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Abstract 

Comparison among Discrete Choice Models with Different 

Reference Point Selection Criteria: To Establish Technology 

Diffusion Strategy in Korean OTT Service Market 

Master’s in Engineering 

Technology Management, Economics, and Policy Program 

Subin Park 

Abstract 

As the pace of digitization is accelerated and consumers are finding their sources of 

entertainment from the Internet-based media, the competition in the Over-the-Top (OTT) 

market is fiercer than ever it has been so far; thus, it is crucial to understand which factor 

influences consumers’ intention to purchase to establish an effective marketing strategy. 

This study utilizes discrete choice models to explore how service attributes affect 

consumer decision and which factor affects the consumers’ valuation process. According 

to the analysis, the reference-dependent choice model does not show notable enhancement 
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in explanatory power compared to the standard choice modeling approach. This finding 

stems from the distinguishable traits of the OTT market compared to previous literature’s 

subjects. Additionally, consumers’ preference structure is analyzed through the 

hierarchical Bayes logit model according to their innovativeness and other demographic 

information to explore any significant psychological, sociodemographic factors 

influencing consumers' preference structure. Through scenario analysis, the significance 

of price and non-price service features is observed, and it is suggested that Korean OTT 

operators focus on improving user experience through various service features rather than 

aggressive price discount strategies. The outcome of this study implies that the model 

performance of choice models based on behavioral economics do not consistently 

outperform the classical random utility maximization model; thus, it is essential to 

understand the context of the target industry ahead of determining which approach to 

utilize.  

Keywords: discrete choice model, reference-dependent theory, Over-the-Top, 

technology innovation 

Student #: 2019-26981 



iii 

 

Contents 

Abstract ............................................................................................................................ i 

Contents ......................................................................................................................... iii 

List of Tables .................................................................................................................. vi 

List of Figures ............................................................................................................... vii 

Chapter 1. Introduction ................................................................................................... 1 

1.1 Research Background ....................................................................................... 1 

1.2 Approaches and Scope ...................................................................................... 3 

1.3 Research Framework ........................................................................................ 4 

Chapter 2. Literature Review .......................................................................................... 6 

2.1 Previous Studies on Media – Pay-TV and Over-the-Top Services ................... 6 

2.2 Prospect Theory and Applications .................................................................... 8 

2.3 Previous Studies on Consumer Intention to Adopt Products and Services ..... 10 

2.4 Limitation of Previous Literature & the Significance of the Current Study ... 12 

Chapter 3. Research Questions ..................................................................................... 13 



iv 

 

Chapter 4. Methodology ............................................................................................... 16 

4.1 Survey and Data .............................................................................................. 16 

 Descriptive Statistics ............................................................................ 16 

 Survey Attributes .................................................................................. 17 

4.2 Mixed Logit Model Based on Neoclassical Economic Theory....................... 20 

 Standard Mixed Logit Model ............................................................... 20 

 The Hierarchical Bayes Logit Model ................................................... 22 

4.3 Reference-dependent Choice Model Based on Behavioral Economic Theory 24 

 Reference-dependent Choice Model .................................................... 24 

 Reference-dependent Choice Models with Different Reference-setting 

Criteria 26 

4.4 Model Selection Criteria ................................................................................. 31 

Chapter 5. Analysis Results .......................................................................................... 33 

5.1 The Standard Discrete Choice Model ............................................................. 33 

 Estimation Result of the Mixed Logit Model ...................................... 33 

 Estimation Results of the Hierarchical Bayes Logit Model ................. 35 



v 

 

5.2 Reference-dependent Choice Model ............................................................... 39 

 Estimation Results of Reference-dependent Choice Models ............... 39 

 Goodness-of-fit Comparison Among the Choice Models .................... 43 

Chapter 6. Scenario Analysis ........................................................................................ 45 

6.1 Comparison with Revealed Market Data ........................................................ 45 

6.2 Market Share Simulation for Domestic Brands .............................................. 46 

Chapter 7. Implication & Conclusion ........................................................................... 52 

7.1 Academic Implication ..................................................................................... 52 

7.2 Managerial Implication ................................................................................... 53 

7.3 Concluding Remark ........................................................................................ 55 

Bibliography ................................................................................................................. 57 

Abstract (Korean).......................................................................................................... 66 

 

 



vi 

 

List of Tables 

Table 1. Demographic information of survey respondents........................................... 16 

Table 2. Definition of variables .................................................................................... 19 

Table 3. Definition of each reference points ................................................................ 28 

Table 4. Description of reference-dependent models ................................................... 31 

Table 5. Estimation results of mixed logit model ......................................................... 34 

Table 6. Estimation result of the hierarchical Bayes logit model ................................. 38 

Table 7. Estimation results of reference-dependent models ......................................... 40 

Table 8. Test for asymmetric preferences ..................................................................... 42 

Table 9. Goodness-of-fit table of each model .............................................................. 44 

Table 10. Comparison between market data and estimated market share .................... 46 

Table 11. Market simulation table ................................................................................ 50 

 



vii 

 

List of Figures 

Figure 1. Domestic services' expected market share change by price discount. .......... 48 

Figure 2. Domestic services' expected market share change by contents diversity 

increase............................................................................................................................ 49 

Figure 3. Domestic services' expected market share change by additional service 

features ............................................................................................................................ 49 

 

  



1 

Chapter 1. Introduction 

1.1 Research Background 

With the rapid development of smart devices and ubiquity of the Internet, more 

consumers seek sources of entertainment in digital, IT-based channels, and conventional 

entertainment sources are transforming accordingly. Especially, the number of smart 

devices users increased exponentially in recent years with the hyper-speed wireless 

Internet (ETRI, 2018; Maeng et al., 2020; Schwab, 2017), enhancing the user experience 

through convenience. The prevalence of mobile devices and the new generations of the 

Internet inevitably heightens the competition in the video contents market. With more 

consumers migrating from traditional cable TVs to Internet-based media channels 

(Aggarwal et al., 2016; Convergence Consulting Group, 2020), new video-on-demand 

(VOD) consumption methods are emerging. 

Over-the-Top (OTT) services, one of the recent channels for media consumption, are 

gaining global popularity. One of the distinctive features of OTT services is that the 

consumption method is not bounded to TVs. Instead, OTT services are smart device 

friendly, which signifies that the mobility and time-unconstraint properties are the 

advantages. According to Statista (2021), the global penetration rate of OTT services 

increased from 22.95% to 28.62% between 2017 and 2020, forecasted to reach 

approximately 34.78% by 2025. Considering the outbreak of COVID-19 in early 2020, 

the OTT market is expected to continue expanding for the upcoming years with the 

accelerated pace of digitization.  
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The wave of OTT services also influences the Korean media market. With the 

penetration rate exceeding 90%, the pay-TV saturation rate in Korea is one of the highest 

(Korea Communications Commission, 2019). Because of such a high market influence of 

pay-TV services, cord-cutting1 in Korea is not as prevalent as in other countries (Lee, 

2020). However, with the official launching of Netflix Korea, the market-leading global 

OTT platform, traditional Korean media operators have been proactively developing 

competitive strategies in the subscription-VOD (SVOD) OTT service market. Korea 

broadcasters and telecommunication companies have launched various OTT services, 

such as Wavve, WATCHA, U+ Mobile TV, and TVING, through multiple strategic 

partnerships and in-house investment. Also, to secure existing users and increase the size 

of a consumer base, many Korean OTT providers offer packaged services, referred to as 

the bundling service, which combines OTT service subscriptions with the traditional 

media offerings, such as mobile phone plan, cable TV, or Internet Protocol Television 

(IPTV) subscriptions (Kim et al., 2021).  

Despite the aggressive investment being made in the OTT services, the Korean OTT 

market is dominated by Netflix. According to IGA Works (2021) market research, Netflix 

has the highest monthly active users (MAU) and singular use2  in Korea. Among the 

consumers using a single OTT service, about 40% of them are Netflix subscribers. Also, 

40% to 65% of Korean OTT service users are simultaneously subscribed to Netflix. The 

corporate financials of Korean OTT services are not in a favorable situation either. From 

 
1 A phenomenon which refers to consumers abandoning the traditional cable-based media channel 

(Tefertiller, 2018) 
2 The number of users that only uses Netflix. 
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2019 to 2020, Wavve and WATCHA’s revenue has increased by 83% and 73%, but their 

net profits are under loss, whereas Netflix’s revenue increased by 124%, and net profit by 

427% (Choi, 2021). Considering that YouTube, a global online video platform operated 

by Google, has MAU exceeding 40 million in Korea (IGA Works, 2020), the market share 

between the foreign brands and domestic brands should be unevenly distributed. As more 

foreign services’3  releases are imminent in Korea (Jeong, 2021; Mayo, 2021; Palmer, 

2020), understanding customer needs in-depth and develop an effective consumer 

attraction strategy is crucial for Korean service operators. 

 

1.2 Approaches and Scope 

In this study, marketing implications for Korean OTT service operators are explored 

through a consumer study. Conjoint analysis is conducted to achieve a quantitative 

understanding of consumer preferences on different OTT attributes. Specifically, the 

standard mixed logit model is used to quantitatively understand consumers’ overall 

preference structure on the OTT service attributes. Additionally, consumers’ preference 

heterogeneity is analyzed through the hierarchical Bayes logit model (HB model), 

focusing on revealing consumers' choice behaviors according to their demographic 

information and innovativeness. The HB model will assist in comprehending the 

heterogeneous acceptance intention according to their perception and attitude toward IT-

intense goods and services. 

Furthermore, combining prospect theory into the standard mixed logit model (or the 

 
3 Disney +, Amazon Prime Videos, HBO Max are planning to officially offer services in Korea, according to 

multiple media sources. 
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standard model), multiple reference-dependent choice models (RDCM; or the reference 

model) are developed. By calculating the utility distance from a reference service, 

consumers’ choice behaviors according to individual reference are explored based on the 

utility gains and losses of content attributes. The model fitness of the standard model and 

multiple RDCMs with different referent points are compared to verify if the behavioral 

economics approach enhances the explanatory power on consumer preference. To further 

solidify the validity of suggested models, the actual Korean OTT service market share 

change from 2019 to 2020 is compared with market share predictions from the standard 

mixed logit model and RDCM. After verifying the model validities, scenario analysis on 

the changes in service attributes is conducted, testing multiple conditions where the 

market share of Korean services exceeding that of foreign services. This study should 

provide intuitions for OTT operators to understand consumer behaviors and prepare for 

heightened competition in the future. Also, it will supplement the RDCM literature by 

showing that reference point selection criteria vary according to the target product’s 

characteristics, and the choice model stemming from behavioral economics does not 

always overperform the standard model based on neoclassical economics. 

 

1.3 Research Framework 

This study attempts to explore consumers’ preference structure in the OTT service 

market throughout the seven chapters. Chapter 1, Introduction, provides the market 

background and status quo to emphasize the necessity of the study and introduces the 

empirical methodologies utilized. Chapter 2, Literature Review, briefs the studies 

conducted in the media market, specifically in pay-TV and OTT context, and introduces 
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the prospect theory and studies on consumers’ innovativeness in adoption intention. 

Chapter 3, Research Questions, develops the study's central questions stemming from the 

previous works of literature. Chapter 4, Methodology, elaborates the empirical approaches 

utilized in the study, the standard mixed logit, the hierarchical Bayes logit, and reference-

dependent logit model, along with the information on the conjoint survey data. Chapter 5, 

Analysis Results, provides estimation results from the presented models and compares the 

performances among the provided models. Chapter 6, Scenario Analysis, verifies if the 

presented models reflect the reality and predicts Korean OTT services’ market share with 

hypothetical service attribute changes. Chapter 7, Implications & Conclusion, provides 

academic and marketing implications based on the empirical studies' suggested research 

questions and outcomes.  
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Chapter 2. Literature Review 

2.1 Previous Studies on Media – Pay-TV and Over-the-Top 

Services 

Consumers’ media consumption behaviors for pay-TV and OTT services have been 

one of the most prominent research topics in the recent decade. The studies on the pay-

TV and OTT market from the consumer perspective attempted to reveal the factors 

influencing consumers’ intention to use the service. Shin (2009) studied the consumer 

acceptance of IPTV through a modified technology acceptance model (TAM) with the 

structural equation model (SEM), illustrating that perceived usefulness and enjoyment of 

IPTV are affected by the perceived quality of service and social influence. Song et al. 

(2009) examined the prospect for IPTV in the Korean market through conjoint analysis. 

The significance of this study is that the authors attempted to analyze the prospect for the 

IPTV service before the market introduction. The result indicated that consumer 

expectation was the highest on the VOD services, followed by the installation cost and 

information services. 

 Shin et al. (2016) analyzed Korean consumers’ preference structure in the OTT 

service market through conjoint analysis. The survey included dummy variables for real-

time broadcasting, terrestrial TV broadcasting, the newest VOD contents, the number of 

VOD contents, and monthly subscription fees as product attributes, and the stated 

preference data is analyzed with a mixed rank-ordered logit model. The result indicated a 

high preference toward the real-time broadcasting contents, the terrestrial TV channels, 
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new content availability, and the number of VODs. The relative importance of attributes 

suggests that price is the single most influential attribute, followed by real-time 

broadcastings and the quantity of VODs. Madnani et al. (2020) provided more recent 

observations on consumer behavior in OTT service usage during the COVID-19 outbreak. 

The study's findings confirmed that more consumers are “locked down” in their homes 

due to the pandemic, leading to the accelerated diffusion rate of OTT services. As 

consumers spend more time on OTT contents, their preference structure became more 

complicated, in which “space and time to watch the contents” behaves as a significant 

factor determining the satisfaction level and service quality. Kim (2020) observed the 

impact of OTT-bundled subscription plans for pay-TV service providers in terms of 

switching costs. The study suggested that consumers are willing to subscript the bundled 

plan if the discount rate is above 24.5%, implying the switching cost can be compensated 

with OTT services. Another study by Kim et al. (2021) provides advanced insight on the 

bundled services and the relationship between pay-TV and OTT services. The study 

surveyed Korean consumers and analyzed the result through a mixed logit model. The 

study identified the complementary relationship between OTT services and TV broadcasts, 

as consumers watching more original content on OTT shows sensitive non-preference 

toward not watching pay-TV.  

Although many studies have explored consumer adoption behaviors in the OTT 

market, only a handful of discrete choice experiments were conducted. Therefore, the 

current study aims to contribute to the works of literature by utilizing state preference data 

on OTT consumers in Korea with the reference-dependent choice models, which will be 

elaborated in the following subsection. 
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2.2 Prospect Theory and Applications 

Prospect theory was first suggested by Kahneman and Tversky’s seminal work, 

“Prospect Theory: An Analysis of Decision under Risk” (1979). The theory's core is that 

under risky conditions, consumers' decision-making process does not necessarily follow 

the utility-maximizing model; instead, their decisions are dependent on risk attitude and 

framing effect. When consumers faced the choice situation between two lotteries with 

different benefits and risks, they chose the option with less risk, even though the expected 

utility was lower for the safer case. Kahneman and Tversky (1979) suggested that a 

decision-maker evaluates an expected utility gain or loss of a given option according to 

the perceived utility of a reference point, and the slope of the utility curve presents 

asymmetry. This asymmetric preference between gain and loss illustrates the existence of 

loss aversion, where decision-makers are often more sensitive toward loss than gain with 

the same magnitude. (Kahneman & Tversky, 1979; Tversky & Kahneman, 1991, 1992).  

Some future studies with discrete choice models succeed with the idea of asymmetric 

preference and loss aversion. The models stemming from the ideas of prospect theory are 

referred to as the reference-dependent discrete choice models, which has been drawing 

attention from researchers from various industries, such as transportation (Grigolon et al., 

2012; Hess et al., 2008, 2012; Kim et al., 2020b; Masiero & Hensher, 2010), environment 

and energy (Kim et al., 2018; Mao et al., 2019), and smartphone (Kim et al., 2016a; Kim 

et al., 2020a).  

Hardie et al. (1993) developed a “reference-dependent choice model” by reflecting the 
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asymmetric sensitivity between utility gain and utility loss. The model assumed that 

consumers select a brand by evaluating the brand’s relative position to the individuals’ 

reference products. Based on the value function4 suggested by Kahneman and Tversky 

(1979), the utility gain and loss are calculated as the attribute differences between an 

option and a reference point. In the study, the empirical analysis on multiple orange juice 

brands’ sales data confirmed that losses have a larger impact on consumers’ decisions than 

gains, which signified the presence of loss aversion in consumer decisions.  

Hess et al. (2008) further investigated the reference model in the context of consumers’ 

trip route selection. The survey respondents chose the best trip route for 16 choice 

situations, where each situation includes three alternatives: two trip routes and a current 

route (i.e., the reference point). The analysis observed asymmetric preferences in trip costs 

and time, and the magnitudes of the asymmetry were inconsistent. The degree of 

asymmetric preferences was indicated as loss aversion parameters, and consumers were 

more sensitive toward ‘giving up’ than ‘gaining’ attributes when the parameter was greater 

than one.  

In the study of Kim et al. (2016a), the reference-dependent logit model was conducted 

in the smartphone choice context. The five attributes of a smartphone (operating system, 

screen size, 4G availability, device weight, web page loading time) were tested for 

reference dependence (price variable was not subjected). The empirical result revealed 

that size, 4G availability, and loading time were the only attributes with statistically 

significant preference asymmetry. The study further investigated consumer preference 

 
4 The function is elaborated in chapter 4. 
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according to smartphone purchase experiences. The result of the analysis emphasized that 

consumer preference was noticeably influenced by the past product experience, where 

more experienced consumers were more sensitive toward the attribute losses.  

The most recent advance in the RDCM incorporated the idea of multiple reference 

points in a single model (Wang et al., 2019). Unlike previous studies, Wang et al. (2019) 

embraced the idea that consumers’ reference points may vary within a product’s attributes. 

Based on the consumer preference data on smartphones, the authors generated multiple 

RDCMs, with each model having different reference points for each attribute. Along with 

the improved model fitness, the results suggested that consumers evaluated product 

attributes by comparing with reference products, in which “the most preferred products” 

were most frequently utilized, followed by “the least preferred products” and “the average 

product”.  

It is understood that current research is the first study to adopt the reference-dependent 

choice model in the OTT market context. Not only that, while the previous reference-

dependent choice models only adopted single reference point selection criteria, this study 

attempts to develop multiple reference models with different reference points and test 

which model provides the best model fitness. OTT service consumers’ choice behaviors 

are observed in depth through asymmetric preferences on the gains and losses of product 

attributes with the best model identified. 

 

2.3 Previous Studies on Consumer Intention to Adopt Products 

and Services 
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Many studies focused on identifying factors affecting consumer’s intention to 

purchase in various fields. One of the most significant pieces of literature in this field is 

Diffusion of Innovations (DOI) by Rogers (1962), providing comprehensive, insightful 

contemplation on consumers’ innovation adoption behaviors. In DOI, consumers are 

distinguished into five groups according to their innovation adoption timing: innovators, 

early adopters, early majorities, late majorities, and laggards. Each adopter group 

possesses distinguishable traits, such as age, income, attitude toward technology, and 

social position.  

Rogers’ innovation diffusion theory inspired numerous future works of literature 

exploring consumer adoption behavior in various fields, such as e-governance (Fakhoury 

& Aubert, 2017), media advertisements (Nam et al., 2019), IPTV acceptance (Park et al., 

2016), and smart devices and services (Baishya & Samalia, 2020; Kim & Shin, 2017; Kim, 

2014; Krey et al., 2019; Zhao & Bacao, 2021). Among many factors that have been 

identified to influence consumers’ acceptance intention, some studies focused on 

consumer innovativeness. Innovativeness describes individuals’ attitude or perception 

toward new, innovative goods and services, influencing the intention to adopt and exploit 

them (Goldsmith & Hofacker, 1991; Roehrich, 2004). Subsequent studies empirically 

confirmed the presence of the idea in various fields, including wearable smart devices 

(Hong et al., 2017), online banking (Chauhan et al., 2019), renewable house heating 

systems (Franceschinis et al., 2017), and home photovoltaic panel and energy storage 

system (Klingler, 2017). The empirical results indicated that consumers' innovativeness 

shows different attitudes toward technology and presents noticeable behavioral 

differences. Motivated by such findings, the current study also attempts to analyze 
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consumer heterogeneity according to their innovativeness and other demographic 

information in the Korean OTT market context through the hierarchical Bayes logit model. 

 

2.4 Limitation of Previous Literature & the Significance of the 

Current Study 

The core limit of previous literature discussed in chapter 2 was that not many discrete 

choice experiments were conducted in the OTT service market. Despite the globally 

increasing customer base and accelerated pace of digitization, the volume of works in the 

field is still insufficient. Furthermore, no practical application of the recent econometric 

models has been identified in the field; thus, the in-depth analysis on the demand side of 

the market lacks behind. Because the competition in the market is expected to grow more 

intense, understanding consumers specifically in the OTT service context through various 

approaches is essential in developing adequate and differentiable marketing and operation 

strategies.  

This study stems from the previous works in consumer studies, diffusion theory, and 

behavioral economics. Consumers’ preference structures are analyzed through the discrete 

choice models that can provide a quantitative understanding of product attributes, and the 

behavioral heterogeneity is observed through individual characteristics. Also, consumers’ 

preference concerning the multiple reference points criteria is analyzed to deliver 

implications on service competition. The current study will provide a solid starting point 

for future studies on the OTT service market and econometric models through the multi-

angular approaches. 
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Chapter 3. Research Questions 

The primary goal of this research is to observe consumers' OTT service choice 

behaviors. A large volume of previous consumer preference studies confirmed that 

discrete choice models could assist in understanding both existing and prospective 

customers and obtaining marketing insights. In this study, to explore consumer behaviors 

in the Korean OTT service market context, multiple RDCMs with different reference point 

setting criteria are developed in addition to a standard mixed logit model.  

The first model (Model 1) reflects the consumer status quo, the second model (Model 

2) reflects the social influence by peers, and the third model (Model 3) reflects a market 

norm. The specifications of the models are elaborated in chapter 4. By comparing the 

models parallelly, the fittest RDCM that best describes consumer’s valuation behavior is 

identified. Studies on OTT and pay-TV services have consistently supported the 

significance of service contents in securing market competitiveness (Ham et al., 2018; 

Park, 2018; Shon, 2020); therefore, the content-related attributes, which are contents 

diversity and exclusive contents, are analyzed through the lens of reference-dependence. 

The following research question is addressed through the comparison of the three RDCMs: 

Research Question 1: In the Korean OTT market context, which is the most 

influential reference point in determining the value for a given service - a 

consumer’s status quo, social influence, or the market norm? 

A more detailed investigation is conducted by closely observing consumer 

heterogeneity. Because consumers have different attitudes toward innovation, their 

adoption timing and pattern must differ (Bass, 1969; Rogers, 1962). Provided that 
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WATCHA, one of the major Korean OTT services, began the SVOD OTT service in 2016 

and Netflix entered the Korean market in 2017 (Hong et al., 2019), it is reasonable to 

assume that the market diffusion is still in the early stage in Korea. Based on the 

innovation diffusion theory (Rogers, 1962), consumers should show apparent differences 

in service adoption behavior according to their level of innovativeness. Through the 

hierarchical Bayes logit model, the influence of consumer demographics and 

psychological characteristics (i.e., the level of innovativeness) on OTT service preference 

is observed.  

Research Question 2: How do consumer innovativeness and demographic 

differences influence the heterogeneous preference structure, and what are the 

degrees of such “influences”? 

In addition to RDCMs and heterogeneity analysis, the model fitness of the standard 

model and reference-dependent models are compared. So far, studies that utilized the 

reference-dependence have shown that RDCMs were more effective than classical mixed 

logit models, concluding that the idea of reference dependence and asymmetric preference 

describes the consumer decision-making process more precisely. However, previous 

RDCM studies usually focused on durable goods or decisions with high switching costs, 

such as smartphones (Kim et al., 2016a; Kim et al., 2020a), electric vehicles (Kim et al., 

2020b), government policy (Kim et al., 2018; Mao et al., 2019) or freight transport plan 

(Masiero & Hensher, 2010). On the other hand, OTT services allow consumers to 

reconsider the continuation intent on the subscription every period. Also, the cost of 

switching behaviors is not as high as other durable goods due to the relatively low price 

and availability of multiple subscriptions. Because of such characteristics, consumers are 



15 

more reluctant to better offerings and more likely to switch their subscription status. Thus, 

the perceived dissatisfaction from relative utility loss should be lower than other goods or 

services, for switching is a readily available strategy. Due to the contextual difference, it 

is reasonable to question if RDCM will be as effective as other studies. 

Research Question 3: Is reference-dependence theory superior to classical 

economic approaches in understanding consumer preferences in OTT market 

context? 

The current study conducts a conjoint analysis on survey data conducted in 2019 on 

consumer behavior on media usage. To provide the answers for the presented research 

questions, quantitative and academically verified methodologies with well-constructed 

data set are utilized. Further details regarding the methodology and data set are described 

in chapter 4. 
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Chapter 4. Methodology 

4.1 Survey and Data 

 Descriptive Statistics 

The data for the current study uses the survey from 2019, conducted by Korea Gallup 

Research Institute in eight major cities in the Republic of Korea from June 28th to July 

18th, face-to-face. Among 665 respondents, 337 were male, and 328 were female. Age 

distribution ranges from 20 to 60, where each age group consists of 150 to 170 respondents. 

Approximately 50% of respondents earn KRW 4 million to 6 million, and the rest of the 

lower or higher-income families are evenly spread around the average, and about a half 

of the respondents are relatively more innovative than the other half. In the case of paid 

OTT subscription status, less than a quarter of the respondents are subscripted to one or 

more services, implying that defining the reference point of the non-subscribers should 

have an unneglectable impact on the estimation result. Among the OTT subscribers, only 

40 respondents are using foreign services primarily, and 94 respondents are domestic 

service users. The summary of the demographics is illustrated in Table 1. 

 

Table 1. Demographic information of survey respondents 

  

No. of 

respondents 

Component 

Ratio (%) 

Total 
 

665 100.0  

Gender 
Male 337 50.7 

Female 328 49.3 

Age 20s 152 22.9 
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30s 160 24.1 

40s 177 26.6 

50s 176 26.5 

Monthly income 

(In KRW million) 

Under 2.0 8 1.2 

2.0 to 4.0 153  23  

4.0 to 6.0 329  49.5  

6.0 to 8.0 137  20.6  

Above 8.0 37  5.6  

Level of Innovativeness  
1 to 4 330  49.6  

5 to 7 335  50.4  

Paid OTT subscription  
Yes 

Foreign 

service 
40 6.1  

Domestic 

service 
97 14.6 

No 528  79.4  

 

 Survey Attributes 

Table 2 represents the attributes and attribute levels utilized in the study. Phelps and 

Shanten (1978) recommended that more than eight attributes may disturb respondents in 

comprehending the alternatives, harming the accuracy of the experiment. Therefore, eight 

attributes are identified to analyze consumer preference structure in the OTT service 

market, based on the central issues being discussed in the media market (Kim et al., 2016b; 

Shin et al., 2016).  

Service provider type distinguishes the identity of the operator. Services such as 

WATCHA, Netflix, and YouTube stem from independent platform operators. On the other 

hand, traditional media operators, such as broadcasters and telecommunication companies, 

are expanding their OTT services. Therefore the levels of the attributes are set as 
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categorical variables consisting of platform, broadcasting, and telecommunication 

companies.  

Maximum resolution indicates the highest available video quality, consisting of HD, 

Full HD (FHD), and Ultra HD (UHD), which are common grades that can be streamed 

from the services.  

With streaming-only as the baseline level, the viewing type attribute describes whether 

the service plan allows offline viewing (downloadable videos) and live streaming is 

indicated.  

The available devices type reflects the variety of devices supported by the service, 

including mobile-only, PC, and smart TV.  

The following attribute, simultaneous viewing, indicates whether the subscription plan 

allows account sharing among multiple users. The contents diversity attribute represents 

the quantity and richness of the service. The levels, 40%, 70%, and 100%, are designed 

to be relative to pay-TV to assist the understanding of survey respondents.  

Exclusive contents indicate whether there are unique contents that are only accessible 

from the service. In this study, only services with exclusives that are either in-house 

invested or not provided by any other global platforms are considered to own exclusive 

contents.  

Lastly, the subscription fee attribute implies the monthly subscription price for the 

service that does not include extra paid-to-go charges. The attributes levels reflect the 

typical prices offered by OTT services operating in Korea: KRW 6,000, KRW 10,000, and 

KRW 14,000. 
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Table 2. Definition of variables 

Variables Description Levels Abbreviation 

Service 

Provider 

The type of 

OTT service 

provider  

Platform (base) 

Telecommunication 

Broadcaster  

(base) 

sp2 

sp3 

Maximum 

Resolution 

Maximum 

resolution 

available  

HD (base) 

FHD 

UHD 

(base) 

mr2 

mr3 

Viewing 

Type 

Available 

viewing type 

Stream-only (base) 

Stream + download 

Stream + download + live 

(base) 

vt2 

vt3 

Available 

Devices 

Type of devices 

supported 

Mobile-only (base) 

Mobile + PC 

Mobile + PC + smart TV 

(base) 

ad2 

ad3 

Simultaneou

s Viewing 

Simultaneous 

access from 

multiple sources 

available 

Not available (base) 

Available 

sv 

Contents 

Diversity  

Perceived 

contents richness 

relative to pay-

TV 

40% 

70% 

100%  

cd 

Exclusive 

Contents 

Exclusive, 

original contents 

availability 

Not available (base) 

Available  

ec 

Subscription 

Fee 

Monthly 

subscription fee  

(in KRW 

10,000) 

KRW 0.6 

KRW 1.0 

KRW 1.4 

fee 

No Choice Indicates opting 

out choice 

No-choice alt. NOT chosen 

(base) 

No-choice alt. chosen 

nc 

 

The resulting combinations of attributes are 3 × 3 × 3 × 3 × 3 × 2 × 2 × 3 = 2,916, 

in which testing all possible outcomes is practically infeasible. The survey is reduced into 
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eight choice situations through an orthogonal design method with four alternatives, 

including a no-choice option. The no-choice option describes the situation where a 

consumer surrenders to choose an option, thus makes the analysis more realistic (Haaijer 

et al., 2001). In this study, consumer’s “opting-out” behaviors in choice situations are 

assumed as no changes in utility; thus, the no-choice option ‘turns off’ every attribute by 

taking zeros as the values. However, taking dummies for categorical variables (e.g., 

service provider type) as zeros will indicate the utility for the baseline level. To avoid 

misinterpretation, a dummy variable for the no-choice situation (𝑑𝑛𝑐) is included in the 

regression that takes 1 as the value in a no-choice situation. On the other hand, no-choice 

alternatives are removed in the HB estimation because the goal of the analysis is to focus 

on service attribute preferences affected by individual information; therefore, interpreting 

no-choice variables is unnecessary. 

 

4.2 Mixed Logit Model Based on Neoclassical Economic 

Theory 

 Standard Mixed Logit Model 

This study employs the discrete choice experiment to explore the consumer preference 

structure on OTT services. The data obtained from the experiment is commonly analyzed 

with logit or probit models. However, the shortcoming of the models is that the preference 

toward each attribute is assumed to be homogeneous, which is not realistic. The mixed 

logit model with random utility theory is utilized to overcome this issue, which assumes 

the probabilistic distribution of attribute coefficients (Train, 2009). 
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      𝑈𝑛𝑗 =  𝑉𝑛𝑗 + 𝜀𝑛𝑗 = 𝛽′𝑛𝑋𝑗 + 𝜀𝑛𝑗, 𝛽𝑛~(𝑏, 𝑊)  Eq. (1) 

 

As it is described in Eq. (1), among N individuals, a consumer n’s utility from selecting 

an alternative j consist of the deterministic term 𝑉𝑛𝑗  and stochastic term 𝜀𝑛𝑗 . The 

components of the deterministic term, 𝛽𝑛 and 𝑋𝑗, indicates the vector of alternative j’s 

attribute levels (𝑋𝑗) and corresponding coefficients vector for individual preference (𝛽𝑛), 

in which the distribution of each attribute coefficients in 𝛽𝑛  is arbitrarily set by the 

researcher, where normal or log-normal distribution is a common choice. The stochastic 

term follows the independently and identically distributed Type I extreme value 

distribution.  

Because the mixed logit model assumes the probabilistic form of 𝛽𝑛, it is necessary 

to estimate the parameters for 𝛽𝑛.  

 

𝐿𝑛𝑗(𝛽) =
𝑒

𝑉𝑛𝑗

∑ 𝑒𝑉𝑛𝑘𝐽
𝑘=1

  
Eq. (2) 

  

𝑃𝑛𝑗 = ∫ 𝐿𝑛𝑗(𝛽)𝑓(𝛽|𝜃)𝑑𝛽  Eq. (3) 

 

Eq. (3) indicates that the probability of consumer n choosing alternative j among J 

alternatives can be calculated by the integration of the logit choice probability from Eq. 

(2), 𝐿𝑛𝑗(𝛽) with the probability density function 𝑓(𝛽) with parameter 𝜃. This study 

employs the maximum likelihood estimation method to estimate the parameters, which 
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maximized Eq. (4). 

 

       ln(𝐿) = ∑ ∑ 𝑦𝑛𝑗ln (𝑃𝑛𝑗)

𝐽𝑁

 Eq. (4) 

 

Based on the mixed logit approach described through Eq. (1) to Eq. (4), the standard 

mixed logit model's finalized structure for the corresponding study follows the format in 

Eq. (5). 

 

𝑈𝑛𝑗 =  𝛽𝑛1𝑑𝑗, 𝑠𝑝2 + 𝛽𝑛2𝑑𝑗, 𝑠𝑝3 + 𝛽𝑛3𝑑𝑗, 𝑚𝑟2 + 𝛽𝑛4𝑑𝑗, 𝑚𝑟3

+ 𝛽𝑛5𝑑𝑗, 𝑣𝑡2 + 𝛽𝑛6𝑑𝑗, 𝑣𝑡3 + 𝛽𝑛7𝑑𝑗, 𝑎𝑑2

+ 𝛽𝑛8𝑑𝑗, 𝑎𝑑3 + 𝛽𝑛9𝑑𝑗, 𝑠𝑣 + 𝛽𝑛10𝑥𝑗,𝑓𝑒𝑒

+ 𝛽𝑛11𝑥𝑗, 𝑐𝑑 +  𝛽𝑛11𝑥𝑗, 𝑒𝑐 + +𝛽𝑛12𝑑𝑛𝑐 + 𝜀𝑛𝑗 

Eq. (5)5 

 

 The Hierarchical Bayes Logit Model 

The hierarchical Bayesian logit model is utilized to observe consumer demographics 

influencing preference heterogeneity. The HB model shares the same random utility 

maximization assumption with the standard logit model. However, the HB model assumes 

that marginal utility for each consumer has the following format: 

 

 
5 Abbreviations are described in Table 2. 
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     𝛽𝑛𝑘 = Γ𝑧𝑛 + 𝜁𝑛, 𝑤ℎ𝑒𝑟𝑒 𝜁𝑛~𝑁(0, Σ) Eq. (6) 

 

In Eq. (6), Γ is a coefficient matrix of covariate 𝑧𝑛 selected by the researcher, and 

𝜁𝑛 reflects unobserved factors influencing consumer heterogeneity following a normal 

distribution with a covariance matrix Σ (Allenby & Ginter, 1995; Allenby & Rossi, 1998). 

Estimating the model follows the “hierarchical” approach; the initial prior distribution of 

𝛽𝑛  is selected first, and next priors for Γ  and Σ  are selected, where Γ  follows the 

normal distribution, and Σ follows the inverse-Wishart distribution. Markov Chain Monte 

Carlo simulation is utilized for the estimation process, which follows the three steps: 

 

 Γ|Σ, 𝛽𝑛  Eq. (7) 

Σ|𝛽𝑛, Γ Eq. (8) 

𝛽𝑛|Γ, Σ Eq. (9) 

 

The strength of the HB is that it allows researchers to observe consumer heterogeneity 

quantitatively through estimated parameters. While other random effect models are 

limited to providing probability distribution of each attribute, HB estimation can assist 

researchers by uncovering the linear relationship between the attribute coefficients and 

individuals’ demographic, psychological factors. In this research, consumers’ age, income, 

and level of innovativeness are selected for the covariates. The level of innovativeness is 

calculated as the average score of the three 7-Likert scale survey questions regarding 

consumers’ attitude toward innovation (“I like to try new, interesting things ahead of other 

people,” “I enjoy using products that others have not,” “I tend to use new, intriguing 
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products or services”). The estimation process takes a stepwise format from Eq. (7) to Eq. 

(9) to reflect the “hierarchical” structure of consumer preference (Allenby & Ginter, 1995; 

Allenby & Rossi, 1998). In addition, because HB estimation aims to observe the influence 

of the target covariates on the preference structure, the no-choice option is obliterated 

from the estimation process for revealing the relationship between individual 

characteristics, and no-choice preference is unnecessary.  

 

4.3 Reference-dependent Choice Model Based on Behavioral 

Economic Theory 

 Reference-dependent Choice Model 

Inspired by Kahneman and Tversky’s theory (1979), future studies identified 

asymmetric preference structure with loss aversion as following (Dellavigna, 2009). 

 

𝑣(𝑥|𝑟) = {
𝑥 − 𝑟    𝑖𝑓 𝑥 ≥ 𝑟

𝜆(𝑥 − 𝑟)   𝑖𝑓 𝑥 < 𝑟
 

Eq. (10) 

 

𝜆 = −
𝛽𝑛𝑜𝑛−𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝛽𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
 

Eq. (11) 

 

Eq. (10) describes the value function defined by the differences between attribute 𝑥 

and a reference point 𝑟 . The loss aversion parameter, 𝜆 , indicates the magnitude of 

asymmetric preference of the given attribute, which is the ratio between loss (or non-
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preference direction)6 and gain (or preference direction) of the reference attribute as it is 

stated in Eq. (11). 𝜆 can take various positive values; 𝜆 is less than 1 when consumers 

are more sensitive toward gain than loss (Hess et al., 2008), and larger than 1 when there 

exists loss aversion, which often takes values greater than 2 (Tversky & Kahneman, 1992).  

One of the core questions that need to be addressed is how to define the reference point 

when setting up an RDCM. Many previous studies utilized the status quo of the consumer 

as the reference (Hess et al., 2008, 2012; Kim et al., 2016a, 2018; Kim et al., 2020a; Mao 

et al., 2019). On the other hand, some studies adopted market factors7 as the reference 

points (Grigolon et al., 2012; Masiero & Hensher, 2010; Zhou, 2011). After determining 

the appropriate reference point criteria, utility gain and loss are calculated from the 

differences between alternative attributes and reference points. In this study, RDCMs 

follows the format from Eq. (12) (Kim et al., 2016a; Kim et al., 2020a); 

 

 
6 Some studies refer to the gain and loss as “preference direction” and “non-preference direction”. 
7 In such cases, usually the most representative products or services are set as the reference; i.e., the market 

norm. 



26 

    𝑈𝑛𝑗 =  𝛽𝑛1𝑑𝑗, 𝑠𝑝2 + 𝛽𝑛2𝑑𝑗, 𝑠𝑝3 + 𝛽𝑛3𝑑𝑗, 𝑚𝑟2

+ 𝛽𝑛4𝑑𝑗, 𝑚𝑟3 + 𝛽𝑛5𝑑𝑗, 𝑣𝑡2

+ 𝛽𝑛6𝑑𝑗, 𝑣𝑡3 + 𝛽𝑛7𝑑𝑗, 𝑎𝑑2

+ 𝛽𝑛8𝑑𝑗, 𝑎𝑑3 + 𝛽𝑛9𝑑𝑗, 𝑠𝑖𝑚𝑣𝑖𝑒𝑤

+ 𝛽𝑛10𝑥𝑗,𝑓𝑒𝑒

+ 𝛽𝑛11
𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

(𝑥𝑗, 𝑐𝑑 − 𝑟𝑛, 𝑐𝑑)

+  𝛽𝑛12
𝑛𝑜𝑛−𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

(𝑥𝑗, 𝑐𝑑 − 𝑟𝑛, 𝑐𝑑)

+ 𝛽𝑛13
𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

(𝑥𝑗, 𝑒𝑐 − 𝑟𝑛, 𝑒𝑐)

+  𝛽𝑛14
𝑛𝑜𝑛−𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

(𝑥𝑗, 𝑒𝑐 − 𝑟𝑛, 𝑒𝑐)

+ 𝛽𝑛15𝑑𝑛𝑜𝑐ℎ𝑜𝑖𝑐𝑒 + 𝜀𝑛𝑗 

Eq. (12)8 

  

In Eq. (12), xj,k  and 𝑑𝑗,𝑘  stands for the value of attribute 𝑘  in alternative 𝑗 , and 

rn,k  stands for individual 𝑛 ’s reference point of an attribute 𝑘 . As it is elaborated in 

chapter 3, the importance of video contents outweighs other attributes, for it is the core of 

the service in the OTT service market. Thus, by focusing on content-wise attributes 

(contents diversity and exclusive contents), the study intends to deliver marketing 

implications on the competition of intellectual properties among the service operators. 

 

 Reference-dependent Choice Models with Different Reference-setting 

Criteria 

 
8 Abbreviations are stated in Table 2. 
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In the following section, multiple RDCMs are suggested with different reference point 

selection criteria, and the models are compared according to their goodness-of-fit to 

observe the most influential factor that behaves as consumers’ reference point in the 

Korean OTT market setting.  

In the survey, seven OTT services operating in Korea are included. The attribute levels 

representing each service are identified based on the service’s web page information. The 

services are merged into three reference points to secure the generality and simplify the 

estimation process: domestic 9  services, foreign 10  services, and IPTV, where each 

reference point’s attribute levels represent the average value of the basic subscription 

plans.  

The researcher’s arbitral interpretation is reflected in the contents diversity attribute 

due to its’ unavoidable ambiguity in the definition11. Although foreign services provide a 

limited amount of Korean TV content, the richness originated from their in-house 

production and variety of international contents (e.g., exclusive classic TV shows, films) 

can sufficiently compensate for the weakness; therefore, contents diversity for foreign 

service is set as 80% (0.8) and assumed to provide the exclusive contents.  

On the other hand, the domestic services’ competitive strength is that the service 

providers are usually affiliated with established media companies. For instance, POOQ is 

the collaborative service by the three major terrestrial broadcasting companies (SBS, KBS, 

and MBC), Oksusu is run by CJ E&M, the operator of multiple cable channels in South 

Korea, and U+ Mobile TV and Olleh TV Mobile are under the direct management of the 

 
9 Services ran by Korean operators: Pooq, Oksusu, TVING, U+ Mobile TV, and Olleh TV Mobile. 
10 Netflix and YouTube. 
11 The descriptions on the attribute levels are introduced in chapter 5. 
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major Korean telecommunication companies that operate IPTV services as well. Thus, 

consumers can enjoy relatively more affluent TV content through the services. However, 

as multiple reports have criticized it, Korean OTT services show competitive weakness in 

the exclusive, in-house produced content compared to foreign services such as Netflix, 

which aggressively invests into contents development and creation (Choi, 2019; Ham et 

al., 2018). Reflecting this, contents diversity for domestic service is set as 60% (0.6) and 

assumed not to provide exclusive content.  

Table 3 summarizes the attribute levels for each group. It is important to note that all 

the services are paid subscriptions, and all the subscription plans are based on the most 

“basic” plans.  

 

Table 3. Definition of each reference point 

Variables Foreign Service Domestic Service IPTV12 

Service Provider Type Platform Broadcasting Telecomm. 

Maximum Resolution HD HD FHD 

Viewing Type Stream + 

Download 

Stream + 

Download + Live 

Stream + 

Download + Live 

Available Devices Mobile + PC + 

(smart) TV 

Mobile + PC Mobile + PC + 

(smart) TV 

Simultaneous Viewing Not Available Not Available Not Available 

 
12 IPTV subscription fee includes monthly rent for basic level set top boxes 
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Contents Diversity  0.8 0.6 1.0 

Exclusive Contents Available Not Available Not Available 

Subscription Fee KRW 0.95 KRW 0.79 KRW 1.8 

 

Different reference states of consumers distinguish the suggested RDCMs. Although 

most cases assume the status quo of the decision-maker as the reference, many other 

factors such as personal aspirations, experience social comparison, and market norms can 

also behave as reasonable reference point setting criteria, and sometimes it is more 

realistic to assume so (Tversky & Kahneman, 1991; Zhou, 2011). Thus, a consumer adopts 

a service if the relative utility change from the reference point is positive (i.e., gain) and 

abandons the service if the relative utility change is negative (i.e., loss).  

The first model, referred to as Model 1, assumes that all consumers take their 

subscription status quo (SQ) as their reference point. If the respondent does not subscribe 

to the OTT service, the reference point is set as the IPTV, for most pay-TV users are the 

IPTV users (Korea Communication Commission, 2020). As elaborated in chapter 2.3, SQ 

as a reference point has been widely explored by many studies, and it is reasonable to take 

such an assumption into account.  

The second model, or Model 2, takes the peer effect into account, as the presence of 

the social influence by peers in the reference-dependent choice situation is confirmed by 

previous studies (Kim et al., 2020a; Shon, 2020). In Model 2, consumers with OTT 

subscriptions set the reference point as the subscription status quo as in Model 1. On the 

other hand, the consumers without OTT subscriptions use their peers’ SQ as their 
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reference point. It is important to note that the survey included the OTT subscription status 

of three peers for each respondent; thus, setting a single reference point can be problematic. 

There are several viable options, such as taking the ‘average’ of peers or only using the 

SQ of the peer with the most influence. This study takes an alternative approach; if there 

is at least one peer who is using a foreign OTT service, then the reference point is set as 

foreign service, and if no peer is watching Netflix nor YouTube, then the reference point 

is set as domestic service. Thus, the respondents’ reference points are either domestic or 

foreign services according to their SQ or peers’ SQ.  

The third model, Model 3, takes the most representative service or market norm as a 

reference point in non-OTT users. Many previous pieces of the literature demonstrated 

that taking a particular brand or market norm as a reference is a viable approach (Grigolon 

et al., 2012; Masiero & Hensher, 2010; Zhou, 2011). Especially, Zhou (2011) 

demonstrates that the presence of a “more prominent firm” can affect consumers’ 

perspectives in setting product reference points. Reflecting this, Model 3 assumes that the 

reference points for the non-subscribers are the service with the most representative 

service (i.e., Netflix, in Korea) and SQ for subscribers. Netflix being selected as the 

market norm is due to its significant position in the global and Korean markets (IGA 

Works, 2021). Although the respondent is currently not subscribing to any OTT service, 

it is reasonable to assume that it is highly likely that the respondent is at least acquainted 

with Netflix. The summary of suggested models is presented in Table 4. The four models’ 

goodness-of-fit are compared via Akaike Information Criteria (AIC) and Bayesian 

Information Criteria (BIC) to test for the fittest reference point criteria in the Korean OTT 

market context.  
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Table 4. Description of reference-dependent models 

  Description Approaches 

Model 1 The reference point (RP) selected 

based on the consumers' 

subscription status quo (SQ). 

• RP is a foreign service if SQ is 

Netflix or YouTube (paid 

subscription). 

• RP is a domestic service if SQ 

is POOQ, TVING, Oksusu, Olleh 

TV Mobile, U+Mobile, etc. 

RP is pay-TV if no OTT 

subscription. 

Model 2 RP selected based on the status 

quo of peers 

OTT Subscribers: 

• RP is SQ 

OTT Non-subscribers: 

• RP is foreign if at least one 

peer is subscribing to foreign 

services. 

• RP is domestic if no peer is 

subscribing to foreign services.  
Model 3 RP selected as the market-leading 

service 

OTT Subscribers: 

• RP is SQ. 

OTT Non-subscribers: 

RP is a foreign service 

 

4.4 Model Selection Criteria 

One of the most common methods to check the goodness-of-fit is by examining a 

model’s 𝑅2 which indicates how well explanatory variables describe the variation of the 

outcome. However, it is essential to note that the more explanatory variable there is, the 

higher the number of 𝑅2 becomes, which possibly leads to an overfitting issue (Hill et 

al., 2017). Instead, this study adopts AIC and BIC as indicators for proposed models’ 

goodness-of-fit. AIC and BIC, unlike 𝑅2 , penalize the model if there is too many 
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variables added, each in its’ own approach (Hill et al., 2017). In other words, minimizing 

AIC and BIC means maximizing the likelihood of the model with a minimal number of 

variables. Thus the model becomes preferable. For p variables and n observations, AIC 

and BIC are calculated as Eq. (13) and Eq. (14): 

 

𝐴𝐼𝐶 = −2 𝑙𝑛(𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑) + 2𝑝 Eq. (13) 

 

      𝐵𝐼𝐶 = −2𝑙𝑛(𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑) + 𝑝𝑙𝑛(𝑛) Eq. (14) 
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Chapter 5. Analysis Results 

5.1 The Standard Discrete Choice Model 

 Estimation Result of the Mixed Logit Model 

Table 5 illustrates the estimation result of the standard mixed logit model. In service 

provider type, platform operators are significantly more preferred by consumers than 

broadcasters, while there is no significant difference between telecommunication 

companies and platform operators. Such an outcome implies that consumers have higher 

perceived expertise for platform operators than traditional broadcasters since the OTT 

service industry heavily involves online platforms. 

The estimation result for the maximum resolution is as predicted; the higher the 

resolution is, the likelier consumers prefer the plan. However, the utility difference 

between FHD and UHD is not as large as it is from baseline (HD) to FHD. Although 

econometrical testing is inadequate for the categorical variables, it is reasonable to 

speculate that the diminishing marginal utility occurs once the resolution provided is 

higher than HD. Considering that the highest-grade resolutions are usually available in 

non-mobile, large-size screens, the result implies that most consumers are satisfied as long 

as the primary devices for OTT services provide a ‘decent’ video resolution on the primary 

devices.  

A similar pattern is observed from the viewing type; more viewing options available 

leads to higher preference. More specifically, offline viewing (download) has a significant 

advantage compared to streaming-only, and so does the live streaming; however, the 
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magnitude of utility increase with the live streaming option is not as great as the download 

option added, suggesting that the utility from live streaming may be insufficient to be 

considered as a stand-alone competitive advantage. Therefore, additional features that can 

supplement the live streaming option should be offered to persuade consumers. 

The available devices type yields a meaningful result as well. While OTT content on 

personal computers does provide a significant advantage to the mobile-only option, the 

smart TV operability shows a significantly higher increase in consumer utility. This 

implies that Korean consumers prefer enjoying video content from large screens in their 

homes. Although current OTT services maximized user experience through mobility and 

convenience through smart devices, the comfort, relaxation, and high-resolution video 

from the home theater tend to outweigh the conveniences in general.  

The estimates for contents diversity, exclusive content, and subscription fee present an 

outcome within a reasonable range. Consumers prefer when more options are available, 

and the price is low. Overall, the estimation results from the standard mixed logit model 

provide reasonable and adequate insights, if not the best. Chapter 5.1.2 will develop a 

more in-depth understanding of consumer preferences in chapter 5.2 by considering 

individual characteristics in the mixed logit model. 

 

Table 5. Estimation result of the standard mixed logit model 

Variables 
Standard Mixed Logit 

Mean S.D. 

Service Provider  

(Base Platform)   

Telecomm. -0.0830 1.3192*** 

Broadcast -0.2063* 1.3122*** 
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Maximum Resolution  

(Base HD)   

FHD 1.2354*** 1.4065*** 

UHD 1.5516*** 1.4612*** 

Viewing Type  

(Base Streaming)   

Stream + Download 1.2273*** 1.1243*** 

Stream + Download + Live 1.5286*** 1.2472*** 

Available Devices  

(Base Mobile)   

Mobile + PC 0.3657** 1.2500*** 

Mobile + PC + (Smart) TV 0.9787*** 1.1299*** 

Simultaneous Viewing 0.1194 0.9994*** 

Contents Diversity 2.6573*** 1.6870*** 

Exclusive Contents 0.8120*** 0.9910*** 

Subscription Fee -3.9970*** 4.5345*** 

No Choice -1.2957*** 3.9269*** 

Log-Likelihood -5155.7830 

Legend: * p < 0.10, ** p < 0.05, *** p < 0.01 

 

 Estimation Results of the Hierarchical Bayes Logit Model 

Table 6 presents the estimates from the HB model with age, monthly income, and level 

of innovativeness as covariates. Compared to the standard mixed logit model, the HB 

model’s estimation results are coherent except for the service provider type. Whereas the 

standard model indicates that broadcasting companies are less preferred than platform 

operators, the HB model indicates that the two are indifferent; instead, telecommunication 

companies are more preferred than the platform operators. The telecommunication 

companies’ preference superiority observed in HB signifies that consumers perceive the 

bundling service as an attractive feature. 
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According to the covariate estimates, consumer innovativeness provides multiple 

important implications based on the behavioral heterogeneity in OTT service usage. First, 

consumers prefer UHD less as the level of innovativeness increases. Because the higher 

level of innovativeness implies more intense use of smart devices, consumers may feel 

UHD or higher resolutions to be excessive and unnecessary, for the higher-grade 

resolutions are usually more enjoyable (and supported) in larger screens that are less 

mobile. This is coherent with the insignificant preference in smart TV and non-preference 

toward PC; innovative consumers are more likely to focus on mobile devices. Therefore, 

more device features are not particularly perceived as attractive features, rather, 

unnecessary and cost-increasing factors.  

Contrarily, older age and higher monthly income show significant preference toward 

smart TV operability and UHD. This result stems from the demographical characteristics 

that as the consumer is an older and high-income household, owning a home with high-

end appliances is likelier, allowing appreciating the ‘higher’ service attributes, although 

these may increase the subscription fee. The less sensitivity toward monthly subscription 

fees is coherent with the finding above. 

On the other hand, a higher level of innovativeness leading to a more price-sensitive 

tendency is an intriguing result. Because the higher innovativeness relates to the 

consumer’s ability to utilize various information sources, innovative consumers tend to 

avoid more expensive subscription plans as they will put more effort into finding ‘cheaper 

and better’ subscription plans. Superficially, this contradicts the previous literature 

arguing that more innovativeness leads to less price sensitivity (Rogers, 1962). However, 

the distinctive nature of OTT services can explain the discrepancy. Unlike other durable 



37 

goods and services, OTT subscription plans often provide various discounts; these may 

be from the benefits from telecommunication or credit card companies, promotion 

coupons from new smartphone purchases, or bundling plans from cable TV or IPTV 

subscriptions. Therefore, consumers who proactively participate in information-gathering 

activities are likelier to find ‘cheaper’ ways.   
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Table 6. Estimation result of the hierarchical Bayes logit model 

Legend: * p < 0.10, ** p < 0.05, *** p < 0.01  

Variables 
Mean 

(
k ) 

Covariates ( dz ) 

Age  

(10 y.o.) 

Income 

(KRW 

million) 

Innovativeness 

Service Provider  

(Base Platform) 

    

Telecomm. 1.700*** 0.072 0.068 0.059 

Broadcast 0.092 0.379*** 0.119* -0.295*** 

Maximum Resolution  

(Base HD) 
    

FHD 2.468*** 0.427** 0.485*** -0.302 

UHD 4.005*** 0.621*** 0.584*** -0.526** 

Viewing Type (Base stream)     

Stream + Download  2.121*** 0.073 -0.118* 0.616*** 

Stream + Download + Live 3.102*** 0.159 -0.029 0.506*** 

Devices (Base mobile)     

Mobile + PC 2.095*** 0.494** 0.400*** -0.593*** 

   Mobile + PC + Smart TV 3.067*** 0.683*** 0.264*** -0.231 

Simultaneous viewing -0.209 -0.118 -0.111* 0.271** 

Contents Diversity 5.105*** 0.058 0.267*** 0.444** 

Exclusive Contents 1.614*** 0.144 -0.013 0.221** 

Subscription Fee  -7.825*** -0.466** -0.305*** -0.533*** 
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5.2 Reference-dependent Choice Model 

 Estimation Results of Reference-dependent Choice Models 

The estimates for non-reference-dependent attributes are coherent with the result from 

the standard model, except for the service provider types (Table 7). The results indicate 

that consumers do not show any significant preference among different service providers, 

whereas the standard mixed logit model indicates the higher preference of platform 

operators over broadcasting companies. The rest of the estimates share the same message; 

the higher resolution is welcomed, the utility from live streaming is relatively marginal, 

smart TV yields higher utility increases, price is not a preferable attribute, and 

simultaneous viewing is not significant. The reference models among themselves also 

share the coherent preference direction. However, Model 1 and Model 3 estimate that PC 

operability is insignificant, contrary to Model 2 and the standard model. The interpretation 

of reference-dependent attributes requires an additional inspection process of verifying 

the preference asymmetry. To test the asymmetric preference, individuals’ coefficients for 

the non-preference direction (i.e., the loss) is divided by the preference direction (i.e., the 

gain), and the resulting vector’s asymmetry is tested through a T-test with the hypothesis 

stated in Eq. (16) and Eq. (17) (Hardie et al., 1993; Kim et al., 2016a; Tversky & 

Kahneman, 1991) 

 

𝐻0: −
𝛽𝑛𝑜𝑛−𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝛽𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
= 1 

Eq. (16) 
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𝐻1: −
𝛽𝑛𝑜𝑛−𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝛽𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
≠ 1 

Eq. (17) 

 

As presented in Table 8, the test rejects the null hypothesis; thus, the asymmetric 

preference is present in both content diversity and exclusive contents, and the average loss 

aversion parameters for each attribute are 0.3346 and 0.0562. The result confirms that no 

loss aversion is present in contents diversity and exclusive contents. The larger gains 

compared to losses signify that in the OTT service market context, the expected utility 

losses are not perceived as opportunities deprived as it is in other product categories; 

rather, when deciding on new or additional service subscription, consumers focus more 

on additional benefits from a prospective service than relative inferiority. 

 

Table 7. Estimation results of reference-dependent models 

Variables 

Model 1  Model 2 Model 3 

Mean 

(S.D.) 

Mean 

(S.D.) 

Mean 

(S.D.) 

Service Provider (Base Platform)    

Telecomm. 
0.097 

(1.429***) 

0.163 

(1.417***) 

0.0678 

(1.4074***) 

Broadcast 
-0.015 

(1.312***) 

0.053 

(1.287***) 

-0.0074 

(1.2951***) 

Maximum Resolution (Base HD)    

FHD 
1.343*** 

(1.473***) 

1.272*** 

(1.460***) 

1.300*** 

(1.402***) 

UHD 
1.546*** 

(1.633***) 

1.445*** 

(1.592***) 

1.418*** 

(1.535***) 

Viewing Type (Base Streaming)    

Stream + Download 
1.106*** 

(1.093***) 

1.030*** 

(1.084***) 

1.090*** 

(1.026***) 
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Stream + Download + Live 
1.410*** 

(1.237***) 

1.272*** 

(1.145***) 

1.370*** 

(1.159***) 

Available Devices (Base Mobile)    

Mobile + PC 
0.189 

(1.352***) 

0.285* 

(1.271***) 

0.198 

(1.248***) 

Mobile + PC + (Smart) TV 
0.699*** 

(1.233***) 

0.615*** 

(1.144***) 

0.661*** 

(1.138***) 

Simultaneous Viewing 
0.015 

(1.079***) 

-0.007 

(1.110***) 

0.035 

(1.066***) 

Contents Diversity    

Preference 
2.929*** 

(1.654***) 

4.079*** 

(1.852***) 

3.374*** 

(1.622***) 

Non-preference 
-2.209*** 

(1.998***) 

-1.320** 

(2.180***) 

-1.939*** 

(2.231***) 

Exclusive Contents    

Preference 
0.784*** 

(1.243***) 

0.931*** 

(1.388***) 

0.656*** 

(1.194***) 

Non-preference 
-0.536*** 

(1.063***) 

-0.538*** 

(1.032***) 

-0.561*** 

(1.082***) 

Subscription Fee 
-4.630*** 

(4.733***) 

-4.624*** 

(4.655***) 

-4.497*** 

(4.706***) 

No Choice 
-4.851*** 

(5.465***) 

-4.729*** 

(5.396***) 

-4.733*** 

(5.365***) 

Log Likelihood -5134.492 -5127.615 -5129.132 

Legend: * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 8. Test for asymmetric preferences 

Variables Contents Diversity Exclusive Contents 

𝐻0  −
𝑁𝑜𝑛−𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛

𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛
= 1 

Mean 𝜆 0.3346 0.0562 

t -57.4524 -1.8779 

df 664 664 

p-value 0.0000 

(H0 rejected) 

0.0609 

(H0 rejected) 

95% CI 0.3118, 0.3573 -0.9307, 1.0432 
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 Goodness-of-fit Comparison Among the Choice Models 

In this study, to determine the fittest model for consumers preference in the Korean 

OTT market context, the three reference models and the standard model are compared 

parallelly via information criteria. Table 9 describes the statistics for each model. 

Interestingly, the model with the highest fit is Model 2, which assumes the status quo of 

peers as reference points, followed by Model 3. The result indicates that among suggested 

reference determinants, external factors are the most significant in determining the 

perceived value of an OTT service for non-subscribers. However, the RDCMs increase 

the model fitness marginally compared to the standard mixed logit model, indicating that 

the OTT service market is at a premature level for consumers to sufficiently experience 

the product. The product experience is crucial in establishing reference points, whether 

internal or external; nonetheless, if the market is at the early stage, only a few consumers 

(innovators and early adopters) are engaged with the product (Rogers, 2003).  

Consequently, the information is relatively scarce than other products, and most 

consumers cannot correctly evaluate the expected utility change from suggested products. 

The finding does not undermine the effectiveness of RDCMs; instead, the behavioral 

models can be utilized to complement the classical models by providing information on 

the utility gains and losses perceived by consumers. The study further investigates 

consumer preference through the estimation result from Model 2. 
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Table 9. Goodness-of-fit table of each model 

Information Criteria Mixed Logit Model 1  Model 2 Model 3 

AIC 10337.5662 10298.9842 10285.2290 10288.2632 

BIC 10423.0964 10397.6726 10383.9174 10386.9516 
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Chapter 6. Scenario Analysis 

6.1 Comparison with Revealed Market Data 

Market share prospects of two consecutive years are compared with the revealed 

market data of 2019 and 2020 to examine the adequacy of suggested models. The monthly 

active user (MAU) statistics from the Nielsen Korea market report (2020) are adopted for 

the market data. For the market share prediction in the year 2019, the price for the 

domestic service is set as KRW 6,000, reflecting that most of the monthly subscription fee 

for Korean OTT services ranged from KRW 4,000 to 7,900 (basic plans). It is important 

to note that the Nielsen report does not include the MAU of YouTube Premium, whereas 

current literature includes the YouTube Premium in the foreign services category; 

therefore, the predicted market share will yield an unavoidable discrepancy to the Nielsen 

data. However, if the models properly reflect consumers’ preferences, the market share 

changes will resemble the reality.  

According to the Nielsen Report (2020), the average MAU of Netflix increased by 

10 %p, while other Korean services decreased by 10%p (Table 10). The standard mixed 

logit predicts 15%p changes, and the RDCM predicts 14%p changes, in which the models 

approximate the actual changes. Considering numerous factors influencing the market that 

the empirical models cannot entirely embrace (such as the outbreak of COVID-19, first-

mover advantages of Netflix, account sharing), the suggested models can be considered 

reasonably reflecting the actual consumer preferences. 
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Table 10. Comparison between market data and estimated market share 

  Foreign Domestic 

Nielsen13 ‘19 27% 73% 

Nielsen ‘20 37%(+10%p) 63%(+10%p) 

Standard 14 '19 59% 41% 

Standard '20 74%(+15%p) 26%(-15%p) 

RDCM15 '19 44% 56% 

RDCM '20 58%(+14%p) 42%(-14%p) 

 

6.2 Market Share Simulation for Domestic Brands 

According to domestic services’ feature change, market simulation is conducted based 

on the estimation results to explore further managerial implications (Table 11). Since 

either of the models does not prove relative superiority, both standard and reference 

models are utilized for the market simulation to compare any implication differences 

(Visual aids provided in Figure 1, 2, 3).  

The first scenario assumes domestic services’ subscription fee discount. The standard 

model predicts that the market shares of foreign services and domestic services will 

intersect between a 35% to 40% discount rate; conversely, the reference model predicts 

5% to 10%, which is more generous. However, such differences result from the baseline 

scenario’s market share disparity; both models predict a 2%p to 3%p market share 

increase with every 5% price drop; thus, both models’ predictions are reasonably coherent 

in terms of price change. A similar pattern is observed in contents diversity increase; every 

 
13 The Nielsen statistics: MAU of Netflix, wavve, TVING, Seezn, U+ Mobile TV, and WATCHA are 

included. 
14 Expected market share by the standard model. 
15 Expected market share by the reference model. 
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5%p increase in contents diversity, domestic brands’ market share increase by 2%p to 

3%p.  

The other non-price factors show apparent differences between the two models. 

Additional service features tend to cause switching behaviors specifically from foreign 

service users to domestic services, unlike the changes in price discount and contents 

diversity increase where regular portions of foreign services and no-choices are switched 

to the domestic services (each by 1%p or 2%p). The observation implies that the price 

factor alone is insufficient to provide competitive advantages. Instead, the service 

differentiation from competitors (i.e., foreign services) requires enhancing the user 

experience through various service features (such as high resolutions or various device 

types).  

Although both models agree upon the importance of non-price factors, each model 

evaluates the influence of attributes differently. In exclusive contents, the standard model 

predicts market share increase by 25%p, whereas the reference model predicted 11%p. 

Smart TV operability is expected to bring a 21%p increase from the standard model and 

a 5%p increase from the reference model. FHD as a maximum resolution is expected to 

bring the largest market share increase in both models, where the standard model predicted 

23%p and the reference model 18%p.  

It can be observed that the standard model puts more weight on the service features. 

On the other hand, the reference model is less generous even though the baseline scenario 

is more favorable to domestic services than the standard model. Thus, it is crucial to 

understand the current status quo of the service and the market before drawing conclusions 

from an econometric model. 
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Figure 1. Domestic services' expected market share change by price discount. 
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Figure 2. Domestic services' expected market share change by contents diversity increase 

 

 

Figure 3. Domestic services' expected market share change by additional service features 
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Table 11. Market simulation table 

Standard Model Reference Model 

Price down Foreign Domestic No-choice Price down Foreign Domestic No-choice 

0% (Base) 0.57 0.20 0.23 0% (Base) 0.43 0.35 0.22 

5% 0.55 0.23 0.22 5% 0.40 0.38 0.21 

10% 0.53 0.26 0.21 10% 0.38 0.41 0.21 

15% 0.51 0.29 0.20 15% 0.36 0.44 0.20 

20% 0.49 0.32 0.20 20% 0.34 0.47 0.19 

25% 0.47 0.35 0.19 25% 0.33 0.49 0.18 

30% 0.44 0.38 0.18 30% 0.31 0.51 0.18 

35% 0.42 0.40 0.17 35% 0.30 0.53 0.17 

40% 0.41 0.43 0.16 40% 0.29 0.55 0.16 

45% 0.39 0.45 0.16 45% 0.28 0.57 0.15 

50% 0.37 0.48 0.15 50% 0.27 0.59 0.15 

Diversity up       Diversity up       

0% (Base) 0.57 0.20 0.23 0% (Base) 0.43 0.35 0.22 

5%p 0.56 0.22 0.22 5%p 0.41 0.37 0.22 

10%p 0.54 0.24 0.22 10%p 0.40 0.38 0.22 

15%p 0.52 0.26 0.22 15%p 0.39 0.39 0.21 

20%p 0.50 0.28 0.21 20%p 0.38 0.41 0.21 

25%p 0.48 0.31 0.21 25%p 0.35 0.44 0.21 
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30%p 0.47 0.33 0.20 30%p 0.33 0.47 0.20 

35%p 0.45 0.35 0.20 35%p 0.31 0.50 0.19 

40%p 0.43 0.38 0.20 40%p 0.28 0.53 0.18 

Features       Features       

Base 0.57 0.20 0.23 Base 0.43 0.35 0.22 

Exclusives 0.35 0.45 0.19 Exclusives 0.33 0.46 0.21 

Smart TV 0.40 0.41 0.19 Smart TV 0.38 0.40 0.22 

FHD 0.38 0.43 0.19 FHD 0.28 0.53 0.19 
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Chapter 7. Implication & Conclusion 

7.1 Academic Implication 

The core of this study is that the model appropriateness relies on the product’s 

characteristics and industrial, environmental context. While most previous literature 

advocated the adequacy of the behavioral economics model in describing consumers’ 

intentions and behaviors, the result of this study casts doubt on this trend. Comparing the 

two choice models with different theoretical backgrounds confirmed that the superiority 

of behavioral models over neoclassical models is not always applicable. Instead, in a case 

where market maturity is in the early stages, the lack of industry experience hinders the 

behavioral model’s performance. Therefore, although the RDCMs marginally enhance the 

goodness-of-fit, the standard mixed logit model with neoclassical utility maximization 

assumption may be perceived as a more efficient approach, considering the relative 

simplicity of the model.  

Nonetheless, the validity of behavioral models should not be undermined. The RDCM 

contributes to two important implications. First, consumers without product experience 

rely on external information rather than comparing with similar types of services (i.e., 

IPTV). This emphasizes that consumers’ reference point selection behaviors are the 

product of various factors, such as personal characteristics, social influences, and market 

environments. Thus, the choice of estimation model must consider various elements for 

reliable, consistent outcomes. Second, the asymmetric preference without loss aversion 

directly suggests that OTT consumers do not perceive the utility loss as benefits deprived, 
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thus focus less on attribute inferiority. Instead, consumers seek the expected utility gain 

from a prospective service, deciding whether the service will satisfy the niche demand. 

This implies that under various factors, such as switching behavior feasibility and market 

maturity, loss aversion may not be present as other products or services, corresponding 

with the results from previous RDCM studies that recognized the absence of loss aversion, 

where the parameter is lower than 1 (Hess et al., 2008; Kim, 2019). 

Although the standard mixed logit model can explain consumers’ behaviors in a more 

concise structure, the reference model differentiates itself by suggesting additional 

insights on consumers’ valuation process. The findings from the suggested model mediate 

the competitive composition between the neoclassical approaches under utility 

maximization theory and behavioral approaches under utility asymmetry and loss 

aversion by acknowledging the merits and shortcomings of each approach. 

 

7.2 Managerial Implication 

Estimation and scenario analysis results offer meaningful managerial implications. 

First, the result of RDCM indicates that consumers perceive gains to be larger than losses. 

Because the OTT service market in Korea is still in the early stage, many consumers are 

yet to be equipped with sufficient service experience, leading them to rely on external 

sources (e.g., friends, Internet reviews, market norm) to set their valuation criteria.  

The expected utility losses are not perceived as deprived opportunities. Besides, OTT 

services do not have high switching costs; multiple simultaneous subscriptions are only a 

matter of choice, canceling subscription do not cost extra effort or cost, the 
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subscription/cancellation process is a few clicks away. Therefore, it is recommended for 

OTT operators to focus on providing more than their current service status quo and not 

necessarily try to overtake their competitors. In other words, OTT services are not always 

in direct competition with one another, and there exists a degree of complementary 

relationship among them. Thus, it is suggested that Korean OTT operators should prepare 

for incoming global OTT operators by developing more rich and user-friendly features to 

provide unique experiences that their prospective competitors cannot. This will 

undoubtedly motivate consumers’ subscription intention and leading to an increased 

consumer base, which is expected to create a chain effect for non-experienced consumers 

for the peer effect is present among non-subscribers.  

However, the investment made in enhanced user experience will inevitably harm the 

service profitability, and service operators may find it as a dilemma. The result of scenario 

analysis suggests that the magnitude of non-price factors, especially various service 

features, are compelling enough to neutralize the competitiveness losses from the lower 

price advantage. Although a dramatic increase in subscription fees is not recommended, 

appropriate investments made to enhance user experience will mediate the less diverse 

and aggressive discount opportunities.  

The results from the HB model further develop the insight. The introduced covariates, 

age, income, and innovativeness, suggest that consumers seek different benefits from an 

OTT service based on their lifestyle. For instance, the coefficient of the innovativeness 

implies that to target the early-adopting, tech-savvy consumers, mobile-friendly 

subscription plans with affordable prices are most effective. As the consumer group does 

not particularly prefer the higher-grade resolutions with various device types, providing a 
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more compact subscription plan focusing on content variety and the experience ubiquity 

would be more reasonable. On the other hand, the older and higher-income consumer 

groups are less price-sensitive and prefer the home-theater environment. Thus, it is 

recommended that to attract the consumers, focusing on the high video quality and large-

screen friendly content should be prepared. Although the exclusiveness and price could 

be less competitive, maximizing the quality of the viewing experience will sufficiently 

satisfy the customers. 

 

7.3 Concluding Remark 

As digitalization influences various sectors, especially in the entertainment industry, 

corporates need to understand consumers and establish strategies to fulfill the demands 

quicker and better. In the Korean OTT market context, where strong foreign brands such 

as Disney + and HBO Max are scheduled to enter, the intensity of competition will 

continue to grow, and domestic brands should seek their way to survive. Considering their 

positions in the market, consumers need stronger motivations to use domestic services. It 

is strongly proposed that domestic OTT operators closely engage with consumers, develop 

more customer-oriented strategies to enhance user experiences further, and aim for the 

niche demand that competitors are yet to capture. Also, the service operators are 

recommended to position themselves as complementary to other services to secure a more 

consumer base and not necessarily compete with them. Although there is an uncountable 

number of hidden variables in consumer behaviors remaining to be explored, the result of 

this study should be able to assist in establishing a long-term cornerstone 
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operation/marketing strategies for OTT service providers. 

  



57 

Bibliography 

 

Aggarwal, N., Arthofer, F., Rose, J., Lind, F., Rosenzweig, J., & Stephan, J. (2016). The 

Digital Revolution Is Disrupting the TV Industry. BCG Perspectives, August 2015, 

1–17. https://www.bcgperspectives.com/content/articles/media-entertainment-

digital-revolution-disrupting-tv-industry/?chapter=4#chapter4 

Allenby, G. M., & Ginter, J. L. (1995). Using Extremes to Design Products and Segment 

Markets. Journal of Marketing Research, 32(4), 392. 

https://doi.org/10.2307/3152175 

Allenby, G. M., & Rossi, P. E. (1998). Marketing models of consumer heterogeneity. 

Journal of Econometrics, 89(1–2), 57–78. https://doi.org/10.1016/S0304-

4076(98)00055-4 

Baishya, K., & Samalia, H. V. (2020). Extending unified theory of acceptance and use 

of technology with perceived monetary value for smartphone adoption at the 

bottom of the pyramid. International Journal of Information Management, 51, 

102036. https://doi.org/10.1016/j.ijinfomgt.2019.11.004 

Bass, F. M. (1969). A New Product Growth for Model Consumer Durables. 

Management Science, 15(5), 215–227. 

Bass, F. M. (2004). A new product growth for model consumer durables. Management 

Science, 50(12 SUPPL.), 1825–1832. https://doi.org/10.1287/mnsc.1040.0264 

Chauhan, V., Yadav, R., & Choudhary, V. (2019). Analyzing the impact of consumer 

innovativeness and perceived risk in internet banking adoption: A study of Indian 



58 

consumers. International Journal of Bank Marketing, 37(1), 323–339. 

https://doi.org/10.1108/IJBM-02-2018-0028 

Choi, H. (2020). 2021 Video Streaming Service Outlook: Forecasting the Winner. 2020 

KISA Report, 11. 

Choi, H. (2021). Netflix in OTT Market Overtakes 50%... The Gap from Domestic 

Brands Increases. Consumer News. 

https://www.consumernews.co.kr/news/articleView.html?idxno=624655 

Choi, S. (2019). Market Change and Forecast on Korean OTT Services. Press Arbitration 

Commission. 

https://www.pac.or.kr/_common/new_download_file.asp?menu=magazine_sub&sub

_idx=6697 

Convergence Consulting Group. (2020). The Battle for Canadian Couch Potato: OTT 

and TV, April 2020. http://www.convergenceonline.com/reports.php 

Dellavigna, S. (2009). Psychology and economics: Evidence from the field. Journal of 

Economic Literature, 47(2), 315–372. https://doi.org/10.1257/jel.47.2.315 

ETRI. (2018). Status and forecast of domestic mobile traffic. 

Fakhoury, R., & Aubert, B. (2017). The impact of initial learning experience on digital 

services usage diffusion: A field study of e-services in Lebanon. International 

Journal of Information Management, 37(4), 284–296. 

https://doi.org/10.1016/j.ijinfomgt.2017.03.004 

Franceschinis, C., Thiene, M., Scarpa, R., Rose, J., Moretto, M., & Cavalli, R. (2017). 

Adoption of renewable heating systems: An empirical test of the diffusion of 

innovation theory. Energy, 125, 313–326. 



59 

https://doi.org/10.1016/j.energy.2017.02.060 

Goldsmith, R. E., & Hofacker, C. F. (1991). Measuring Consumer Innovativeness. 

Grigolon, A. B., Kemperman, A. D. A. M., & Timmermans, H. J. P. (2012). Student’s 

vacation travel: A reference dependent model of airline fares preferences. Journal of 

Air Transport Management, 18(1), 38–42. 

https://doi.org/10.1016/j.jairtraman.2011.08.002 

Haaijer, R., Kamakura, W., & Wedel, M. (2001). The “no-choice” alternative in conjoint 

choice experiments. International Journal of Market Research, 43(1), 93–106. 

https://doi.org/10.1177/147078530104300105 

Ham, M., Shin, Y., & Lee, S. (2018). A Study on OTT Content’s Characteristics: 

Focusing on User Characteristics and Place of Use. The Journal of the Korea 

Contents Association, 18(3), 124–137. 

https://doi.org/10.5392/JKCA.2018.18.03.124 

Hardie, B. G. S., Johnson, E. J., & Fader, P. S. (1993). Modeling Loss Aversion and 

Reference Dependence Effects on Brand Choice. Marketing Science, 12(4), 378–

394. 

Hess, S., Rose, J. M., & Hensher, D. A. (2008). Asymmetric preference formation in 

willingness to pay estimates in discrete choice models. Transportation Research 

Part E: Logistics and Transportation Review, 44(5), 847–863. 

https://doi.org/10.1016/j.tre.2007.06.002 

Hess, S., Stathopoulos, A., & Daly, A. (2012). Allowing for heterogeneous decision rules 

in discrete choice models: An approach and four case studies. Transportation, 39(3), 

565–591. https://doi.org/10.1007/s11116-011-9365-6 



60 

Hill, R. C., Griffiths, W. E., & Lim, G. C. (2017). Principles of Econometrics (4th ed.). In 

Jennifer Manias (Ed.), John Wiley & Sons,Inc (Vol. 91). George Hoffman. 

Hong, D., Kim, J., Chae, J., & Kim, Y. (2019). Report on broadcast media industry 

competition due to the rapid growth of OTT industry. 

Hong, J. C., Lin, P. H., & Hsieh, P. C. (2017). The effect of consumer innovativeness on 

perceived value and continuance intention to use smartwatch. Computers in Human 

Behavior, 67, 264–272. https://doi.org/10.1016/j.chb.2016.11.001 

IGA Works. (2021). Mobile Index Report. https://hd.mobileindex.com/report/?s=149 

Jeong, S. (2021). Collaboration being discussed with HBO·Apple and Amazon... SKT 

defends its “Top 1st telecom” title through subscription platform. Opinion News. 

https://www.opinionnews.co.kr/news/articleView.html?idxno=51959 

Kahneman, D., & Tversky, A. (1979). Prospect Theory: An Analysis of Decision under 

Risk. Econometrica, 47(2), 263–292. 

http://www.jstor.org/stable/1914185%5Cnhttp://www.jstor.org/%5Cnhttp://www.jst

or.org/action/showPublisher?publisherCode=econosoc.%5Cnhttp://www.jstor.org 

Kim, D., & Shin, J.(2017). The effect of consumer innovativeness on smartphone loyalty: 

A causal model. Information (Japan), 20(5), 3115–3122. 

Kim, J. (2019). Reference-Dependent Choice Model Based on Consistency and Context : 

Focusing on Consumers’ Different Preference Directions and Reference Points 

Shifting within a Random Utility Framework [Seoul National University]. 

https://primoapac01.hosted.exlibrisgroup.com/permalink/f/1l6eo7m/82SNU_INST2

1655495080002591 

Kim, J, Lee, H., & Lee, J. (2020a). Smartphone preferences and brand loyalty: A discrete 



61 

choice model reflecting the reference point and peer effect. Journal of Retailing and 

Consumer Services, 52(May 2019), 101907. 

https://doi.org/10.1016/j.jretconser.2019.101907 

Kim, J., Lee, J., & Ahn, J. (2016a). Reference-dependent preferences on smart phones in 

South Korea: Focusing on attributes with heterogeneous preference direction. 

Computers in Human Behavior, 64, 393–400. 

https://doi.org/10.1016/j.chb.2016.07.008 

Kim, J., Park, S. Y., & Lee, J. (2018). Do people really want renewable energy? Who 

wants renewable energy?: Discrete choice model of reference-dependent preference 

in South Korea. Energy Policy, 120(September 2017), 761–770. 

https://doi.org/10.1016/j.enpol.2018.04.062 

Kim, J., Seung, H., Lee, J., & Ahn, J. (2020b). Asymmetric preference and loss aversion 

for electric vehicles: The reference-dependent choice model capturing different 

preference directions. Energy Economics, 86, 104666. 

https://doi.org/10.1016/j.eneco.2020.104666 

Kim, J., Kim, S., & Nam, C. (2016b). Competitive dynamics in the Korean video 

platform market: Traditional pay TV platforms vs. OTT platforms. Telematics and 

Informatics, 33(2), 711–721. https://doi.org/10.1016/j.tele.2015.06.014 

Kim, S. (2014). User Acceptance of Smartphones in Korea: A Focus on TAM 

Technology. International Information Institute (Tokyo), 17(10(B)), 5091–5096. 

Kim, S., Lee, C., Lee, J., & Kim, J. (2021). Over-the-top bundled services in the Korean 

broadcasting and telecommunications market: Consumer preference analysis using a 

mixed logit model. Telematics and Informatics, 61(March), 101599. 



62 

https://doi.org/10.1016/j.tele.2021.101599 

Klingler, A. L. (2017). Self-consumption with PV + Battery systems: A market diffusion 

model considering individual consumer behaviour and preferences. Applied Energy, 

205(August), 1560–1570. https://doi.org/10.1016/j.apenergy.2017.08.159 

Korea Communications Commission. (2019). 2019 Broadcast media usage survey. (in 

Korean https://kcc.go.kr/download.do?fileSeq=4772 

Krey, N., Chuah, S. H. W., Ramayah, T., & Rauschnabel, P. A. (2019). How functional 

and emotional ads drive smartwatch adoption: The moderating role of consumer 

innovativeness and extraversion. Internet Research, 29(3), 578–602. 

https://doi.org/10.1108/IntR-12-2017-0534 

Lee, S. (2020). Analysis on OTT Usage According to Pay-TV Subscription Type. In 

KISDI STAT Report (Vol. 20, Issue 11). 

Maeng, K., Kim, J., & Shin, J. (2020). Demand forecasting for the 5G service market 

considering consumer preference and purchase delay behavior. Telematics and 

Informatics, 47(June 2019), 101327. https://doi.org/10.1016/j.tele.2019.101327 

Mao, B., Ao, C., Wang, J., & Xu, L. (2019). The Importance of Loss Aversion in Public 

Preferences for Wetland Management Policies: Evidence from a Choice Experiment 

with Reference-Dependent Discrete Choice Model. Wetlands, 40(3), 599–608. 

https://doi.org/10.1007/s13157-019-01195-2 

Masiero, L., & Hensher, D. A. (2010). Analyzing loss aversion and diminishing 

sensitivity in a freight transport stated choice experiment. Transportation Research 

Part A: Policy and Practice, 44(5), 349–358. 

https://doi.org/10.1016/j.tra.2010.03.006 



63 

Mayo, B. (2021). Report: Apple in talks with SK Telecom to distribute Apple TV+ 

content in Korea. 9TO5Mac. https://9to5mac.com/2021/04/01/apple-tv-plus-sk-

telecom-report/ 

Nam, Y., Lee, H., & Jun, J. (2019). The influence of pre-roll advertising VOD via IPTV 

and mobile TV on consumers in Korea. International Journal of Advertising, 38(6), 

867–885. https://doi.org/10.1080/02650487.2019.1637613 

Nielsen Korea. (2020). 2020 Media Report - Media Consumption Changes due to the 

Changes in Life Style and Technology Environment. (2020). 

Palmer, R. (2020). Disney in Negotiations to Launch Disney+ in South Korea & Taiwan. 

What’s on Disney Plus. https://whatsondisneyplus.com/disney-in-negotiations-to-

launch-disney-in-south-korea-taiwan/ 

Park, E. (2018). Business Strategies of Korean TV Players in the Age of Over-The-Top 

(OTT) Video Service. International Journal of Communication, 12, 4646–4667. 

Park, S., Kang, S., & Zo, H. (2016). Analysis of influencing factors on the IPTV 

subscription: Focused on the moderation role of user perceived video quality. 

Information Technology and People, 29(2), 419–443. https://doi.org/10.1108/ITP-

05-2014-0100 

Phelps, RH and Shanten, J. (1978). Livestock judges: how much information can an 

expert use?. Organizational Behavior and Human Performance, 21, 209–19. 

Roehrich, G. (2004). Consumer innovativeness - Concepts and measurements. Journal of 

Business Research, 57(6), 671–677. https://doi.org/10.1016/S0148-2963(02)00311-9 

Rogers, E. M. (1962). Diffusion of Innovations (the first edition). Free Press. 

Schwab, K. (2017). The Fourth Industrial Revolution. Logistics and Transport Focu, 



64 

19(2), 40. www.ciltuk.org.uk 

Shin, J., Park, Y., & Lee, D. (2016). Strategic management of over-the-top services: 

Focusing on Korean consumer adoption behavior. Technological Forecasting and 

Social Change, 112, 329–337. https://doi.org/10.1016/j.techfore.2016.08.004 

Shon, M. (2020). Crafting Over The Top ( OTT ) platforms strategies in the perspective 

of industry efficiency and consumer convenience. In Seoul National University. 

Tefertiller, A. (2018). Media Substitution in Cable Cord-Cutting: The Adoption of Web-

Streaming Television. Journal of Broadcasting and Electronic Media, 62(3), 390–

407. https://doi.org/10.1080/08838151.2018.1451868 

Train, K. E. (2009). Discrete Choice Methods with Simulation. Cambridge University 

Press. 

Tversky, A., & Kahneman, D. (1991). Loss Aversion in Riskless Choice : A Reference-

Dependent Model. The Quarterly Journal of Economics, 106(4), 1039–1061. 

https://www.jstor.org/stable/2937956 

Tversky, A., & Kahneman, D. (1992). Advances in Prospect Theory: Cumulative 

Representation of Uncertainty. Journal of Risk and Uncertainty, 5, 297–323. 

Wang, P., Sun, L., Niraj, R., Chung, J., & Su, M. (2019). Incorporating reference 

products into modeling consumer choice decision: A mixtures-of-experts model. 

Decision Support Systems, 119(May 2018), 85–95. 

https://doi.org/10.1016/j.dss.2019.02.002 

Zhao, Y., & Bacao, F. (2021). How does the pandemic facilitate mobile payment? An 

investigation on users’ perspective under the COVID-19 pandemic. International 

Journal of Environmental Research and Public Health, 18(3), 1–22. 



65 

https://doi.org/10.3390/ijerph18031016 

Zhou, J. (2011). Reference dependence and market competition. Journal of Economics 

and Management Strategy, 20(4), 1073–1097. https://doi.org/10.1111/j.1530-

9134.2011.00309.x 

 

  



66 

Abstract (Korean) 

상이한 준거점 설정 기준을 가진 다수의 

이산선택모형 비교: 한국 OTT시장의 전략 

제시 관점으로 

 

디지털화 속도가 빨라지고 소비자들은 인터넷 기반 미디어에서 오락 

요소를 찾는 경향이 증가하게 되며 OTT 시장의 경쟁은 그 어느 때 보다 

치열한 상황이다. 따라서 효과적인 마케팅 전략을 수립하기 위해서는 

소비자의 구매 의도에 영향을 미치는 요인을 이해하는 것이 중요하다. 본 

연구에서는 이산 선택 모형을 활용하여 서비스 속성이 소비자 결정에 미치는 

영향과 소비자의 가치평가에 영향을 미치는 요인을 탐색하였다. 분석에 

따르면 행동경제학을 기반으로 한 준거의존 선택모형은 기존 선택모형에 

비해 큰 모형 설명력의 향상을 가져오지 못하는 것을 관찰하였다. 소비자 

특성에 대한 계층적 베이지안 분석은 인구통계적 특성과 소비자 혁신성 

수준에 따라 수행되었으며 이를 통해 소비자 선호구조와 개인별 특성이 

가지는 연관성을 탐색하였다. 또한 시나리오 분석을 수행함으로써 콘텐츠 
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다양성, 독점 콘텐츠, 스마트 TV 호환성 등 비 가격 요인의 중요성을 

실증적으로 관찰하였다. 본 연구의 결과는 한국 OTT 제공 업체가 공격적인 

가격정책을 펼치기 보다 소비자 경험을 향상시킬 수 있도록 다양한 서비스 

기능들에 집중할 것을 제시하다. 또한 행동경제학을 기반으로 한 준거의존 

선택모형은 이전 연구들과는 달리 기존 선택모형보다 항상 우월한 결과를 

가져오지 않는 것이 관찰되었고, 이는 연구분석을 진행하기 앞서 해당 산업, 

또는 시장의 특성, 생애주기 등을 우선적으로 파악하고 그에 맞는 접근 

방식을 사용해야 함을 촉구하였다. 

주요어 : 이산선택모형, 전망이론, OTT, 기술혁신 

학  번 : 2019-26981 
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