The variables used to date for television ratings prediction can be broadly 

classified into two categories: time- and program-related variables (Danaher & Dagger, 

2012).  

 

Time-related variables are commonly found in models predicting television 

ratings at a given time on a given day. These models are developed using the ratings 

obtained for the same timeslot on the same channel in the previous year (Patelis et al., 

2003). Typical time-related variables include timeslot, such as time of the day, day of 

the week, month or quarter, and ratings for similar programs in the previous period 

(Gensch & Shaman, 1980b; Patelis et al., 2003).  

 

Using the time-series approach, Gensch and Shaman (1980a) found that the size 

of the total network audience seemed to be more a function of calendar factors, possibly 
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related to warm weather activities, than a function of aggregate program content. Patelis 

et al. (2013) found that season had a strong impact on total viewership, with more 

viewers in winter than in summer months.  

 

The day of the week (e.g., weekday versus weekend) also plays an important 

role in determining viewership. Yeo (2017) focused on the effect of the weekend on 

television viewership, and observed a drop-in rating on Fridays and Saturdays. Horen 

(1980) found that the television ratings of a program could be changed by rescheduling 

the program to a different period in the day. 

 

Program-related variables such as program genre, program cast and local 

content are commonly used as predictor variables, in addition to program length, 

program theme, production cost, lead cast, writers and directors.  

 

Henry and Rinne (1984) demonstrated the importance of program genre in 

forecasting television ratings, showing that broadcasting a soap opera drama in a 

specific timeslot in the multi-channel television environment had a significant positive 

effect on total audience share. 

 

Danaher et al. (2012) combined time-related variables with program-related 

variables, such as program genre and program duration, to construct their television 

ratings model. The results showed that the effect of the day of the week was very 
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pronounced, with significantly higher ratings recorded between Sunday and Thursday 

and significantly lower ratings on Saturday, using Friday as the baseline, for most 

program genres except sporting content, which recorded its highest values on 

Saturdays. 

 

Kinjo and Sugawara (2014) used other program-related attributes, such as 

characteristics of drama and audience segment together, to improve the accuracy of the 

prediction model. Shachar et al. (2000) also incorporated variables such as cast 

demographics, cast popularity and audience channel switching costs into their 

television ratings prediction model. Rust and Eechambadi (1989) took audience 

demographics into account when developing a television ratings prediction model at 

individual level. Weber (2002) suggested that television usage was influenced by 

numerous possible determinants. Therefore, when developing forecasting models, a 

different perspective is needed, as not all of these explanatory variables are useful for 

making predictions.   

 

Although conventional statistical techniques such as regression (Darmon, 1976; 

Gensch & Shaman, 1980a; Horen, 1980; Kelton & Stone, 1988) and the logit approach 

(Danaher & Mawhinney, 2001; Henry & Rinne, 1984) have been widely used in the 

literature, artificial intelligence (AI) methods involving approaches such as decision 

trees (Meyer & Hyndman, 2006) and neural networks (Meyer & Hyndman, 2006; 

Weber, 2002) have been proposed and used in recent research. Danaher et al. (2011) 
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has compared eight algorithms, ranging from a naïve empirical method to a state-of-

the-art Bayesian model averaging method, and found that a random effects regression 

model frequently out-performed more sophisticated Bayesian models in out-of-sample 

forecasting. 

 

Most models developed to date predict the television ratings of drama serials at 

the complete program level, with only a few making predictions at episode level. 

Besides, most of these models are used to predict the popularity of a program before it 

is broadcast. Drama serials are different from other television programs in that their 

content is distributed over 20 to 30 episodes. Each episode ends with a promise that the 

storyline will be continued in another episode in the same timeslot on a prescheduled 

day. For each drama serial, the broadcaster needs to predict not only the television 

ratings of the entire program, the première but also the television ratings of each episode 

and the finale episode.  

 

Fukushima et al. (2016) proposed a method of predicting the ratings of 

television dramas before they are broadcast by considering cast and crew. The 

regression method was used to predict the ratings of the first episode using cast and 

crew variables. Although Fukushima (2016) did not go on to predict the ratings of 

subsequent episodes, he suggested that the television ratings of the next episode could 

be predicted using the audience’s reaction to the first episode.  
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2.2 Effects of Online Channels on Existing On-air Television Channels 

 

In the television industry, on-air television channels have long been the main 

avenue for audiences’ consumption of television content. However, with the 

introduction of time-shifted television services on Internet platforms, the consumption 

habits of viewers have changed (Roscoe, 2004; Doyle, 2010; Guerrero et al., 2013). 

Viewers are able to select their preferred viewing times for traditional television 

program content using alternative content delivery platforms. This has introduced 

concerns regarding the cannibalization of existing platforms and alterations to revenue 

streams for incumbent television broadcasters (Wilbur, 2008).  

 

Works have indicated that online video viewing is related to traditional 

television viewing but findings are mixed. Lin (2004, 2005) suggested that a new 

medium would displace a traditional medium as long as the new medium was 

functionally similar to or more desirable than the traditional medium. In contrast Cole 

(2000) suggested that online behavior could promote offline viewing, and thus that 

Internet and television viewing were positively related.  

 

Since the mid-1990s, newspaper companies have evolved into multi-platform 

media enterprises distributing content to multiple platforms and devices (Albarran, 

2010). In the newspaper industry, readers may visit online news websites to gain a 

summary of the news before buying the printed version of a newspaper. The newspaper 
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industry is subject to the “sampling effect” (Liebowitz, 1985), whereby readers use one 

channel to sample services available for later choice. 

 

Different channels have their own advantages. Avery et al. (2012) suggested 

that different channels could be used to advertise other channels. The use of one channel 

may result in an increase in the use of another channel (Cha, 2013b). Multi-episode 

drama serial programs offer a useful example of audience viewing behavior for this 

program genre. If an episode broadcast on traditional television is missed, viewers are 

highly likely to miss the remaining episodes of the serial. Allowing the television 

audience to catch up with the missed episode before the next episode is broadcast can 

help a television broadcaster to retain viewers’ interest in the serial, complementing the 

traditional television platform. Primetime drama serials are the most watched content 

on catch-up television platforms (Belo et al., 2013). Beauvusage et al. (2012) found that 

drama serial content on catch-up television platforms reached 80% of its total catch-up 

audience within the first 3 days of a 7-day catch-up period. 

 

2.3 Online WOM    

 

Although WOM has existed since the beginning of time, the mass adoption of 

the Internet and related technologies in the last two decades has led to the emergence 

of a new form of WOM: electronic WOM or the online WOM. (Huete-Alcocer, 2017)  
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WOM refers to interpersonal communication between consumers concerning 

their personal experiences and evaluations of a firm or a product, which may be either 

positive or negative (Lamero, 2014; Royo-Vela & Casamassima, 2011). WOM has for 

many years been acknowledged to have a major influence on what people know, feel 

and do. The recent development of social media and user-generated content has 

increased the influence of online WOM (Buttle, 1998).  

 

WOM or online WOM is a form of social communication defined as “the 

process by which an individual (the communicator) transmits stimuli (usually verbal 

symbols) to modify the behavior of other individuals (communicatees)” (Hsia, 2015). 

The key features distinguishing WOM from online WOM are the speed at which 

messages (stimuli) are spread by the information sender (communicator) and the 

information seeker’s (communicatee’s) ability to search for, retrieve and respond to 

messages.    

 

In the world of e-commerce, online WOM is a credible information source for 

consumers making purchase decisions (Hennig-Thuraru et al., 2004, Davis & 

Khazanchi, 2008), and can increase product sales (Chevalier & Mazline, 2006; Davis 

& Khazanchi, 2007).  

 

In a linear television environment, audience viewing behavior is influenced by 

several factors, such as time, preferences and the type of program provided by television 
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broadcasters (Webster, 1983). In other words, audiences’ viewing behavior is 

influenced by both program availability and their awareness of programs (Cheng et al., 

2016). Awareness of program content can be gauged by measuring online WOM 

activities on social media outlets. 

 

Broadcasters adopt social media tools to promote awareness of their television 

programs and enable audiences to discuss their views on these programs (Duan et al., 

2008). Of all program genres, sports and news receive the most attention on social 

media, followed by serialized drama (Dezfuli et al., 2011). 

 

People who normally do not watch a drama serial on traditional television may 

be influenced by comments and posts on social media, namely online WOM, to begin 

watching it. They can catch up with the program content mentioned on social media 

using online catch-up television services, and may also decide to continue watching 

future content on traditional television, positively affecting television ratings.  

 

Recent research has used online WOM data collected from social media sites to 

construct variables for television ratings prediction (Cheng et al., 2016; Hsieh et al., 

2013; Wakamiya & Sumiya, 2011; Yeh, 2015). Typical online WOM attributes used as 

predictors for television ratings include the number of posts, the number of shares, the 

number of likes and sentiment scores (Cheng et al., 2016; Oh et al., 2015). 
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Yeh (2015) found that online WOM was an important variable in television 

ratings prediction. Ahn et al. (2017) found that consumer-generated content on social 

media could be used to project the audience viewing rate for media content. Cheng et 

al. (2016) found a positive correlation between television ratings and social media data 

for the drama serial genre. 

 

Ahn et al. (2017) examined buzz data on a 20-episode Korean drama posted 

on a social media website, and found that consumer-generated content on social media 

could be used to project the audience viewing rate for this type of media content. 

Therefore, including online WOM measures as well as program- and time-related 

variables in a television ratings prediction model can enhance its accuracy, especially 

for recurring events such as episodes of a drama serial.  

 
 

Digitalization has increased the volume and variety of data and the speed at 

which it is conveyed. The era of big data is characterized by a high volume, high 

velocity and wide variety of information assets (Portilla, 2015). The television ratings 

of a program in a multi-platform television environment can be predicted using a 

“hybrid” methodology (Gunzerath, 2012), combining traditional ratings data with other 

data generated from new technology, to gain a more comprehensive view of audiences’ 

consumption of program content. 
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3. RESEARCH MODEL AND HYPOTHESE 
 

This section discusses the development of the conceptual model and five 

hypotheses regarding the episode-level television ratings of a drama serial broadcast on 

traditional television.  

 

Today’s multi-platform television environment, in which television program 

content is available via online catch-up services, makes predicting television ratings 

more challenging, because audiences now have more options for consuming television 

program content than strictly following the linear broadcasting schedule of traditional 

television. Due to the effects of online social media WOM and online catch-up services, 

using only traditional television statistics to predict the ratings of television programs 

is no longer effective. 

 

Danaher et al. (2011) and Yeh (2015) reviewed previous television ratings 

prediction studies by comparing their methods and independent variables. Surprisingly, 

however, no literature to date has focused on predicting the television ratings of prime-

time multi-episode drama serials in a multi-platform television environment in which 

episodes are near-simultaneously available for catch-up viewing.  

 

Given the limitations of the literature in projecting the television ratings of 

program content in a multi-platform television environment, I explored theories from 
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the fields of psychology and marketing to develop my theoretical model and formulate 

hypotheses regarding the prediction of the television ratings of episodes of a drama 

serial in a multi-platform television environment. The theories referenced were status 

quo bias theory, the Zeigarnik effect and WOM theory. 

 

3.1 Overview of the Research Model  

 

To identify the key factors for inclusion in this conceptual model, I first 

categorized the viewers of drama serials based on their traditional television watching 

behavior, as follows.  

 

Members of the first audience group follow a drama serial linearly but may skip 

one or more episodes if they do not find them interesting enough. Whether these 

viewers watch a given episode is highly dependent on their interest in the content. The 

television ratings of the previous episode provide a good indicator of this group’s 

likelihood of continuing to watch the next episode of the drama serial. 

  

Members of the second audience group also follow drama serials on television 

in linear mode. These viewers may occasionally miss an episode for various reasons 

but catch up using a catch-up television platform, then resume watching subsequent 

episodes on traditional television. For this audience group, catch-up television viewing 

of a just-aired episode is a good indicator of the television ratings of the next episode. 
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Members of the third audience group do not normally watch drama serials on 

either traditional television or via online catch-up television platforms but can be 

influenced by discussion on social media to watch earlier episodes available via a catch-

up television service and then to follow the subsequent episodes of the serial on 

traditional television for immediate satisfaction and early gratification. For this 

audience group, online social media WOM and online catch-up television viewing of 

episodes available on catch-up television platforms are good indicators of the television 

ratings of the next episode. 

 

Based on the viewing behavior of these three audience groups, the key factors 

that affect predictions of the television ratings of a given episode of a drama serial in a 

multi-platform television environment are the television ratings of the previously 

broadcast episode, online catch-up television viewership and the social media platform 

used for online WOM. 

 

 

3.2 Research Hypothesis Development 

 

The study integrates several strands of research to develop a comprehensive 

model and hypotheses regarding the television ratings of drama serial episodes in a 

multi-platform television environment.   



 
 

28 

 

Figure 2 depicts this conceptual model, representing the antecedents of 

television ratings prediction and the corresponding hypotheses. 

  

The theoretical foundations for this model and the five hypotheses are provided 

by status quo bias theory, the Zeigarnik effect and online WOM theory.  

 

 

Figure 2 Conceptual model for television ratings prediction 

 

3.2.1 Television Ratings 

 

Television ratings reflect the number of viewers of a specific television show 

(Pagano et al., 2015). They are an important indicator of program popularity, and also 

influence broadcasting stations’ advertisement revenue. Television audience ratings are 
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normally measured by an external organization; for example, Nielsen television ratings 

depend on a small number of randomly selected representative groups (Cheng et al., 

2013).    

 

In the Hong Kong television ratings system, one rating point represents 64,660 

viewers.1 A rating of 30 points thus means that approximately 1.9 million people are 

watching a certain television program broadcast at a given time.   

 

3.2.2 Effect of Status Quo Bias on Television Ratings 

 

When people make decisions, they show a clear bias toward the status quo 

(Samuelson & Zeckhauser, 1988). When facing a choice of alternatives, they often 

refrain from acting (Fleming et al., 2010).  

 

Status quo bias theory suggests that when individuals are required to choose 

between options, they tend to prefer the situation or decision already in place, 

irrespective of whether the alternative is of better value to them (Falk et al., 2007).  

 

Much research has used status quo bias theory to explain the correlation 

between past and future behavior, such as finding a new school, trading an old for a 

                                                
1 The television ratings indicator (“TVR”) represents audience size expressed as a percentage of the total television population. 
In 2015, the total television population in Hong Kong comprised 6,466,000 viewers. Therefore, 1 TVR represented 64,660 
viewers in 2015. 
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new car or even changing the television channel. Fredricks and Dorset (1983) found 

that prior class attendance was a significant predictor of subsequent attendance.  

 

Constantiou (2009) explained the effect of status quo bias on people’s adoption 

of new technology, such as mobile television. Blechar et al. (2006) showed that status 

quo bias decreased the probability of consumers’ adopting a mobile television service 

even if it provided better performance (price or service quality). Fan et al. (2015) also 

studied the effect of status quo bias on cloud system adoption. 

 

Strictly according to this theory, viewers who have been following episodes of 

a drama serial on traditional television will continue watching on traditional television 

even if the program content is also available for consumption on another platform, 

unless they lose interest in watching the content. Therefore, when constructing a 

prediction model for drama serial ratings, the ratings of a subsequent episode should 

follow the ratings of the previous episode. Fukushima (2016) suggested that the ratings 

of the first episode of a drama serial could be used as a reference to predict the ratings 

of subsequent episodes. Thus, I offer the following hypothesis. 

 

HYPOTHESIS 1 (H1): The television ratings of a given episode of a drama 

serial is positively related to the television ratings of the previous episode. 
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3.2.3 Effect of WOM on Television Ratings 
 

The WOM effect has been discussed extensively in the literature. Previous 

studies have suggested that the volume of WOM can predict the sales of products 

(McFadden & Train, 1996), the popularity of television shows (Godes & Mayzlin, 2004) 

and box office revenue performance (Duan et al., 2008; Liu, 2006).   

 

In an industry study by Nielsen in 2011,2 a 9-14% increase in buzz was found 

to correspond to a 1% increase in television ratings. Buzz volume is believed to be a 

powerful predictor of product sales, because WOM volume raises consumers’ 

awareness of a product and thus increases sales. This is also known as the informative 

effect of WOM. 

 

Although people motivated by WOM to watch a television drama serial are able 

to watch the content on different media, including traditional television and catch-up 

television platforms, online WOM is still expected to affect the television ratings of an 

episode broadcast on traditional television. Thus, I constructed the following 

hypothesis. 

 

HYPOTHESIS 2 (H2): Accumulated WOM is positively related to the television 

ratings of the next episode of a drama serial. 

                                                
2 Subramanian, R. (2011). The Relationship Between Social Media Buzz and Television Ratings. Nielsen Media and 

Entertainment.  
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3.2.4 Zeigarnik Effect on Television Ratings 

 

Studies of the Zeigarnik effect have shown that people remember uncompleted 

or interrupted tasks better than completed tasks (Butterfield, 1964). The essence of the 

Zeigarnik effect is incompleteness. Incomplete things make people feel uncomfortable; 

they focus on the lack of completion until they can find some kind of resolution 

(Denmark, 1994).  

 

The Zeigarnik effect is manifested by a subject’s need to complete a task once 

begun. If prevented from doing so, the subject is left in a state of tension, which 

improves their memory of the uncompleted task (Heimbach & Jacoby, 1972).   

 

The Zeigarnik effect is commonly exploited by authors of serialized novels and 

television shows. Closing a chapter, novel or episode with a cliffhanger leaves the 

audience in suspense until the next instalment.    

 

A television drama serial is composed of a series of episodes with a central plot 

and multiple subplots. Its audience must show a certain degree of time commitment to 

follow each of the broadcast episodes linearly. Missing an episode of a drama serial can 

then generate anxiety, as explained by the Zeigarnik effect. 

 

Due to the Zeigarnik effect, viewers who have missed an episode of a drama 

serial that they are following on traditional television have a strong desire to watch the 
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missed episode online via catch-up television, seeking to fill in the gap in the storyline 

to enable them to continue engaging fully with the content.   

 

As catch-up viewership can help maintain viewers’ momentum by enabling 

them to continue watching drama serials, catch-up viewership is expected to influence 

on-air television viewing of the coming episodes. In other words, on-line catch-up 

viewership can project the television ratings of the next episode of a drama serial. I thus 

offer the following hypothesis. 

 

HYPOTHESIS 3 (H3): Online catch-up television viewership is positively 

associated with the television ratings of the next episode of a drama serial. 

 
 
3.2.5 Impact of Weekend Catch-up Viewing 
 

Internet-based catch-up television has changed audience watching habits, 

because it gives users the flexibility to watch television programs at their preferred 

times and on their preferred platforms. Many users catch up with missed episodes 

online at the weekend, when they do not normally work (Schweidel & Mole, 2016). 

Unlike the demand for catch-up television streaming on weekdays which is primarily 

driven by viewers who have missed an episode linearly broadcast on television, the 

sharp increase in viewership of catch-up content on the Internet at the weekend is driven 

primarily by a group of consumers who rarely watch programs broadcast linearly on 

traditional television (Mikos, 2016). Therefore, the increased demand for catch-up 
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television viewing at the weekend has less impact to the television ratings of the 

upcoming episode broadcast as it is on weekdays. This leads to the following 

hypothesis. 

 

HYPOTHESIS 4 (H4): Online catch-up television viewership at the weekend, 

compared with that on weekdays, has a lesser impact on the television ratings 

of the next episode of a drama serial. 

 

3.2.6 Impact of Finale Week Catch-up Viewing  

 

Hsieh et al. (2013) found that the television ratings of a program broadcast on 

one television channel could be affected by the finale of a television program on another 

television channel. I expected episodes of a drama serial broadcast in the finale week 

to generate more viewing activity than other episodes of the serial. Peer groups tend to 

discuss the denouement of a drama in the finale week. Viewers who have missed earlier 

episodes and want to know how the story ends before the last episode is broadcast 

account for much of the catch-up television traffic. In addition, the finale will lose its 

mystery if it is watched using catch-up television rather than traditional television, 

because peer groups tend to discuss and share their feelings about the end of a serial. 

Therefore, I also expected the increased demand for catch-up television in the finale 

week to bring viewers back to the traditional broadcasting channel because they want 

to know the end immediately. This leads to the following hypothesis. 
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HYPOTHESIS 5 (H5): Online catch-up television viewership has a greater 

impact on the television ratings of the next episode of a drama serial in the 

finale week than at any other time. 
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4. RESEARCH METHODS 
  
 

The research conducted was quantitative, measuring the effects of independent 

variables on the dependent variable, namely the television ratings of the next episode 

of a drama serial aired on traditional television.  

 

The independent variables comprised the television ratings of previous episodes 

of the drama serial, the patterns of consumption via catch-up television platforms for 

preceding episodes and the volume of online WOM regarding the drama serial on social 

media. 

 

4.1 Research Design 

 

Descriptive analysis of the data was conducted to understand the general 

characteristics of the data, and regression analysis was conducted with subsequent 

models to uncover potential relationships between the variables. 

 

Regression analysis is a statistical technique used to investigate and model the 

relationships between variables (Montgomery et al., 2012). Multiple linear regression 

models were developed to study the predictive power of the independent variables, in 

conjunction with the dependent variable, and thereby to determine whether the five 

hypotheses developed in the previous chapter were supported. I used .05 as the 

significance level (alpha level), denoting the probability of rejecting the null hypothesis. 
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4.2 Data Sources 

 
A key aspect of this study was its integration of data from different sources. The data 

used in the study were drawn from the following sources. 

 

• Daily television ratings of each episode of a drama serial aired on Hong 

Kong television by a local television broadcaster.  

• Associated 7-day online catch-up viewing activities on a platform provided 

by the same local television broadcaster. 

• Statistical WOM data extracted from discussion of the drama serial on an 

Internet-based social media platform, collected using a custom data 

acquisition program. 

 

Twenty-six multi-episode drama serials broadcast between December 2014 and 

August 2016 were selected for investigation. All were first aired on traditional 

television in prime-time slots, as they were considered generally suitable for family 

viewing and therefore covered a wide audience. The sampled serials were all either 

locally produced or starred local performers, thus ensuring a consistent level of local 

audience appeal. The number of episodes per drama ranged from 20 to 40, and the 

running time per episode was 45 minutes.  
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Television viewership ratings as measured by Nielsen were provided by the 

television broadcaster. The television viewership rating data covered all 611 episodes 

of the 26 drama serials. 

 

The catch-up television usage log provided by the broadcaster detailed the 

viewing activities for catch-up episodes aggregated at 30-minute intervals. The viewing 

activities included the number of catch-up views and the catch-up duration of each 

episode by catch-up day and calendar viewing day.   

 

The online WOM data analyzed were drawn from an online discussion forum, 

the website discuss.com.hk. This social networking website was ranked by Alexa as the 

eighth most popular website in Hong Kong (September 2015), and had 5 million users 

from diverse demographic and socio-economic backgrounds who shared information 

on a wide range of topics daily. Topics related to television and entertainment were 

popular: users posted views daily in discrete threads dedicated to individual drama 

serials, and each post contained the author’s nickname, date and textual content.  

 

In this research, a data acquisition program (Web crawler) was developed to 

collect discussion posts relating to the drama serials in the study sample. I collected 

only posts in threads whose subject lines contained the names of the relevant drama 

serials and content posted after each serial’s first television airing and before the airing 
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of its final episode. Total number of fetched discussion posts from the discussion forum 

was 36,958. 

 
 

4.3 Data Preprocessing 

 

This section provides details of the data processing steps performed in 

preparation for the subsequent analysis. The processing yielded a dataset comprising 

611 records, each representing a drama serial episode and containing its on-air 

television ratings, the on-air television ratings of the preceding episode, metrics relating 

to daily WOM volume in the 24 hours preceding its television airing and details relating 

to its catch-up television viewership. Two dummy variables were created to describe 

the catch-up television viewership details: weekend_viewing and finale_week viewing. 

Four control variables representing program genre and the number of episodes in a 

given drama serial were also derived and added to each record in the dataset to support 

the analysis.  

 

The daily television ratings data for each episode of the 26 sampled drama 

serials were obtained from the broadcaster and used directly. The total daily number of 

WOM posts was computed from data extracted from the forum discuss.com.hk by a 

handwritten crawler program.   
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The catch-up television usage log provided data on the viewing minutes and 

number of views per episode at 30-minute intervals. Variables describing the daily 

number of catch-up views and the catch-up duration of every episode of each drama 

serial were derived from these data.  

 

The variables Day1View to Day7View were created to model the catch-up 

viewing volume for each catch-up episode by its catch-up day on each calendar day. 

The values of Day1View represented the daily catch-up volume of the episode on its 

first catch-up day, those of Day2View represented the daily catch-up volume of the 

episode on its second catch-up day and so on. 

 

Similarly, the variables Day1Min to Day7Min were created to represent catch-

up viewing duration. Day1Min represented the time spent catching up with the episode 

on its first catch-up day, Day2Min represented the time spent catching up with the 

episode on its second catch-up day and so on. 

 

Therefore, based on the catch-up usage log, I created 14 potentially correlated 

variables. Correlation analysis and multi-collinearity checking were later performed to 

detect substantial correlations (R > 0.9) between the variables (Field, 2005).  

 

The correlation matrix (details in Appendix B) showed that episodes’ viewing 

volume (Day1View to Day7View) and respective viewing durations (Day1Min to 
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Day7Min) were highly correlated (Pearson > 0.9). The variables representing viewing 

volume were used to model the catch-up television viewership variables in the 

following analysis. 

 

 

4.4 Measurement of Variables 

To analyze the factors predicting the television ratings of the next episode of a 

drama serial on traditional television, I first defined this target measure, which was 

represented as Rt.  

 

I then defined the following predictor variables. 

 

• Rt.-1: representing the television ratings of the previous episode of the 

drama serial. 

• WOM_Postt-1: representing the total number of newly created posts on 

the drama serial on each calendar day. 

• DayxViewt-1: representing the total daily catch-up volume for each 

uploaded episode by its catch-up day. For example, Day1View measured 

the episode’s total daily catch-up viewing volume on its first catch-up 

day, and Day7View measured the total daily catch-up viewing volume 

of the episode on its seventh catch-up day.   
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As shown earlier in this paper, weekends are associated with greater total catch-

up viewing and total catch-up duration than weekdays. Similarly, the finale week has 

more catch-up views than other periods. Therefore, I created two dummy variables, 

Finale Week and Weekend Viewing, to analyze the impact of weekend and finale 

week catch-up viewing on the television ratings of the next episode of a drama serial.  

 

Three independent variables were further derived from the variables Day1View 

to Day7View to model the relationship between catch-up viewing and the television 

ratings of the next episode of a drama serial.  

• CatchupView1Day  

• CatchupView3Day  

• CatchupView7Day  

 

CatchupView1Day was the volume of Day 1 catch-up views on a calendar day. 

CatchupView1Day was used to measure the degree of synchronization between the on-

air and catch-up viewing of an episode.  

 

CatchupView3Day was the sum of Day1View to Day3View on a calendar day. 

It was created because previous analysis of the data sample, supported by the literature 

(Beauvusage et al., 2012), indicated that each drama serial consistently reached 80% of 

its total audience views in the first 3 days of its 7-day catch-up availability.  
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CatchupView7Day represented the total catch-up views of all of the available 

catch-up episodes of a drama serial on a calendar day, and its value was the sum of 

Day1View to Day7View.  

 

Log transformation was applied to WOM_Post (logn) to form a new variable, 

WOM_Post_ln. Consistent with the findings of the statistical analysis of the data 

sample, the values of the WOM_Post variable were highly skewed.  

 

To prevent bias and accurately estimate the effects of the variables on television 

ratings, I controlled for drama heterogeneity by including the following four drama-

specific control variables in the model. 

 

• Drama serial length (i.e., number of episodes): episode_length, which 

also served as a proxy for the promotion (exposure) of the drama serial 

on traditional television. 

• Drama serial genre: genre_historical, genre_romance and 

genre_comedy, as primetime drama serials are classified mainly as 

historical drama, romance or comedy by the local broadcaster. 

 

The predictor variables, dummy variables, control variables and target measures 

formed the dataset used in the next stage of the analysis, as described in Table 2. The 

dataset comprised 611 records, each of which detailed the television ratings of a drama 
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serial episode plus its daily online catch-up activities and the number of associated 

online WOM activities.   

 

Variables Description 

Dependent Variable   

Ratingit Television ratings of episode at time t 

Independent Variables  

Rating t-1 Television ratings of episode at time t-1 

CatchupView1Day i,t-1 Daily catch-up viewing volume for the last uploaded 
episode content (Day1View) in the period (t-1, t)  

CatchupView3Day i,t-1 Sum of Day1View to Day3View, episodes’ cumulative 
catch-up television volume for the period (t-1, t)  

CatchupView7Dayi, t-1  
Daily catch-up television volume for all available 
catch-up episodes (Day1View to Day 7View) on the 
catch-up television platform in the period (t-1, t)   

WOM_Post_ln i,t-1 

Newly created posts on the drama serial in the 
discussion forum in the period (t-1, t), with log 
transformation applied 
 

Dummy Variables  

finale_weekit “1” if the episode falls in the finale week of the drama 
serial, otherwise “0” 

weekend_viewingit “1” if the catch-up viewing date falls at the weekend, 
otherwise “0” 

Control Variables  

Genre_historical “1” if the genre is historical, otherwise “0” 
 

Genre_romantic “1” if the genre is romantic, otherwise “0” 

Genre_comedy “1” if the genre is comedy, otherwise “0” 

Episode_length Number of episodes in the drama serial 

Table 2 Descriptions of variables 
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5. RESEARCH RESULTS 
 

5.1 Descriptive Analysis 

 

The next section provides basic statistics relating to the television ratings data, 

the WOM data from social media and the online catch-up television viewing data. 

 
 
5.1.1 Television Ratings Data 
 

Table 3 shows the television ratings statistics for all 611 episodes of the 26 

drama serials sampled, and Figure 1 shows their value distributions. The episode ratings 

fell between 15.10 (Drama 24) and 31.71 (Drama 15), with an overall average of 24.20. 

The highest rating recorded was for episode 8, shown on a Thursday evening, and the 

lowest rating was for episode 6, shown on a Sunday evening. The serials with the 

highest and lowest ratings were both historical dramas.   

 
 

 

Drama Number of 
episodes Maximum Minimum Mean SD 

Drama 1 19 26.56 20.51 22.84 1.59 

Drama 2 20 27.37 22.04 25.23 1.44 

Drama 3 24 29.19 20.39 23.80 2.07 

Drama 4 20 25.45 20.08 22.86 1.43 

Drama 5 21 26.14 21.01 23.87 1.26 

Drama 6 21 26.42 21.82 23.85 1.20 

Drama 7 20 25.33 21.27 22.96 1.18 

Drama 8 31 27.23 20.28 23.25 1.86 

Drama 9 20 26.80 23.00 25.42 1.17 

Drama 10 20 26.20 18.70 22.46 1.79 
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Drama 11 20 26.50 22.60 24.30 0.99 

Drama 12 32 29.40 17.80 24.63 2.57 

Drama 13 26 27.79 20.18 23.25 1.78 

Drama 14 21 28.71 24.17 26.43 1.21 

Drama 15 35 31.71 19.06 28.32 2.42 

Drama 16 20 26.15 20.07 22.91 1.78 

Drama 17 25 28.28 21.03 24.49 1.59 

Drama 18 27 26.43 19.46 22.86 1.84 

Drama 19 20 24.03 19.78 22.67 1.00 

Drama 20 20 28.30 18.87 22.65 2.23 

Drama 21 18 30.06 20.32 26.35 2.25 

Drama 22 20 28.00 19.10 24.95 2.43 

Drama 23 20 25.50 18.20 22.75 1.77 

Drama 24 32 29.50 15.10 24.40 2.31 

Drama 25 30 27.40 17.10 24.77 1.80 

Drama 26 18 27.53 19.84 24.50 2.11 

Table 3 Statistics for television ratings 

 

 
Figure 1 Frequency distribution of television ratings of 611 episodes 
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Across these data, television ratings were found to show the greatest fluctuation 

in the première week, and then to stabilize toward the finale week. The descriptive 

statistics in Table 4 show the maximum/minimum/mean values and standard deviations 

of the television rating points of the first and last five episodes of eight drama serials, 

each of which had the same number of episodes. Comparing the mean values and 

standard deviations for the first five episodes with those for the last five episodes 

revealed that the television ratings of episodes in the première week fluctuated much 

more than those of episodes in the finale week (première week: 23.68/1.076; finale 

week: 23.69/.475). 

 

 

N = 8 
Number 

of 
episodes 

Minimum Maximum Mean SD 

Ratings of 20 episodes 20 21.71 25.29 23.28 0.826 

Ratings of first five 
episodes 5 22.83 25.29 23.68 1.076 

Ratings of last five 
episodes 5 23.08 24.07 23.69 0.475 

Table 4 Comparison of television ratings (première week versus finale week) 

 
 

5.1.2 WOM Statistics 
 

  

Statistics of the daily WOM volume for each of the 26 drama serials are also 

listed in Table 5 for reference Drama 24 generated most of the daily average WOM 

posts (496 posts) and Drama 20 generated the fewest of the average daily WOM posts 

(20 posts). Drama 24 was a historical drama while Drama 20 was a comedy. 
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Drama Number of 
episodes Minimum Maximum Mean SD 

Drama 1 19 18 389 109 86.05 

Drama 2 20 12 87 37 21.09 

Drama 3 24 24 897 244 208.81 

Drama 4 20 15 226 85 48.18 

Drama 5 21 10 96 27 22.17 

Drama 6 21 12 218 74 53.55 

Drama 7 20 12 225 44 46.80 

Drama 8 31 26 354 76 60.70 

Drama 9 20 22 195 47 34.96 

Drama 10 20 25 285 91 58.32 

Drama 11 20 35 307 118 85.78 

Drama 12 32 80 1040 256 203.18 

Drama 13 26 14 245 68 57.94 

Drama 14 21 16 163 60 32.93 

Drama 15 35 14 201 36 32.38 

Drama 16 20 21 213 24 45.48 

Drama 17 25 15 137 50 34.40 

Drama 18 27 11 242 74 51.05 

Drama 19 20 11 142 76 37.40 

Drama 20 20 10 145 23 30.49 

Drama 21 18 42 423 108 75.40 

Drama 22 20 28 231 60 49.27 

Drama 23 20 31 504 124 108.77 

Drama 24 32 175 1397 496 278.71 

Drama 25 30 12 266 36 46.84 

Drama 26 18 23 400 177 81.04 

Table 5 Statistics of daily WOM posts  

 

5.1.3 Catch-up Viewing Statistics 
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The number of daily catch-up views of the selected 26 drama serials during the 

broadcasting period on traditional television ranged from 25,304 (episode 10 of Drama 

1, December 16, 2014) to 483,511 (episode 7 of Drama 21, July 19, 2015). Drama 21 

generated most of the daily average catch-up television views (285,480) and Drama 13 

generated the fewest of the daily average catch-up television views (64,780). Drama 21 

was a comedy and Drama 13 was a historical drama. Statistics on the catch-up television 

viewing are listed in Table 6. 

 

Drama Number of 
episodes Minimum Maximum Mean SD 

Drama 1 19 25.30 131.78 71.77 26.60 

Drama 2 20 32.15 146.39 79.71 28.66 

Drama 3 24 64.78 240.28 136.00 49.03 

Drama 4 20 35.99 80.33 68.93 13.90 

Drama 5 21 32.83 88.55 66.80 15.56 

Drama 6 21 43.53 138.21 90.26 22.45 

Drama 7 20 36.71 97.87 75.76 17.67 

Drama 8 31 40.85 218.00 106.93 40.60 

Drama 9 20 70.90 182.10 128.82 31.20 

Drama 10 20 52.74 133.48 102.90 26.59 

Drama 11 20 43.98 119.56 88.81 22.50 

Drama 12 32 113.79 294.53 204.18 35.88 

Drama 13 26 31.38 100.05 64.78 18.37 

Drama 14 21 72.14 240.14 141.05 41.66 

Drama 15 35 75.19 287.88 173.24 50.15 

Drama 16 20 33.48 82.48 66.01 13.54 

Drama 17 25 49.19 151.49 99.18 24.47 

Drama 18 27 57.46 216.29 119.45 36.87 

Drama 19 20 40.72 108.81 78.42 18.76 

Drama 20 20 37.92 96.81 69.87 15.33 

Drama 21 18 120.45 483.51 285.48 84.62 



 
 

50 

Drama 22 20 76.25 226.64 175.27 36.99 

Drama 23 20 48.19 229.06 123.31 43.32 

Drama 24 32 96.97 308.47 188.05 42.45 

Drama 25 30 38.68 114.38 86.17 22.02 

Drama 26 18 76.08 294.42 224.78 57.62 

Table 6 Catch-up viewing statistics by drama serial 

 

5.2 Catch-up Consumption Pattern Analysis 

 

5.2.1 Catch-up Consumption Pattern in 7-Day Catch-up Period 
  

Analysis of the daily catch-up viewing summary data for all of the 26 drama 

serials revealed that each drama episode (of 611 episodes) reached 80% of its total 

catch-up audience within the first 3 days of its 7-day catch-up period, as shown in the 

graph in Figure 2. The catch-up consumption of drama serial content was synchronous 

with on-air television viewership.   

 

 
Figure 2 Catch-up consumption of episodes of 26 drama serials  
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Using Drama 23 as an example (displayed in Figure 3), each of the program’s 

20 episodes reached 50% of its total catch-up viewership during the first day of its 

availability and 80% within the first 3 days of its 7-day catch-up period.   

 

 
Figure 3 Catch-up consumption for Drama 23 

As shown in Table 7, every episode of all 26 drama serials reached 80% of its 

total catch-up viewership within 3 days. 

 

Drama 
% of catch-up views of a drama serial episode after airing 

1 day 2 days 3 days 4 days 5 days 6 days 7 days 

Drama 1 48 66 78 86 92 97 100 

Drama 2 53 71 82 89 94 98 100 

Drama 3 49 67 78 86 92 97 100 

Drama 4 49 67 78 86 92 97 100 

Drama 5 51 69 79 87 93 97 100 

Drama 6 50 68 79 87 93 97 100 

Drama 7 48 66 77 86 92 97 100 

Drama 8 53 70 81 88 93 97 100 

Drama 9 48 66 77 85 91 97 100 

Drama 10 48 66 77 86 92 97 100 

Drama 11 48 66 78 86 92 97 100 

Drama 12 51 69 79 87 92 97 100 

Drama 13 50 68 79 87 93 97 100 
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Drama 14 51 68 79 87 93 97 100 

Drama 15 52 70 81 88 93 97 100 

Drama 16 50 66 78 86 92 97 100 

Drama 17 51 68 79 86 92 97 100 

Drama 18 51 68 79 87 92 97 100 

Drama 19 49 66 77 85 92 97 100 

Drama 20 50 67 78 86 92 97 100 

Drama 21 46 64 76 84 91 96 100 

Drama 22 51 68 79 86 92 97 100 

Drama 23 52 70 81 87 92 97 100 

Drama 24 53 71 81 88 93 97 100 

Drama 25 49 66 78 86 92 97 100 

Drama 26 54 71 80 87 93 97 100 

Table 7 Lifespan of 26 drama serials in 7-day catch-up period 

  

 

5.2.2 Catch-up Viewing by Day of the Week 

  

Analysis of the catch-up viewing data also revealed that the daily volume of 

catch-up viewing varied across the days of the week, with more views during the 

weekend than on weekdays. The number of views was consistently largest on 

Saturdays. 

 

The high levels of catch-up activity occurring at weekends may have been due 

to the binge-watching effect, which does not necessarily reflect the popularity of the 

next episode to be aired on traditional television. The next chapter attempts to determine 

whether weekend catch-up activity is indeed related to the ratings of the next episode 

to be traditionally broadcast.   
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The graph in Figure 4 shows the average catch-up views by day of the week 

for all 26 daily drama serials. The height of each bar represents the average. 

 

 
Figure 4 Effect of day of the week on catch-up television viewership 

 
 
5.2.3 Catch-up Viewing by Time of the Day 
  

 

 Analysis of the 30-minute aggregated interval data revealed a peak in 

viewership at around midnight (00:00 to 00:30), with activity tapering off to its lowest 

level during the early morning (03:30 to 07:30), then increasing steadily from 08:00 to 

reach its daytime 30-minute peak during the lunchtime period (12:30 to 13:00), and 

then remaining fairly stable for the afternoon into the early evening. The viewing of 

previously aired episodes remained high even during the airing on television of the next 

episode (20:30 to 21:30). These findings are displayed in the chart in Figure 5.  
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Figure 5 Effect of time of day on catch-up television viewership   

 
Catch-up Television Consumption Characteristics Over a Week 
 

The graph in Figure 6 shows the relationship between the day of the week and 

catch-up viewing, with the horizontal axis representing the day of the week and the 

vertical axis representing the total number of views (the viewing population). The 

pattern was consistent every day: morning demand built to a peak at noon, then leveled 

off into the evening before peaking again overnight (22:30 to 01:30). The variation is 

more pronounced on Friday nights and on Saturdays from mid-morning through to the 

early evening.  

 

 
Figure 6 Number of views in a week  
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5.3 Statistics for Key Variables 

 
5.3.1 Descriptive Statistics for Independent Variables  
 

The results of descriptive analysis of the key independent variables used in the 

subsequent regression analysis, derived from the data pre-processing steps, are 

displayed in Table 8.   

 
Independent 

Variable 
N Minimum Maximum Mean SD 

Television Ratings 611 15.10 31.71 24.2405 2.37328 

WOM_Post 585 4 1207 99.47 135.91 

CatchupView1Day 585 32.38 203.28 81.02 35.50 

CatchupView3Day 585 34.29 337.69 114.37 55.13 

CatchupView7Day 585 34.29 483.51 136.74 69.75 

Table 8 Descriptive statistics for selected independent variables 

 

Special attention was paid to WOM_Post, as its standard deviation (135.91) was 

larger than its mean (99.47). Plotting the data using a histogram (Figure 7) indicated 

that the values of WOM_Post were right skewed. 

 

As linear regression is sensitive to the skewness of data, I applied log 

transformation (logn) to WOM_Post to create WOM_Post_In. This mitigated the 

problem of skewness in the regression analysis.  
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Figure 7 Distribution of values of WOM_Post 

 

Table 9 shows the descriptive statistics for the WOM_Post and WOM_Post_In 

variables, and Figure 8 shows that WOM_Post_ln followed a normal distribution after 

its log transformation. 

 

 

Independent 
Variable 

N Minimum Maximum Mean SD 

WOM_Post_ln 585 1.39 7.10 4.03 1.08 

WOM_Post 585 4 1207 99.47 135.91 

Table 9 Statistics for WOM variables (original and after transformation) 
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Figure 8 Distribution of values of WOM_Post after log transformation 

 

5.3.2 Descriptive Statistics for Control Variables  

 

To account for the impact of program genre and the length of the drama serials, 

four control variables in the regression models were included and they are: 

genre_historicali, genre_romancei, genre_comedyi and episode_lengthi. The descriptive 

statistics for these four control variables are shown in Figure 9 and Table 10. 

 

 
Figure 9 Distribution of values of control variable by episode length 
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  Genre_Historical Genre_Romance Genre_Comedy 

Value 0 391 404 395 

 1 194 181 190 

Total  585 585 585 

Table 10 Distribution of values of control variables by genre type 

  

 

5.4 Model Testing 

 

 Regression analysis was used to analyze the data described in the previous 

chapter to determine whether the television ratings of the next episode in a multi-

episode drama serial could be explained by the ratings of the preceding episode, by 

catch-up television viewership and/or by WOM volume. 

 

In the linear regression model, “i” represented the drama serial, “t” denoted time 

and “t-1” represented the preceding episode. The model also included the variables 

derived from the catch-up television usage log and the number of WOM posts in the 

discussion forum. 

 

Only 585 of the 611 records were used in the regression analysis, as the 

remaining 26 records represented the first episodes of the 26 serials sampled. No catch-

up data were available prior to the first episode, and the WOM data at this time reflected 

anticipation and expectation rather than episode commentary.   
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5.4.1 Regression Models: Hypotheses 1 to 3 

A multiple linear regression equation (Equation 1) was used to study the 

relationships between the television ratings of the next episode (Ratingt), the ratings of 

the previous episode (Ratingt-1), WOM posts (WOM_Post_ln) and online catch-up 

television viewership (Catchup_Viewership). 

 

Ratingi,t =  β0 + β1Ratingi,t-1   + 

β2WOM_Posti,t-1   +  

β3Catchup_Viewershipi,t-1   + 

α1Xi + ei,t             

Equation 1 Regression equation for television ratings prediction model 

 

The components of the above equation were defined as follows. 

• Ratingi,t denoted the television ratings of the episode of drama i at time t 

• Ratingi,t-1 denoted the television ratings of the episode of drama i at time t-1 

• WOM_Post_lni,t-1 represented the volume of posts at time t-1 with log 

transformation applied 

• Catchup_Viewershipi, t-1 represented the catch-up episode consumption for 

drama i at time t-1.  

Xi denoted the four control variables: episode_number, genre_historical, 

genre_romance and genre_comedy. 
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The dependent variable used in the analysis was the television ratings of the 

next episode (Ratingt), and the independent variables were as follows: the television 

ratings of the previous episode, Ratingt-1 (IV1); WOM posts with log transformation 

applied, WOM_Post_lnt-1 (IV2); and catch-up television viewership, 

Catchup_Viewership t-1 (IV3). 

 

The regression model was run three times, each time with a different 

representation of the independent variable, catch-up television viewership (IV3). In 

Model 1, CatchupView1Day represented the independent variable IV3, and in Models 

2 and 3, CatchupView3Day and CatchupView7Day, respectively, represented IV3.  

 

To prevent potential bias and accurately estimate the effects of the variables on 

television ratings, I controlled for drama heterogeneity by including four drama-

specific control variables in the model.  

 

Models 1, 2 and 3 were then re-run, applying the four control variables (X) each 

time. The output of these six regression models is shown in the two tables below (Table 

11 and Table 12). The first table shows the results of the models without control 

variables (X). The second table shows the results of the same models with control 

variables (X) applied.   
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β1 to β3 were the parameters of interest in measuring the impact of the 

independent variables on the television ratings of the upcoming drama serial episode. 

 

The two tables below record the R-squared values, the coefficients of the 

independent variables, and their p-values. At p-values smaller than 0.05, a hypothesis 

was considered to have been supported. 

 

 

Variable Name Model 1 Model 2 Model 3 

Constant 
14.094*** 

(0.000) 

12.911*** 

(0.000) 

12.611*** 

(0.000) 

Ratingt-1 (IV1) 
.392*** 
(.000) 

.450*** 
(.000) 

.464*** 
(.000) 

WOM_Post_lnt-1 (IV2) 
-.413*** 
(.000) 

-.326*** 
(.000) 

-0.280*** 
(.000) 

CatchupView1Day (IV3) 
.028*** 
(.000) 

  

CatchupView3Day (IV3)  
.015*** 
(.000) 

 

CatchupView7Day (IV3)   
.011*** 
(.000) 

Observed cases 585 585 585 

Model p < .001 p <.001 p <.001 

R2 .417 .393 .382 

Table 11 Regression output (testing H1 to H3) with no control variables 

Standard errors are reported in brackets: *** p < 0.001; ** p < 0.01; * p < 0.05 

  
  
 

The output of the SPSS regression analysis revealed that the p-values for 

Ratingt-1, WOM and catch-up television viewership were low (p < 0.001), indicating 
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that significant relationships existed between the ratings of the next television episode 

and the ratings of the previous television episode, WOM and catch-up television 

viewership at every level of significance. The coefficients for Ratingt-1 (+) and 

CatchupViewxDay (+) were positive in their respective models, indicating that these 

variables had positive effects on television ratings. Although the p-value for 

WOM_Post_ln was low (p < .001), the coefficient of this variable was negative (-), 

indicating that an increase in the volume of WOM_Post related to a decrease in the 

television ratings of the next episode. This phenomenon was investigated further, as 

explained in the subsequent paragraphs.  

 

As the three models generated similar adjusted R-squared values, 

CatchupView1Day, CatchupView3Day or CatchupView7Day can be used to represent 

catch-up television viewership when predicting the television ratings of the next 

episode of a serial drama. 

  

Running the same regression analysis with the four control variables generated 

the following results.    

 
Variable Name Model 4 Model 5 Model 6 

Constant 
15.075*** 
(.000) 

13.726*** 
(0.00) 

13.439*** 
(0.00) 

Ratingt-1  
.310*** 
(.000) 

.364*** 
(.000) 

.374*** 
(.000) 

WOM_post_lnt-1 
-.302*** 
(.000) 

-0.209* 
(.013) 

-.163* 
(.050) 
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CatchupView1Day 
.028*** 
(0.000) 

  

CatchupView3Day  
.014*** 
(0.000) 

 

CatchupView7Day   
.010*** 
(0.000) 

Episode_len 
.000 
 (.991) 

.015 
(.451) 

.019 
(.339) 

Genre_historical 
.790 
(.000) 

.683 
(.000) 

.664 
(.000) 

Genre_romance 
.224 
(.221) 

.197 
(.334) 

.171 
(.406) 

Genre_comedy 
.645 
(.001) 

.703 
(.001) 

.740 
(.000) 

R-Squared .454 .429 .420 

Table 12 Regression output (testing H1 to H3) with control variables applied 

Standard errors are reported in brackets: *** p < 0.001; ** p < 0.01; * p < 0.05. 

 

 

With the control variables, the three SPSS regression models, Models 4, 5 and 

6, generated results similar to those of Models 1, 2 and 3 above.   

 

As previously noted, both the ratings of the preceding episode and catch-up 

television viewership were significantly related to the ratings of the next episode at any 

level of significance (p ≤ .001 ). The coefficients of the independent variables, Ratingt-

1 (+) and the catch-up television viewership variable (+), were positive in all three 

models, indicating that the television ratings of the next episode are positively related 

to the ratings of the previous episode and catch-up television viewership.  
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In Model 4, Model 5 and Model 6, the variable WOM_Post_ln (-) was also 

significantly related to the ratings of the next television episode (p ≤ .000), (p ≤ .05) 

and (p ≤ .05); however, the coefficients were all negative, indicating that WOM has a 

negative effect on the television ratings of the next episode. 

 

The three models generated similar adjusted R-squared values, indicating that 

CatchupView1Day, CatchupView3Day or CatchupView7Day can be used to represent 

catch-up television viewership when predicting the television ratings of the next 

episode of a serial drama. 

 

The adjusted R-squared values of these three models with the control variables 

ranged from .420 to .454, indicating that more than 40% of the variation in the 

television ratings was explained by the three independent variables in the models.   

 

The regression analysis discussed above revealed a positive relationship 

between the television ratings of the next episode and the television ratings of preceding 

episode, and between the next episode’s ratings and catch-up television viewing volume 

(Models 1 to 6). It also demonstrated that the television ratings of the next episode are 

negatively related to WOM volume. 

 

H1 and H3 were supported, whereas H2 was not. 
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5.4.2 Regression Models: Hypotheses 4 to 5 

 

In the next stage of the analysis, I studied the effects of catch-up television 

viewership on the television ratings of the next episode across different periods during 

the serials’ airing. First, I studied the impact of weekday catch-up television viewership 

versus weekend catch-up television viewership on the ratings of the next television 

drama serial episode. Second, I attempted to determine whether catch-up television 

viewership had a greater or a lesser impact in finale week than in other periods during 

a serial’s airing. 

 

Two dummy variables and two interactive variables were created to capture the 

effect of catch-up activities on the television ratings of the next episode at the weekend 

and in the finale week.  These two dummy variables are used solely for the purpose of 

deriving the two independent variables, namely weekend catch-up viewing and the 

finale week catch-up viewing which will be used in the testing of hypothesis 4 and 5. 

 

The two dummy variables, weekend_viewing and finale_week, were 

represented by weekend_viewi,t-1 and finale_weeki,t-1, respectively, and the two 

interactive variables, weekend catch-up viewingi,t-1 and  finale week catch-up 

viewingi,t-1, were represented by Catchup_Viewershipi,t-1*weekend_viewit and 

Catchup_Viewershipi,t-1*finale_weekit, respectively. 
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• Weekend_viewing: “1” for viewing on Saturdays or Sundays, else “0.”   

• Finale_week: “1” for episodes aired in the finale week, else “0.” 

 

The aforementioned linear regression equation (Equation 1) was modified to 

include these two interactive terms and the two dummy variables. The new regression 

model is described in Equation 2. 

 

Ratingi,t      =     β0 + β1Ratingi,t-1  + 

β2WOM_Post_lni,t-1  +  

β3Catchup_Viewershipi,t-1     + 

β4(Catchup_Viewershipi,t-1*weekend_viewit)  + 

β5(Catchup_Viewershipi,t1*finale_weekit )  + 

 β6weekend_viewit     + 

 β7finale_weekit      + 

α1Xi + ei,t                              

Equation 2 Regression equation for television ratings prediction model (with interactive 
variables) 

 
The components of the above equation were defined as follows. 
 

• Ratingi,t denoted the television ratings of the episode of drama i at time t 

• Ratingi,t-1 denoted the television ratings of the episode of drama i at time t-1 

• WOM_Post_lni,t-1 denoted the volume of posts at time t-1 with log 

transformation applied. 
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o Catchup_Viewershipi, t-1 represented the catch-up consumption of 

episodes from drama i at time t-1.  

• Catchup_Viewershipi,t-1*weekend_viewit represented the catch-up consumption 

of episodes from drama i at the weekend. 

• Catchup_Viewershipi,t-1*finale_weekit represented the catch-up consumption of 

episodes from drama i in finale week. 

• Xi denoted the four control variables: episode_number, genre_historical, 

genre_romance and genre_comedy. 

 

The dependent variable used in this analysis was the television ratings of the 

next episode (Ratingt), and the independent variables were the television ratings of the 

previous episode, Ratingt-1 (IV1), WOM posts with log transformation applied, 

WOM_Post_lnt-1 (IV2), catch-up television viewership, Catchup_Viewership t-1  (IV3) 

and the two interactive variables used to measure the impact of weekend catch-up 

viewing (IV4) and finale week catch-up viewing (IV5) on the ratings of the next episode 

of the drama serial. 

 

β1 to β5 were the parameters of interest when measuring the impact of the 

independent variables on the television ratings of the upcoming drama serial episode. 

 

Three regression analyses were run (Models 7, 8 and 9) using Equation (2) The 

catch-up television viewership variable (IV3) was represented in Model 7 by 



 
 

68 

CatchupView1Day, in Model 8 by CatchupView3Day and in Model 9 by 

CatchupView7Day. No control variables (X) were used in these three models. The 

output of the three regression runs is shown in Table 13. 

 

Variable Name Model 7 Model 8 Model 9 

Constant 
15.334*** 
(.000) 

14.318*** 
(.000) 

14.149*** 
(.000) 

Ratingt-1  
.331*** 
(.000) 

.391*** 
(.000) 

.398*** 
(.000) 

WOM_post_lnt-1 
-.489*** 
(.000) 

-.435*** 
(.000) 

-.392*** 
(.000) 

CatchupView1Day 
.035*** 
(.000) 

  

CatchupView3Day  
.019*** 
(.000) 

 

CatchupView7Day   
.014*** 
(.000) 

CatchupView1Day*weekend_view 
-.024*** 
(.000) 

  

CatchupView1Day*finale_week 
.010* 
(.031) 

  

CatchupView3Day*weekend_view  
-.014*** 
(0.000) 

 

CatchupView3Day*finale_week  
.009** 
(.007) 

 

CatchupView7Day*weekend_view   
-.012*** 
(.000) 

CatchupView7Day*finale_week   
.009** 
(.001) 

Weekend_view 
1.455** 
(.002) 

1.110** 
(.018) 

1.326** 
(.003) 

Finale_week 
-.375 

(.411) 

-.363 

(.397) 

-.514 

(.227) 

R-Squared .461 .442 .440 

Table 13 Regression output (testing H4 and H5) with no control variables 

Standard errors reported in brackets: *** p < 0.001; ** p < 0.01; * p < 0.05 
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The output of the SPSS regression analysis showed that the p-values for Ratingt-

1 (p < .000), WOM_Post_ln (p ≤ .001) and the catch-up television viewership variable 

(p ≤ .001) were low. The coefficients of Ratingt-1 (+) and the catch-up television 

viewership variable (+) were positive in all three models but the coefficients of 

WOM_Post_ln (-) were negative across the models. 

  

The p-values for the two interaction terms varied but were all less than .05 

across the three models. The first interaction term, weekend catch-up viewing (-), had 

a negative coefficient, indicating that weekend catch-up viewing had a smaller impact 

than weekday catch-up viewing on the ratings of the next television episode. In other 

words, weekday catch-up viewing had a greater influence on episode-level television 

ratings than weekend catch-up viewing.   

 

The second interaction term, finale week catch-up viewing (+), had a positive 

coefficient in all three models, indicating that its impact on an episode’s television 

ratings is greater in finale week than in any other period. 

 

The three models with different variable representation for the catch-up 

television viewership (IV3) generated similar adjusted R-squared values, suggesting 

that CatchupView1Day, CatchupView3Day or CatchupView7Day could be used to 
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represent catch-up television viewership when predicting the television ratings of the 

next episode of a serial drama. 

 

These three sets of regression analysis were then re-run with the four control 

variables (X) applied. The output (shown in Table 14) of Models 10, 11 and 12 was 

similar to that of Model 7, Model 8 and Model 9 (no control variables). 

 

Variable Name Model 10 Model 11 Model 12 

Constant 
16.354*** 

(.000) 

15.068*** 

(.000) 

15.505*** 

(.000) 

Ratingt-1 
.237*** 
(.000) 

.292*** 
(.000) 

.293*** 
(.000) 

WOM_post_lnt-1 
-.383*** 

(.000) 

-.327*** 

(.000) 

-.284*** 

(.001) 

CatchupView1Day 
.035*** 
(.000) 

  

CatchupView3Day  
.018*** 
(.000) 

 

CatchupView7Day   
.014*** 
(.000) 

CatchupView1Day*weekend_view 
-.026*** 
(.000) 

  

CatchupView1Day*finale_week 
.013** 
(.005) 

  

CatchupView3Day*weekend_view  
-.015*** 
(.000) 

 

CatchupView3Day*finale_week  
.010*** 
(.001) 

 
 

CatchupView7Day*weekend_view   
-.013*** 
(.000) 

CatchupView7Day*finale_week   
.010*** 
(.000) 

Weekend_view 
1.611*** 
(0.00) 

1.264*** 
(0.005) 

1.463*** 
(0.001) 
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Finale_week 
-.555 
(.209) 

-.455 
(.273) 

-.594 
(.149) 

EpisodeNum 
.009 
(.657) 

.030 
(.116) 

.031 
(.109) 

Genre_historical 
.878 
(.000) 

.765 
(.000) 

.777 
(.000) 

Genre_Romance 
.340 
(.076) 

.329 
(.093) 

.302 
(.122) 

Genre_Comedy 
.655 
(.001) 

.702 
(.000) 

.748 
(.000) 

R2 .505 .486 .488 

Table 14 Regression output (testing H4 and H5) with control variables 

Standard errors reported in brackets: *** p <0.001; ** p < 0.01; * p < 0.05. 

  

In all three models with control variables applied, the previous episode’s 

television ratings, WOM and catch-up television viewership were all significantly 

related to the ratings of the next television episode (p < 0.01). The coefficients of the 

independent variables, Ratingt-1 (+) and the catch-up television viewership variable 

(+), were positive, meaning that the television ratings of the next episode are positively 

related both to the ratings of the previous episode and to catch-up television viewership.   

 

In Models 10, 11 and 12, the two interactive variables, weekend catch-up 

viewing ( p ≤ .001) and finale week catch-up viewing (p ≤ .01), were also significantly 

related to the next episode’s television ratings.  
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The coefficient of the interactive variable, weekend catch-up viewing (-), was 

negative, indicating that the effect of online catch-up viewing at the weekend has a 

lesser impact on the television ratings of the next episode than on weekdays. 

 

The coefficient of the other interactive variable, finale week catch-up viewing 

(+), was positive, indicating that the effect of online catch-up viewing on television 

ratings is greater in finale week than at any other time during the airing of a drama 

serial. 

 

The three models with different variable representation for the catch-up 

television viewership (IV3) generated similar adjusted R-squared values, indicating that 

either CatchupView1Day, CatchupView3Day or CatchupView7Day could be used to 

represent catch-up television viewership when predicting the television ratings of the 

next episode of a serial drama. 

 

The adjusted R-squared values in Models 10, 11 and 12 ranged from .486 to 

.505, indicating that almost 50% of the variation in television ratings can be explained 

by the independent variables in these three models. 

 

 

Therefore, H4 and H5 were supported. 
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The SPSS regression analysis revealed that the WOM represented by 

WOM_Post_ln variable was statistically significant in all 12 regression models but its 

coefficients were negative across the models, meaning that an increase in the number 

of WOM posts correlated with a decrease in television rating points for the next episode.    

 

People participate in online WOM to seek and/or express opinions (López & 

Sicilia, 2014). Although the volume of WOM may not reflect the size of the opinion-

seeking audience, it can offer insight into the size of the opinion-giving audience. 

Analysis of the content of WOM posts in the discussion forum revealed that there was 

high fraction of emotional negative comments, as opposed to praise, after an aired 

episode in most cases. Viewers appeared to use the discussion forum as a way of 

expressing negative feelings about drama serials, with an increase in posts as an early 

indicator of the unattractiveness of a given drama serial, which had a knock-on effect 

on the ratings of the next episode. WOM on social media therefore offers an accurate 

reflection of people’s interest in drama serial content. 

 

 

5.5 Summary of Model Testing Results 

 

Four of the five hypotheses were supported. According to Hypothesis 1, the 

television ratings of the previous episode of a drama serial are positively related to the 

television ratings of the next episode; this hypothesis was supported (β1 > 0 , p < 0.001). 

According to Hypothesis 3, online catch-up viewership is positively associated with the 
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television ratings of the next episode of a drama serial. This hypothesis was also 

supported, with β3 > 0 and p < 0.001.  

 

Hypothesis 4 stated that online catch-up viewership has a lesser impact on the 

television ratings of the next episode at the weekend than on weekdays. This hypothesis 

was supported, as indicated by the negative value of the β4 coefficient (β4 < 0 and p < 

0.001). The findings also supported Hypothesis 5, according to which the effect of 

online catch-up viewership has a greater impact on the television ratings of the next 

episode of a drama serial in the finale week than at any other time (β5 > 0 and p < 0.01). 

The test results and the referential evidence supporting the results are summarized in 

Table 15. 

 

Analysis of the 12 regression models indicating that the CatchupView1Day is a 

more important variable than the other two catch-up television viewing variables, 

namely CatchupView3Day and CatchupView7Day when predicting the TV rating of 

the future episode of a drama serial. In other words, processing of the catch-up viewing 

activities across the full 7 days is not necessary for the predictive model, as processing 

catch-up viewing activities for day 1 provides sufficient insight to model the effect of 

catch-up television viewership on the television ratings of the next drama serial episode. 

This increases the usability of the model. 
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Hypothesis Supported? Reference 

H1: The television ratings of a given episode of a 
drama serial is positively related to the television 
ratings of the previous episode. 

Yes Models 1 to 6 

H2: Accumulated WOM is positively related to 
the television ratings of the next episode of a 
drama serial. 

No  

H3: Online catch-up television viewership is 
positively associated with the television ratings 
of the next episode of a drama serial. 

Yes Models 1 to 6 

H4: Online catch-up television viewership at the 
weekend, compared with that on weekdays, has a 
lesser impact on the television ratings of the next 
episode of a drama serial. 

Yes Models 7 to 12 

H5: Online catch-up television viewership has a 
greater impact on the television ratings of the 
next episode of a drama serial in the finale week 
than at any other time. 

Yes Models 7 to 12 

Table 15 Summary of results of hypothesis tests 
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6. DISCUSSION AND CONCLUSIONS 
 

The unprecedented expansion of online video has dramatically changed patterns 

of media consumption. Viewers are increasingly watching television serialized drama 

on multiple platforms, leading advertisers to leverage multiple channels for media 

buying and television broadcasters to refine their forecasting models to more accurately 

and rapidly predict the near-term television ratings of program content. 

 

6.1 Discussion 

 

This research investigated the effects of the television ratings of the preceding 

episode, catch-up television viewership and social media WOM on the television 

viewership of the next episode of a multi-episode drama serial aired on traditional 

television, as measured by its television ratings in a multi-platform television 

environment. Previous studies have focused on predicting television ratings at program 

level, this study focused also on predicting the television ratings of drama serials at 

episode level. The study proposed an integrated model combining several variables 

derived from three disparate theories to analyze the impact of these variables on the 

television ratings of an episode of a drama serial. 

  

The research results indicate that the television ratings of a drama serial episode 

are positively correlated with the television ratings of the preceding episode. Status quo 

bias theory is used to explain this phenomenon, as it suggests that an individual who 
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possesses one option tends to stay with this option irrespective of whether the 

alternative is of higher value. This is true of the television viewership of drama serial 

episodes in the multi-platform television environment, as the study has found the 

television ratings of one episode of a drama serial are positively related to those of the 

next episode. Unless audiences have lost interest in watching the content, those who 

have been following episodes of a drama serial on traditional television will continue 

watching the serial on traditional television even if the content is also available for 

consumption on an alternate platform, that is, the online catch-up television platform. 

 

The research results also indicate that catch-up television viewership is 

positively correlated with the television ratings of the next episode of a drama serial. 

Audiences following episodes of a drama serial on traditional television seldom turn to 

alternate platforms to view the program content. This behavior is well explained by 

status quo bias theory, as demonstrated in the above paragraph. Only when audiences 

have missed an episode of a drama serial are they likely to turn to another platform for 

catch-up, which is explained by the second theory considered in this study, the 

Zeigarnik effect. As revealed by the analysis reported here, low television ratings for 

an episode combined with a high frequency of immediate viewing of the episode on a 

catch-up television platform is correlated with relatively high television ratings for the 

next episode on traditional television. 

 

The study also found that online WOM was significantly related to the 

television ratings of the next episode of a drama. Although many studies have 
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concluded that the volume of online WOM has a positive effect on the watching of 

video content (Min et al., 2015; Cheng et al., 2016), this study found that the volume 

of online WOM could have a negative effect on the ratings of the next episode of a 

drama serial traditionally broadcast on the television. Whether online WOM has a 

positive or a negative effect on the television ratings of the next episode of a serial 

cannot be determined by the volume of online WOM alone; the attitudes conveyed in 

this content must also be considered. 

 

The television ratings of the previous episode, catch-up television viewership 

and social media were all shown to be significantly related to the television ratings of 

the next episode of a drama serial. This suggests that existing methods and approaches 

using data from a single platform or in a single dimension cannot accurately forecast or 

explain the variability of television ratings in a multi-platform television environment. 

The effects of catch-up television and social media must be factored in. Ignorance of 

the influence of these factors on television ratings will lead broadcasters to incorrectly 

estimate their viewing population and set non-optimal prices for their advertising slots.  

 
 
 

6.2 Contribution to Research 

 

The implications of the expansion of traditional broadcasting to a multi-

platform environment are a topic of ongoing debate in the media industry (Doyle, 

2010). Jenkins (2004) suggested that using different media channels to follow favorite 
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series could reinforce viewers’ engagement with the media content and media 

providers. However, the exact impact of the use of multiple channels has not yet been 

systematically investigated. This study expanded on earlier investigations to examine 

the ways in which multiple sources of media consumption (e.g., offline broadcasting, 

online catch-up and WOM) simultaneously influence the television viewership of 

drama serial program content at the episode level. 

 

The study also expanded the use of Zeigarnik effect in the broadcasting industry 

to explain the consumption pattern of drama serial episodes in an on-air/online 

television environment. The high catch-up viewing percentage of the just aired-episode 

to the combined catch-up viewing of all the available episodes of a drama serial on the 

catch-up TV platform and the relative importance of the CatchupView1Day variable to  

CatchupView3Day and CatchupView7Day in the 12 regression models, indicating 

viewers’ strong desire of following the story line of a drama serial attributed to the 

Zeigarnik effect.   

 

The findings of this study contribute to the literature in several ways. It 

integrated multiple sources of media consumption into a prediction model to provide 

more accurate ratings forecasts for both television broadcasters and advertisers. In 

contrast with the results of studies based on single television broadcasting platforms, 

this finding suggests that the television ratings of a drama serial episode are influenced 

by multiple factors from various sources. 
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Second, combining viewership on multiple television platforms with online 

WOM on a social media platform was found to have a significant impact on the 

television ratings of a drama serial episode broadcast on television. In particular, I found 

that catch-up television viewership is positively correlated to the rating points of future 

episodes, and that its effect is much stronger if the catch-up viewing happens on 

weekdays and in the finale period of the drama serial. 

 

Third, this study provided a better understanding of the use of multiple 

platforms for content consumption. The findings indicate that the expanded use of 

catch-up television services complements the primetime viewership of serialized drama 

broadcast on traditional. This finding clarifies the relationships between traditional 

television and online television platforms with reference to multi-episode drama serials 

in a multi-platform environment.  

 

Lastly, the findings show that the volume of online WOM (number of posts) is 

correlated with the television rating points for the next episode of a local drama serial. 

A higher frequency of daily posts expressing negative sentiments in the discussion 

forum caused a decrease in ratings. This finding suggests that using online WOM 

volume as the sole metric for audience projection is insufficient, as the sentiments 

expressed in social media posts must be factored into the television ratings projection 

model.    
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Supported by the theories of status quo bias, the Zeigarnik effect and the WOM 

effect, this study reveals that the television ratings of an episode in a drama serial have 

several interesting relationships with the popularity of the preceding episode, online 

WOM and catch-up television viewership. The findings indicate that these key 

indicators may also help to predict the television ratings of other types of television 

series broadcast on traditional television. 

 
 

6.3 Contribution to Practice 

 

Commercial airtime is sold in advance, with a viewership guarantee based on 

projected television ratings. If the projections cannot be fulfilled, sellers experience an 

adverse financial impact, resulting in compensation and a knock-on effect on trust and 

value in future sales. The findings of this research have the following practical 

implications, which are relevant to practitioners in both the media industry and the 

advertising industry.  

 

First, the developed model requires the minimal amount of readily available 

catch-up television usage data to perform an accurate near-term television ratings 

forecasting, at a daily episode level. This allows broadcasters to offer a more dynamic 

prime-time advertising model  to advertisers and maximize the earning potential of 

every prime-time slot.   
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Second, the findings show that catch-up viewing has a positive impact on the 

viewership of prime-time content on traditional television. Currently, broadcasters 

promote prime-time content on traditional television to drive the television ratings of 

this content. This reveals that the use of catch-up television platforms may boost 

traditional television viewership of prime-hour content, giving broadcasters a relatively 

inexpensive means of enhancing television ratings instead of using the valuable 

commercial air-time on traditional television to promote program content.  

 

 Third, the result finds audiences of the drama serial in Hong Kong use social 

media as a way to express their negative feelings towards an aired episode. Television 

broadcaster should actively engage with their audiences on social media to avoid the 

knock-on effect introduced by negative sentiment posts on social media. 

 

Last, the findings facilitate content management, providing grounds for 

reviewing the rationale for hosting aired television content for 7 days on a catch-up 

television server, as 80% of the audience of a program is reached within 3 days. 

Reducing the catch-up period may help to reduce costs, especially if more content is 

added to the catch-up television service in the future. 
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6.4 Limitations and Future Research   

 
 

A potential weakness of this study is its use of a single source of social media 

data. Although this source is the most popular discussion forum in Hong Kong, the 

study did not factor in universally available venues in which audiences can express or 

publicize their opinions, comments, likes and dislikes.  

 

The relationship between television ratings and online WOM may vary with age 

group (audience composition), and the significance of online WOM to television ratings 

may also differ across the scope of a drama serial. For example, these relationships may 

be stronger for a certain age group during the première week, and/or weaken during the 

mid-week and strengthen again in the finale week.   

 

External and seasonal factors were not considered in this study. Although the 

broadcaster might have already factored many pre-planned factors such as annual and 

topical events into the schedule, the impact of unplanned events such as tropical storms 

or public protests was not included in the model. These unplanned factors may 

influence viewers’ choice of viewing platform.   

 

Validation of the prediction model using out-of-sample data was not performed 

in this study. The primarily reason is that the broadcaster launched a new subscription-

based over-the-top (OTT) internet television service in late 2016. The new service has 
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changed the original format of data in the catch-up television viewing log which 

introduces complexity in validating the prediction model using new data. 

 

Future researchers are advised to expand the scope of the data to cover more 

social media sites, to collect television ratings data segregated by age group and to 

integrate these data with data on external factors, such as weather information, to 

increase the universality and applicability of the research.     

 
 
 

6.5 Conclusions  

This study has analyzed the factors contributing to the television ratings of an 

episode of a drama serial made available for viewing in a multi-platform television 

environment. I proposed a model integrating data from multiple data sources. 

Regression analysis showed that the television ratings of a given episode in a multi-

episode serial drama could be predicted by correlating the television ratings of the 

previous episode with its catch-up viewing volume and social media WOM activity. 

This integrated model can explain the variability in the viewership of episodes of a 

multi-episode drama serial, indicating that it offers a viable method of developing future 

models to predict the television ratings of multi-series program content broadcast on 

traditional television in today’s multi-platform television environment. 
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Appendix A-1 Model 1 

 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

1 .646a .417 .414 1.83232 

a. Predictors: (Constant), CatchupView1Day, Rating_t-1, WOM_Post_ln 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 1396.617 3 465.539 138.661 .000b 

Residual 1950.640 581 3.357   

Total 3347.257 584    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), CatchupView1Day, Rating_t-1, WOM_Post_ln 

 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

1 (Constant) 14.094 .875  16.105 .000 

Rating_t-1 .392 .036 .386 10.972 .000 

WOM_Post_ln -.413 .079 -.186 -5.223 .000 

CatchupView1Day .028 .003 .418 10.732 .000 

a. Dependent Variable: Rating_t 
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Appendix A- 2 Model 2 

 

. 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

2 .627a .393 .390 1.86953 

a. Predictors: (Constant), CatchupView3Day, Rating_t-1, WOM_Post_ln 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

2 Regression 1316.582 3 438.861 125.563 .000b 

Residual 2030.675 581 3.495   

Total 3347.257 584    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), CatchupView3Day, Rating_t-1, WOM_Post_ln 

 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

2 (Constant) 12.911 .866  14.906 .000 

Rating_t-1 .450 .035 .443 12.901 .000 

WOM_Post_ln -.326 .079 -.146 -4.141 .000 

CatchupView3Day .015 .002 .350 9.367 .000 

a. Dependent Variable: Rating_t 
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Appendix A- 3 Model 3 

 
 

 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

3 .618a .382 .379 1.88662 

a. Predictors: (Constant), CatchupView7Day, Rating_t-1, WOM_Post_ln 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

3 Regression 1279.288 3 426.429 119.806 .000b 

Residual 2067.969 581 3.559   

Total 3347.257 584    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), CatchupView7Day, Rating_t-1, WOM_Post_ln 

 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

3 (Constant) 12.611 .869  14.507 .000 

Rating_t-1 .464 .035 .457 13.299 .000 

WOM_Post_ln -.280 .078 -.126 -3.583 .000 

CatchupView7Day .011 .001 .321 8.699 .000 

a. Dependent Variable: Rating_t 
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Appendix A- 4 Model 4 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

4 .674a .454 .447 1.78082 

a. Predictors: (Constant), genre_comedy, genre_historical, CatchupView1Day, 

genre_romance, Rating_t-1, WOM_Post_ln, episode_len 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

4 Regression 1516.693 7 216.670 68.322 .000b 

Residual 1826.674 576 3.171   

Total 3343.367 583    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), genre_comedy, genre_historical, CatchupView1Day, genre_romance, Rating_t-1, 

WOM_Post_ln, episode_len 

 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

4 (Constant) 15.075 .919  16.410 .000 

Rating_t-1 .310 .037 .305 8.276 .000 

WOM_Post_ln -.302 .084 -.136 -3.603 .000 

CatchupView1Day .028 .003 .420 9.679 .000 

episode_len .000 .019 .000 .011 .991 

genre_historical .790 .180 .155 4.399 .000 

genre_romance .244 .199 .047 1.226 .221 

genre_comedy .645 .197 .126 3.276 .001 

a. Dependent Variable: Rating_t 
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Appendix A- 5 Model 5 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

5 .655a .429 .422 1.82009 

a. Predictors: (Constant), CatchupView3Day, genre_romance, genre_comedy, 

genre_historical, Rating_t-1, WOM_Post_ln, episode_len 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

5 Regression 1435.241 7 205.034 61.893 .000b 

Residual 1908.126 576 3.313   

Total 3343.367 583    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), CatchupView3Day, genre_romance, genre_comedy, genre_historical, Rating_t-1, 

WOM_Post_ln, episode_len 

 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

5 (Constant) 13.726 .904  15.190 .000 

Rating_t-1 .364 .037 .358 9.805 .000 

WOM_Post_ln -.209 .084 -.094 -2.497 .013 

episode_len .015 .020 .033 .754 .451 

genre_historical .683 .182 .134 3.744 .000 

genre_romance .197 .203 .038 .968 .334 

genre_comedy .703 .201 .138 3.494 .001 

CatchupView3Day .014 .002 .331 8.068 .000 

a. Dependent Variable: Rating_t 
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Appendix A- 6 Model 6 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

6 .648a .420 .413 1.83465 

a. Predictors: (Constant), CatchupView7Day, genre_romance, genre_comedy, 

genre_historical, Rating_t-1, WOM_Post_ln, episode_len 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

6 Regression 1404.575 7 200.654 59.613 .000b 

Residual 1938.792 576 3.366   

Total 3343.367 583    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), CatchupView7Day, genre_romance, genre_comedy, genre_historical, Rating_t-1, 

WOM_Post_ln, episode_len 

 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

6 (Constant) 13.439 .906  14.835 .000 

Rating_t-1 .374 .037 .368 10.029 .000 

WOM_Post_ln -.163 .083 -.073 -1.963 .050 

episode_len .019 .020 .042 .958 .339 

genre_romance .171 .205 .033 .831 .406 

genre_historical .664 .184 .130 3.603 .000 

genre_comedy .740 .202 .145 3.657 .000 

CatchupView7Day .010 .001 .300 7.414 .000 

a. Dependent Variable: Rating_t 
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Appendix A- 7 Model 7 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

7 .679a .461 .455 1.76815 

a. Predictors: (Constant), Finale_Week, WOM_Post_ln, Rating_t-1, 

CatchupView1Day*weekend_view, CatchupView1Day, weekend_view, 

CatchupView1Day*finale_week 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

7 Regression 1543.359 7 220.480 70.523 .000b 

Residual 1803.898 577 3.126   

Total 3347.257 584    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), Finale_Week, WOM_Post_ln, Rating_t-1, CatchupView1Day*weekend_view, 

CatchupView1Day, weekend_view, CatchupView1Day*finale_week 

 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

7 (Constant) 15.334 .931  16.465 .000 

Rating_t-1 .331 .037 .325 9.019 .000 

WOM_Post_ln -.489 .084 -.220 -5.799 .000 

CatchupView1Day .035 .003 .520 10.676 .000 

CatchupView1Day*finale_we

ek 

.010 .005 .194 2.160 .031 

CatchupView1Day*weekend_

view 

-.024 .005 -.419 -5.120 .000 

weekend_view 1.455 .460 .244 3.166 .002 

Finale_Week -.375 .455 -.069 -.823 .411 

a. Dependent Variable: Rating_t 
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Appendix A- 8 Model 8 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

8 .664a .442 .435 1.79994 

a. Predictors: (Constant), CatchupView3Day*weekend_view, WOM_Post_ln, 

Rating_t-1, Finale_Week, CatchupView3Day, weekend_view, 

CatchupView3Day*finale_week 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

8 Regression 1477.904 7 211.129 65.168 .000b 

Residual 1869.353 577 3.240   

Total 3347.257 584    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), CatchupView3Day*weekend_view, WOM_Post_ln, Rating_t-1, Finale_Week, 

CatchupView3Day, weekend_view, CatchupView3Day*finale_week 

 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

8 (Constant) 14.318 .925  15.477 .000 

Rating_t-1 .391 .035 .385 11.034 .000 

WOM_Post_ln -.435 .085 -.196 -5.127 .000 

weekend_view 1.110 .467 .186 2.377 .018 

Finale_Week -.363 .428 -.066 -.847 .397 

CatchupView3Day .019 .002 .434 9.421 .000 

CatchupView3Day*finale_we

ek 

.009 .003 .229 2.731 .007 

CatchupView3Day*weekend_

view 

-.014 .003 -.364 -4.405 .000 

a. Dependent Variable: Rating_t 
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Appendix A- 9 Model 9 

 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

9 .664a .440 .434 1.80190 

a. Predictors: (Constant), CatchupView7Day*weekend_view, WOM_Post_ln, 

Rating_t-1, Finale_Week, CatchupView7Day, weekend_view, 

CatchupView7Day*finale_week 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

9 Regression 1473.835 7 210.548 64.847 .000b 

Residual 1873.422 577 3.247   

Total 3347.257 584    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), CatchupView7Day*weekend_view, WOM_Post_ln, Rating_t-1, Finale_Week, 

CatchupView7Day, weekend_view, CatchupView7Day*finale_week 

 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

9 (Constant) 14.149 .922  15.348 .000 

Rating_t-1 .398 .035 .392 11.287 .000 

WOM_Post_ln -.392 .084 -.176 -4.675 .000 

weekend_view 1.326 .446 .222 2.970 .003 

Finale_Week -.514 .425 -.094 -1.210 .227 

CatchupView7Day .014 .002 .421 9.298 .000 

CatchupView7Day*finale_we

ek 

.009 .003 .266 3.224 .001 

CatchupView7Day*weekend_

view 

-.012 .002 -.404 -5.067 .000 

a. Dependent Variable: Rating_t 
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Appendix A- 10 Model 10 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

10 .711a .505 .495 1.70120 

a. Predictors: (Constant), CatchupView1Day*weekend_view, WOM_Post_ln, 

genre_romance, Rating_t-1, Finale_Week, genre_historical, genre_comedy, 

episode_len, CatchupView1Day, weekend_view, 

CatchupView1Day*finale_week 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

10 Regression 1687.953 11 153.450 53.022 .000b 

Residual 1655.414 572 2.894   

Total 3343.367 583    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), CatchupView1Day*weekend_view, WOM_Post_ln, genre_romance, Rating_t-1, 

Finale_Week, genre_historical, genre_comedy, episode_len, CatchupView1Day, weekend_view, 

CatchupView1Day*finale_week 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

10 (Constant) 16.354 .950  17.207 .000 

Rating_t-1 .237 .038 .233 6.283 .000 

WOM_Post_ln -.383 .089 -.172 -4.300 .000 

weekend_view 1.611 .446 .270 3.608 .000 

Finale_Week -.555 .441 -.102 -1.258 .209 

episode_len .009 .019 .019 .445 .657 

genre_historical .878 .173 .173 5.069 .000 

genre_romance .340 .192 .066 1.775 .076 

genre_comedy .655 .190 .128 3.447 .001 

CatchupView1Day .035 .004 .515 9.583 .000 

CatchupView1Day*finale_we

ek 

.013 .005 .245 2.805 .005 

CatchupView1Day*weekend_

view 

-.026 .005 -.452 -5.690 .000 

a. Dependent Variable: Rating_t 
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Appendix A- 11 Model 11 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

11 .697a .486 .476 1.73276 

a. Predictors: (Constant), CatchupView3Day*weekend_view, genre_romance, 

WOM_Post_ln, Rating_t-1, Finale_Week, genre_historical, genre_comedy, 

episode_len, CatchupView3Day, weekend_view, 

CatchupView3Day*finale_week 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

11 Regression 1625.959 11 147.814 49.231 .000b 

Residual 1717.408 572 3.002   

Total 3343.367 583    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), CatchupView3Day*weekend_view, genre_romance, WOM_Post_ln, Rating_t-1, 

Finale_Week, genre_historical, genre_comedy, episode_len, CatchupView3Day, weekend_view, 

CatchupView3Day*finale_week 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

11 (Constant) 15.068 .933  16.146 .000 

Rating_t-1 .292 .037 .288 7.887 .000 

WOM_Post_ln -.327 .090 -.147 -3.626 .000 

weekend_view 1.264 .454 .212 2.787 .005 

Finale_Week -.455 .415 -.083 -1.097 .273 

episode_len .030 .019 .066 1.573 .116 

genre_historical .765 .175 .150 4.372 .000 

genre_romance .329 .196 .064 1.682 .093 

genre_comedy .702 .194 .137 3.623 .000 

CatchupView3Day .018 .002 .403 8.171 .000 

CatchupView3Day*finale_we

ek 

.010 .003 .270 3.312 .001 

CatchupView3Day*weekend_

view 

-.015 .003 -.393 -4.918 .000 

a. Dependent Variable: Rating_t 
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Appendix A- 12 Model 12 

Model Summary 

Model R R Square 

Adjusted R 

Square 

Std. Error of the 

Estimate 

12 .699a .488 .479 1.72916 

a. Predictors: (Constant), genre_comedy, CatchupView7Day*finale_week, 

weekend_view, genre_historical, episode_len, Rating_t-1, WOM_Post_ln, 

genre_romance, CatchupView7Day, Finale_Week, 

CatchupView7Day*weekend_view 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

12 Regression 1633.088 11 148.463 49.653 .000b 

Residual 1710.279 572 2.990   

Total 3343.367 583    

a. Dependent Variable: Rating_t 

b. Predictors: (Constant), genre_comedy, CatchupView7Day*finale_week, weekend_view, 

genre_historical, episode_len, Rating_t-1, WOM_Post_ln, genre_romance, CatchupView7Day, 

Finale_Week, CatchupView7Day*weekend_view 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

12 (Constant) 15.005 .928  16.171 .000 

Rating_t-1 .293 .037 .288 7.922 .000 

WOM_Post_ln -.284 .089 -.128 -3.194 .001 

CatchupView7Day .014 .002 .394 8.217 .000 

CatchupView7Day*finale_we

ek 

.010 .003 .303 3.795 .000 

CatchupView7Day*weekend_

view 

-.013 .002 -.432 -5.603 .000 

Finale_Week -.594 .411 -.109 -1.445 .149 

weekend_view 1.463 .433 .246 3.376 .001 

episode_len .031 .019 .068 1.607 .109 

genre_historical .777 .175 .153 4.437 .000 

genre_romance .302 .195 .058 1.550 .122 

genre_comedy .748 .193 .146 3.876 .000 

a. Dependent Variable: Rating_t 
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Appendix B: Descriptive Statistics of Sample 
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Appendix B- 1 Drama Reference Tables 

Below table provides the cross-reference with the drama reference number and the 

actual drama title.  
 

Drama 
Reference 

Drama Name 
(English) 

Drama Name 
(Chinese) 

Broadcasted 
Date (Start) 

Broadcasted 
Date (End) 

No. of 
Episodes 

Average 
Rating 

Drama 1 Lady Sour 醋娘子 2014-12-01 2014-12-26 20 22.84 

Drama 2 Noblesse 
Oblige 宦海奇官 2014-12-29 2015-01-23 21 25.25 

Drama 3 Raising the Bar 
四個女仔三個

BAR 
2015-01-26 2015-02-27 25 23.80 

Drama 4 Young 
Charioteers 衝線 2015-03-02 2015-03-27 20 22.86 

Drama 5 Romantic 
Repertoire 水髮胭脂 2015-03-30 2015-04-26 20 23.87 

Drama 6 Limelight 
Years 華麗轉身 2015-04-27 2015-05-24 20 23.84 

Drama 7 Wudang Rules 潮拜武當 2015-05-25 2016-06-19 20 22.96 

Drama 8 Master of 
Destiny 風雲天地 2015-06-22 2015-08-02 32 23.25 

Drama 9 Brick Slaves 樓奴 2015-08-03 2015-08-28 20 25.42 

Drama 10 Every Step you 
Take 陪著你走 2015-08-31 2015-09-25 20 22.46 

Drama 11 Under the Veil 無雙譜 2015-09-28 2015-10-23 20 24.30 

Drama 12 Lord of 
Shanghai 梟雄  2015-10-26 2015-11-29 32 24.63 

Drama 13 The 
Executioner 刀下留人 2015-12-07 2016-01-08 26 23.25 

Drama 14 
Love as the 
Predatory 
Affair 

愛情食物鏈 2016-01-11 2016-02-05 21 26.43 

Drama 15 Short End of 
the Stick 公公出宮 2016-02-09 2016-03-27 35 28.32 

Drama 16 
The Last 
Healer in the 
Forbidden City 

末代御醫 2016-03-28 2016-04-22 20 22.91 

Drama 17 
My Dangerous 
Mafia 
Retirement 
Plan 

火線下的江湖大

佬 
2016-04-25 2016-05-27 25 24.48 

Drama 18 Presumed 
Accidents 純熟意外 2016-05-30 2016-07-03 28 22.86 

Drama 19 Between Love 
and Desire 完美叛侶 2016-07-04 2016-07-29 20 22.67 

Drama 20 Dearest Daddy 超能老豆 2016-08-01 2016-08-26 20 22.65 

Drama 21 Ghost of 
Relativity 鬼同你 OT 2015-07-3 2015-08-09 28 26.35 

Drama 22 The Fixer 拆局專家 2015-08-10 2015-08-29 21 24.95 

Drama 23 
Momentary 
Lapse of 
Reason 

收規華 2015-08-31 2015-09-20 20 22.75 

Drama 24 Captain of 
Destiny 張保仔 2015-09-21 2015-10-25 32 24.40 

Drama 25 With or 
Without You 東坡家事 2015-10-26 2015-12-06 30 24.76 

Drama 26 Fashion War 潮流教主 2016-02-29 2016-03-20 20 24.50 
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Appendix B- 2 Frequency Distribution Day 1 Daily Catch-up Viewing 

 

Below figure depicts the distribution of the 1-day catch-up views (in 1,000) in the 

studied sample.  
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Appendix B- 3 Frequency Distribution Day 1 to Day 3 Daily Catch-up Viewing 

Below figure depicts the distribution of the total 3-days catch-up views (in 1,000) in 

the studied sample.  
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Appendix B- 4 Frequency Distribution Day 1 to Day 7 Daily Catch-up Viewing 

  
Below figure depicts the distribution of the total 7-days catch-up views (in 1,000) in 

the studied sample.  
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Appendix B- 5 Correlation Analysis for Catch-up Views/Durations 

 
Below table shows the correlation between the number of catch-up TV viewings and 

the duration of the catch-up TV viewings in a 7-day catch-up periods.  There is a high 

correlation between the total number of catch-up views and the total catch-up durations. 

 
 
  



 
 

106 

 

 

 

 

 

Appendix C: Miscellaneous   
 
  
 
  



 
 

107 

 
Appendix C-1: About TVB 

 

Television Broadcasts Limited (HK Stock Code: 00511) was founded in 1967. 

It is the first wireless free-to-air TV broadcasters in Hong Kong and one of the largest 

commercial Chinese programme producers in the world. As of today, TVB owns five 

free-to-air channels –Jade, J2, HD Jade (renamed as J5), iNews (Cantonese) and Pearl 

(English), and 13 pay TV channels. TVB is known primarily for its local produced 

dramas and all the newly produced local dramas are aired in the Jade channel which is 

the TVB’s flagship channel with the average TV rating during the primetime is 20.0 

(from the TVB 2017 annual report).TVB generates over half of its total revenue in Hong 

Kong, with the balance from the rest of the world through licensing and subscription 

businesses. TVB was listed on The Stock Exchange of Hong Kong Limited in 1984. 
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Appendix C-2:  Nielsen Rating in Hong Kong3 

 

Nielsen Hong Kong selects its the sample for the Hong Kong TAM (Telvision 

Audience Measurement) from a diverse group of people to ensure a solid representation 

of Hong Kong TV viewing households in terms of terrestrial / non-terrestrial TV homes, 

housing types, household size and geographical locations.  Approximately 800 

households are used in the sample, containing over 2,300 people.  After selecting the  

sample, the families must agree to participate in the research study.  Meter is then 

installed in the household to collect the TV viewing data on a daily basis.   

  

                                                
3 
http://www.nielsentam.tv/whereweare/dynPage.asp?hash=b424946bdaa63b42602edecac6c6e264&crypt=N%B6
%9D%A6%AC%92%AA%9A%AC%BE%8C%99%A0O%90%BE%9D%90i%81%83x%B0%BE%D5%CE%C2%CE%CFwv%
C3%B3%9F%84xX%92%97%92%AC%83%89%A7%AB%B0%96%B0npS%A5%D0%B7%A3%C2%B7%D6%95%96%B0 
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