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Abstract

Building an Innovation Discontinuance Model: The Case of Twitter

Yee Man Ng, PhD

The University of Texas at Austin, 2018

Supervisor: Hsiang Iris Chyi

This dissertation seeks to extend Everett Rogers’s Diffusion of Innovations theory
by examining social media users’ post-adoption behavior.

Despite the rapid growth of social networking sites (SNSs), the rate of user
discontinuance is staggering. Keeping users active and engaged has always been a crucial
issue for SNSs. Prior diffusion research has largely focused on innovation adoption,
whereas innovation discontinuance is overlooked. However, innovation discontinuance is
a vital facet of the diffusion process. In the real world, only a few innovations become
institutionalized while most end up being fads that most users discontinue quickly.

While early studies approached discontinuance as a one-time, complete
abandonment of an innovation, this study extends the concept by examining two types of
discontinuance: intermittent and permanent. Intermittent discontinuers are users who
leave an innovation for a break but resume the use at a later time; permanent
discontinuers are those who have no intentions to return. This study takes a mixed-
methods approach—combining a user survey with computational analyses of “big data”

vii



drawn from Twitter—to explore the differences between intermittent and permanent
discontinuers in three dimensions: (1) their distinctive characteristics (demographic,
behavioral, and psychographic), (2) reasons for discontinuance, and (3) decision
processes. The concept of intermittent discontinuance leads to the development of a new
post-adoption decision-making model, which accounts for discontinuers’ planned and
unplanned readoption behavior. This cyclical, multi-stage model also provides a
systematic framework to compare the behavior and cognitive reasoning between
intermittent and permanent discontinuers at each phase of the post-adoption cycle.

While prior studies employed both qualitative and quantitative research methods
to examine discontinuance, few came up with clear and reliable ways to measure the
timeframe of discontinuance and users’ reasons for discontinuance. To address the
arbitrariness of determining what length of inactivity constitutes intermittent and
permanent discontinuance, this study introduces a mathematical approach based on an
innovation’s life cycle and its user base. To examine users’ reasons for discontinuance,
this study refines and expands Rogers and Shoemaker’s replacement-disenchantment
typology—by factors and by discontinuance typologies.

While Rogers conceptualized the innovation-diffusion process as an uncertainty
reduction process, this study suggests that post-adoption decision-making process is a
disturbance-coping mechanism—a temporal settlement of the constant interplay between
an innovation’s utilitarian performance and social media exhaustion. Intermittent
discontinuance usually occurs due to information overloads. Permanent discontinuance

tends to occur due to perceived innovation shortcomings and innovation replacement.
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This dissertation provides theoretical insights into the temporal instability of an
innovation, and why and how an innovation is discarded or discredited. The findings
contribute to an adequate comprehension of the entire innovation diffusion process,
which also helps SNS providers develop tailor-made retention solutions to re-engage

SNS users.
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INTRODUCTION

Chapter 1: Social Media Use Discontinuance

In recent years, there has been a proliferation of social networking sites (SNSs) that allow
people to interact in online space. However, not all SNS providers have managed to retain the
interest of their users for long. For example, once-successful platforms like Friendster and
Myspace lost members after a relatively short period of time. Even the SNS giant Facebook is
not immune to the threat of membership loss, as it is facing a decline in teenage users (Olson,
2013). A survey conducted by the Pew Research Center revealed that 61% of Facebook users in
the United States took extended, weeks-long breaks from Facebook, and about 20% quit
permanently (Rainie, Smith, & Duggan, 2013). Social media fatigue and privacy concerns have
garnered substantial attention as some of the reasons leading to SNS discontinuance (e.g., Maier,
Laumer, Eckhardt, & Weitzel, 2015; York & Turcotte, 2015; Zhang, Zhao, Lu, & Yang, 2015),
also known as churning (Kim, Choi, Lee, & Rhee, 2017). Those fatigue and concerns have
prompted some opinion leaders to advocate taking a social media vacation or “cleanse”—time
away from SNSs (e.g., Aiisha, 2016; Bievens, 2017).

The sustainability of a SNS depends not only on people joining, but also on people
staying and contributing. Even if a SNS rapidly gains its user base, it has a retention problem if it
cannot keep its acquired users active (e.g., Ahn, Han, & Lee, 2006; Kim, & Yoon, 2004). SNS
discontinuance is not uncommon. For instance, while Twitter has reported membership growth
every year, a considerable number of user accounts have shown prolonged inactivity. Liu,
Kliman-Silver, and Mislove (2014) observed that up to one-third of all Twitter accounts were
inactive at the end of 2013. Similarly, Fu and Chau (2013) found that 57.4% of accounts at Sina

Weibo, a popular Chinese microblogging site, had no content on their timelines. Such staggering



statistics call for more research on what SNS users do after the adoption (i.e., post-adoption

behavior).

THEORETICAL ARGUMENT
Everett Rogers’s diffusion of innovations theory (1962) has been employed frequently

in previous research on adoption behavior. The theory seeks to explain how, why, and at what
rate people adopt innovations (i.e., new ideas and technologies). However, innovation adoption
is not necessarily the end of the process: An innovation may be discarded at any time after
adoption. With the growing number of SNSs, it is not uncommon that users opt out of a digital
platform or switch from one platform to another. Rogers (2003) used the term discontinuance to
refer to the decision to drop an innovation after it has been adopted. Nevertheless, the diffusion
of innovations theory focuses on the adoption process, while examination on the innovation post-
adoption behavior is lacking. The emphasis on adoption research is not surprising as the theory
was developed during a time of economic and technological growth and reflected an interest in
new practices and ideas (Newell, Genschel, & Zhang, 2014). In the real world, however, only a
few innovations actually become institutionalized while most end up being fads (Strang & Macy,
2001). If researchers understand discontinuance and its relation to diffusion, they may be able to
develop theoretical insights into the temporal instability of an innovation, and why and how an
innovation is discarded or discredited. Subsequently, researchers may gain an adequate
comprehension of the entire innovation diffusion process (Abraham & Hayward, 1984; Leuthold,
1967).

Applying the diffusion of innovations theory, this dissertation aims to enrich the literature

on SNS discontinuance and users’ post-adoption behavior. Given the prevalent practice of taking



short-term breaks from SNSs, this study attempts to extend the concept of discontinuance to
intermittent and permanent discontinuance. Subsequently, this study explores and compares the
differences between intermittent and permanent discontinuers in three dimensions— (1) their
distinctive characteristics (demographic, behavioral, and psychographic), (2) reasons for
discontinuance, and (3) post-adoption decision processes. The innovation-decision process itself
generally has been presented as a sequence of stages; this study aims to develop a similar stage-
by-stage post-adoption decision-making model, but in cyclic structure that involves six phrases:
pre-evaluation, evaluation, preparation, action, post-action, and relapse over time. Also, Rogers
and Shoemaker’s (1971) replacement-disenchantment typology is critically evaluated. The
typology generalizes the reasons for innovation discontinuance to replacement discontinuance
(i.e., an innovation is rejected because a better innovation replaces it) and disenchantment
discontinuance (i.e., an innovation is abandoned because the adopter is dissatisfied with its
performance). This study suggests a more comprehensive and rigorous categorization of reasons
for discontinuance, by factors (i.e., user-, context-, relationship-, function-, and content-related
factors) as well as by discontinuance typologies (i.e., disenchantment, replacement, completion,

and indifferent discontinuance).

REASONS FOR STUDYING SOCIAL MEDIA DISCONTINUANCE

One interesting aspect of SNSs is that users can have multiple accounts on different
platforms at the same time. A survey conducted by the Pew Research Center in 2018 estimated
that, in general, the average American uses three SNS platforms. For instance, roughly three-
quarter of Twitter (73%) and Snapchat (77%) users indicate that they also use Instagram (Smith

& Anderson, 2018). Yet, while users may have multiple SNS options, they have limited time and



cognitive energy to engage with all these accounts (Arrese & Albarran, 2003). Therefore, they
have to decide how much time to spend and how active they get involved in one site over
another. This becomes an issue for an incumbent SNS as the rise of alternative sites may shift
focus on the alternatives. Parthasarathy (1995) believed that people may abandon innovations
that can easily be substituted by another innovation because they become obsolete. As SNSs do
not require financial switching costs that often incurs as a result of changing brands or products
(Park, 2014), discontinuance is more likely to happen when the incumbent SNS is not as good as
the alternative sites.

Following this further, when users leave or limit their use of a SNS, they not only affect
themselves but also those who connect with them on the platform. Research has suggested that
social factors play a key role in technology adoption as they help reduce uncertainties toward
innovations (Rice, 2009; Rogers, 2003). These social factors could also apply to the
discontinuance behavior. Parthasarathy (1995) found that individuals who stop using an
innovation due to dissatisfaction are more likely to disparage the product to other adopters.
Negative interpersonal influence of discontinuers is generally stronger than their positive
influence (Oliver, 1997). Therefore, once users discontinue their use of a SNS, other users may

be aware of the decision and follow suit, creating a cascade effect.

THE IMPORTANCE IN PREDICTING SOCIAL MEDIA DISCONTINUANCE

Even if a SNS has attracted a huge number of users, only active users make major
contributions to the sustainability of the site. The proportion of active users in the user base is an
important measure of healthy SNS development (Valenzuela, Park, & Kee, 2009). Jarvenpaa,

Knoll, and Leidner (1998) argued that if an online community experiences low participation,



poor content, unorganized contributions, and transient memberships, the community would not
be able to sustain for long. Hence, it is important for SNS providers to monitor users’ activities
and engagement levels.

While SNSs can easily identify an inactive user, it is hard for them to define which users
are discontinuers. In telecommunication or newspaper industries, their businesses are usually
based on subscription models. A discontinuer can be clearly defined when the subscriber
terminates the service (Kim et al., 2017). In contrast, SNSs are widely based on freemium
models (Owyang, 2012). Users could leave platforms for a few months or even years without
notifying anyone. As such, SNS providers can only rely on users’ activity levels to determine
whether a user account is dormant or not (Fader & Hardie, 2007). However, by the time a user is
confirmed as a definite discontinuer, the SN'S may have already lost that user. This fact
motivates researchers and SNS providers to explore factors that could predict user
discontinuance and, subsequently, identify potential discontinuers in advance. Discontinuance
prediction allows businesses to plan for timely retention strategies to keep their users, and thus,
maintain a profitable business.

Early discontinuance prediction research has been conducted in a variety of commercial
fields such as banking (e.g., Anil Kumar & Ravi, 2008; Xie, Li, Ngai, & Ying, 2009), mobile
telecommunicatios (e.g., Ahn et al., 2006; Kim & Yoon, 2004), gaming (e.g., Kawale, Pal, &
Srivastava, 2009; Kim et al., 2017), and online communities, such as Yahoo! Answers (Dror,
Pelleg, Rokhlenko, & Szpektor, 2012). In each field, discontinuance prediction has evolved in
accordance with the industry development. Specifically, the cost of acquiring new users is five to
seven times higher than the cost of keeping existing customers. Therefore, SNS providers are

also advised to focus on user retention and user engagement (Khalifa & Liu, 2007). Identifying



SNS discontinuers at an early stage helps ensure timely delivery of retention solutions and
recapture users’ attention. Likewise, knowing why users abandon certain SNSs can provide
insights into platforms’ technological shortcomings, and ultimately, leading to the creation of
higher-quality digital platforms (York & Turcotte, 2015).

Besides these managerial implications, user discontinuance prediction is also of great
theoretical importance. Existing studies on SNSs mainly focus on static descriptions and
explanations of what has already happened, such as user motivation and intention to use SNSs
(e.g., Chen, 2015; Java, Song, Finin, & Tseng, 2007; Raacke & Bonds-Raacke, 2008). To
complement existing literature on SNSs, this study seeks to explore factors (also known as
features in the field of data science) that predict Twitter users’ future behavior and the possibility

of discontinuance.

TWITTER AS THE CASE OF STUDY

This dissertation focuses on Twitter as the innovation to study.

Established in 2006, Twitter has received tremendous attention among media
practitioners and scholars. According to the Pew Research Center, 24% of online adults in the
United States use Twitter (Smith & Anderson, 2016). While its user base is considerably smaller
than Facebook’s (68% of online adults in the United States), Twitter arguably has a
disproportionate influence because many politicians, journalists, and celebrities utilize this
platform. On Twitter, users can publicly post messages (fweets) up to a limit of 280 characters'

to respond in real time to events happening around the world (Kwak, Lee, Park, & Moon, 2010).

1 In the hope that it will encourage more people to post, Twitter has doubled the number of characters to 280
characters per tweet since September 2017. Before the time, each tweet only allowed up to a limit of 140 characters.



Unlike the Facebook’s invitation-only format, Twitter users can follow other users and read their
tweets without the need for approval (Park & Kaye, 2017), thereby, constructing a directed
network among them. Moreover, a user can propagate tweets of others to his or her followers
using a function called retweet, which results in information diffusion (Kawamoto, 2013).
Therefore, in addition to interpersonal communication, Twitter is increasingly used as a strong
medium for opinion expression and rapidly changes the way how audience gathers information
(Newman, 2009). Televised sporting events such as the Olympic Games, or entertainment events
such as the Academy Awards ceremony, cause massive real-time spikes in global Twitter
activity; disasters such as Hurricane Harvey, and tragedies such as the Las Vegas shooting, show
instantaneous aftereffects on the platform, as users search for information and report their
experiences, often as the incidents are unfolding. This dynamic makes Twitter seemingly
irresistible to the mass media. As such, Bruns and Burgess (2012) claimed that Twitter is the
most prominent example of a recent shift in SNSs, saying “Twitter is both a social networking
site and an information stream” (p. 803). Similarly, Highfield, Harrington, and Bruns (2013)
observed that Twitter has deeply embedded in the media ecology and served as an “unofficial
extension” of traditional media (p. 381).

Since its early years, however, Twitter has been struggling to re-engage inactive users. In
2009, research analyst firm Nielsen Online (2009) reported that the number of Twitter quitters
outnumbered those who stayed, claiming that approximately 60% of Twitter users quit the
platform within the first month of joining in. Likewise, Page (2014) found that there are more
than a billion dormant Twitter accounts. Also, a report from Survey Monkey Intelligence showed
that Twitter’s discontinuance rate is almost 10 times higher than Facebook’s (Allan, 2016). Verto

Analytics, an American media analytics company, also reported similar results—Twitter suffered



from a churn rate of about 25%, losing nearly a quarter of its user base between quarter 3 and
quarter 4 in 2016 (Hwong, 2017). In 2017, Twitter officially reported a decline in its monthly
user base in the United States from 70 million in Q1 to 68 million in Q2 2017. Its global user
base stayed stagnant at 328 million users (Trefis, 2017). Therefore, keeping users active and
engaged has always been a crucial issue for Twitter.

Given its high publicity, far-reaching impact, but low retention rate, Twitter as a platform
affords researchers a unique opportunity to explore its users’ post-adoption behavior. Therefore,
this study examines the characteristics of Twitter discontinuers, the reasons for their

discontinuance, and their decision-making processes of discontinuance.

AN INTERDISCIPLINARY, MIXED-METHODS APPROACH—SURVEY AND MACHINE LEARNING
This study examines and compares discontinuers’ characteristics, their post-adoption
decision-making processes as well as their reasons for dropping an innovation. To gain a
comprehensive understanding of Twitter use discontinuance, this study utilizes a mixed-methods
approach combining a computational analysis of the “big data” drawn from Twitter (Study 1, N =
28,404 Twitter accounts) with a Twitter user survey (Study 2, N =419 respondents). The
complementary analytic approach affords a thorough understanding—with explanation,
interpretation, and prediction—of Twitter use discontinuance behavior. Specifically, this study
used computational analysis to determine a timeframe that defines whether a Twitter user is a
continuing adopter, an intermittent discontinuer, or a permanent discontinuer. The benchmark
was then used to draft questionnaire questions about Twitter use in the user survey. To
investigate distinctive characteristics between intermittent discontinuers and permanent

discontinuers, both computational analysis and user survey were employed.



ORGANIZATION

To summarize, this dissertation adopts an interdisciplinary, mixed-methods approach—
combining survey and computational methods—to generate a holistic portrayal of Twitter use
discontinuance. The purpose of this dissertation is four-fold: (1) To understand different types of
discontinuance (intermittent discontinuance and permanent discontinuance) observed among
Twitter users; (2) to investigate differences between intermittent discontinuers and permanent
discontinuers, in terms of their distinctive characteristics (demographic, behavioral, and
psychographic), reasons for discontinuance, and discontinuance processes; (3) to propose a new
theoretical post-adoption decision-making model; and (4) to build a Twitter use discontinuance
prediction model.

Chapter 2 provides theoretical foundation of this study: The diffusion of innovations
theory. It summarizes existing scholarship concerning the characteristics of adopters and
discontinuers and discusses the conceptual differences between intermittent and permanent
discontinuance. Chapter 3 reviews the reasons for discontinuance. Rogers and Shoemaker’s
replacement-disenchantment typology and other discontinuance typologies, such as indifferent
discontinuance and completion discontinuance, are evaluated. Chapter 4 presents a new
theoretical post-adoption decision-making model. Chapter 5 discusses the strengths and
weaknesses of studying innovation discontinuance with a user survey and how to complement it
with the emerging “big data” analysis. This chapter also provides a methodological overview of
prior discontinuance studies. Chapter 6 describes the complementary analytic approach and the
procedures. It outlines the process of data collection and introduces the constructs and

measurements. Chapter 7 and Chapter 8 present the results from the computational analysis and



the user survey analysis, respectively. Chapter 9 discusses the findings and summarizes the
major contributions of this work. This chapter also suggests future directions that could build on

the methods proposed in this dissertation.
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THEORETICAL BACKGROUND

Chapter 2: Aspects of Adoption and Discontinuance

This chapter summarizes the existing scholarship concerning the characteristics of
adopters and discontinuers. It further discusses the conceptual differences between intermittent
and permanent discontinuance and criticizes the arbitrariness of determining what length of
inactivity constitutes intermittent and permanent discontinuance in the prior literature. Finally,
this chapter proposes a mathematical approach, based on an innovation’s own life cycle and its

user base, to generate the benchmark (i.e., the duration D of a break),

DEFINITION OF INNOVATION ADOPTION

In 1962, Everett Rogers began his groundbreaking work on the process of innovation
diffusion. Since then, Rogers’s diffusion of innovations theory has served as the framework for
thousands of studies on the adoption of technologies; specifically, how innovations spread within
and between communities. The theory has been applied in almost every discipline, from
anthropology to marketing, to general sociology (e.g., Dearing, 2009; Harting, Rutten, Rutten, &
Kremers, 2009).

Rogers (1983) defined an innovation as “an idea, practice, or object, that is perceived as
new by an individual or other unit of adoption” (p. 11). Further, he considered adoption to be an
individual decision “to make full use of an innovation as the best course of action available”
(p.21), and the phrase full use was interpreted by Parthasarathy (1995) as the conscious decision
to use an innovation; therefore, adopters are individuals who follow this conscious decision to

use an innovation.
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FIVE STAGES OF THE INNOVATION-DECISION PROCESS

According to Rogers (2003), the innovation-decision process refers to “an information-
seeking and information-processing activity, where an individual is motivated to reduce
uncertainty about the advantages and disadvantages of an innovation” (p. 172). This process
occurs in a time-ordered sequence of five stages: knowledge, persuasion, decision,
implementation, and confirmation (Figure 1). During the knowledge stage, potential adopters
become aware of the existence of an innovation through mass media messages and attempt to
determine “what the innovation is and how and why it works” (Rogers, 2003, p. 21). The second
stage, persuasion, occurs when individuals form positive or negative attitudes and beliefs
regarding the innovation, in reaction to knowledge gained in the previous stage. At the decision
stage, individuals choose to adopt or reject the innovation, which reflects the development of
behavioral intentions to implement the innovation. The implementation stage refers to the initial
trial period for the new technology, which references overt behavior. Finally, in the
confirmation stage, adopters seek reinforcement for the adoption decisions already made and
may revoke their adoption if they are exposed to conflicting messages regarding the innovation.
Thus, those same stages that end in continued adoption (retention) can also end in discontinuance

(rejection after initial adoption) (Ratts & Wood, 2011).

Knowledge (—>» Persuasion »  Decision Implementation »| Confirmation

Figure 1: Five Stages of the Innovation Decision Process. Adopted from Rogers (2003).
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DEFINITION OF INNOVATION DISCONTINUANCE

The term discontinuance was first introduced by Rogers (1995), referring to the action of
rejecting an innovation after adoption. Rogers emphasized that for discontinuance to occur, a
discontinuer must have previously adopted and used an innovation, so that, could later make a
conscious decision to stop using an innovation (Parthasarathy, 1995). Discontinuance is
perceived as an indication that an innovation has not been fully adopted as a standard practice for
an individual or organization. It is also perceived as a failure to reduce uncertainty about the
expected consequences of the innovation at the implementation stage (Rogers, 2003).

Although innovation diffusion has attracted voluminous attention from different
disciplines, innovation discontinuance has, thus far, received relatively little systematic research.
Rogers (1995) observed: “Perhaps owing to the pro-innovation bias that pervades much diffusion
inquiry..., investigation of rejection behavior of all kinds has not received much scientific
attention.” (p.172). This imbalanced concentration on adoption does not demonstrate an adequate
comprehension of the entire innovation diffusion process. While an innovation may appear to
have a continuous growth in new adopters, unnoticed user discontinuance may also happen.

Some scholars have acknowledged the importance of studying discontinuance. They have
argued that an understanding of the conceptual meaning of discontinuance and its relation to
diffusion is pivotal to the development of the entire innovation diffusion process (Abraham &
Hayward, 1984; Leuthold, 1967). For instance, in Leuthold’s study (1967) of farm innovations
among Wisconsin farmers, he found that the number of innovation discontinuers was roughly
approximate to the number of new adopters in any given year. He concluded that the success of a
technology depends on both of its rate of adoption and its degree to which current users continue

or stop using the technology. Thus, Leuthold argued that absence of both continuance and
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discontinuance measures of an innovation obscures the portrayal of the overall impact of an
innovation. Likewise, Black (1983) postulated that diffusion is dynamic in nature, with users
who “are continually entering and leaving the [diffusion] process” (p.358). Hence, neglecting the
discontinuance process of adopters would create an incomplete picture for innovation diffusion.
Several early studies presented a general approach for studying how a practice is
discontinued. In 1965, DeFleur studied the discontinuance of four mass media (i.e., newspapers,
films, radio, and TV), calling for a “curve of abandonment” for “once-institutionalized behavior
forms that are dropped from a social or cultural system by a given group or society” (p. 318).
Rogers (1995) proposed the theoretical path of discontinuance as a reverse S-curve, which is
opposite to the typical S-shaped curve illustrating innovation adoption (Terlaak, Gong, & Kim,
2008). While both S-shaped curves illustrate the cumulative number of adopters of an innovation
over time within a social system, a typical diffusion curve shows a slow adoption by only a few
users, followed by a steep increase in uptake before the curve flattens again as the few remaining
individuals finally adopt. In contrast, the reverse S-curve illustrates the decline in usage—starts
out slowly, picks up speed, then slows as the continued usage approaches the point of extinction
(Figure 2). Rogers, Chapman, and Giotsas (2012) further explained that the decline phase
(discontinuance) begins “when continuous investment is no longer sensible as there has been a

failure to progress to the natural growth phase” (p. 122).
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Figure 2: Traditional S-Curve for the Diffusion of Innovations theory (Left) & Theoretical
Discontinuance Curve (Right). Adopted from Rogers (2003).

Although diffusion curves tend to be S-shaped, variance lies in the slope of the S-curves.
While new innovations that diffuse rapidly create steeper S-curves, some innovations have a
more gradual slope for their slower rate of adoption or discontinuance (Peshin & Dhawan, 2009).
The rate of innovation diffusion is largely affected by adopters’ and innovations’ characteristics.

This study, specifically, examines how users’ characteristics affect the rate of innovation

diffusion.

ADOPTER CATEGORIES

The diffusion rate has been an important research area to sociologists and advertisers.
According to the diffusion of innovations theory, individuals in a society system do not adopt an
innovation at the same time. Rather, they adopt an innovation at different time points during the
innovation diffusion process. Rogers (1983) identified five distinct categories of adopters (i.e.,

innovators, early adopters, early majority, late majority, and laggards) according to the
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development of a typical S-shaped curve (Figure 3). Within the “lag” time between introduction
and saturation, the S-shaped curve predicts a slow period of growth (i.e., introduction), then a
fast rate of progression (i.e., adoption), followed by a plateauing (i.e., saturation) (Dearing,

2009).
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Figure 3: S-curve for the Diffusion of Innovations Theory and the Adopter Categorization.

Innovators constitute the first 2.5% of the adoption groups and rarely face immediate
mimicking because of how far ahead this group is in relation to others (Abrahamson &
Rosenkopf, 1993; Rogers & Shoemaker, 1971). Early adopters (13.5%) use significant
interpersonal communication with members in similar organizations (i.e., a social system) to find
out about new ideas. Typically, early adopters are opinion leaders within a social system and can
help increase the rate of adoption (Rogers, 2003). When a critical mass of early adopters is

established, the process of technology diffusion becomes “self-sustaining” (Rogers, 1995, p.
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314) and exhibits a snow-ball effect. The process of diffusion spills over from early adopters to
the early majority. Early majority adopters (34%) interact with peers and move slowly to
adopt, preferably after watching earlier users gain success. In comparison, late majority
adopters (34%) face peer pressure to adopt. Laggards (16%) are the last group to adopt an
innovation. Laggards hold traditional views, and they are more skeptical about innovations and
change agents than the late majority. Thus, laggards tend to decide after looking at whether other
members of their social system successfully adopted the innovation. Rogers (2003) also argued
that “the individuals or other units in a system, who most need the benefits of a new idea (the

less educated, less wealthy), are generally the last to adopt an innovation” (p. 295).

ADOPTER AND DISCONTINUER CHARACTERISTICS

Characterizing different groups of adopters helps target potential users for new
innovations (Kotler & Zaltman, 1976; Im & Ha, 2012), predict the growth of innovations
(Vijayasarathy, 2004), and develop marketing strategies (De Marez, Vyncke, Berte, Schuurman,
& De Moor, 2007; Engel, Blackwell, & Miniard, 1986). Researchers have endeavored to
establish the profiles and behavioral characteristics of earlier adopters versus later adopters
(Agarwal, Ahuja, Carter, & Gans, 1998; Dee Dickerson & Gentry, 1983; Martinez, Polo, &
Flavian, 1998), since Rogers (1962) first argued for the pivotal influence of earlier adopters in
determining both the rate and volume of innovation uptake. However, very few empirical studies
have examined the characteristics of discontinuers and how these characteristics affect the rate of
innovation discontinuance. While businesses are developing retention strategies to keep their
users, a homogeneous retention strategy may not work for all discontinuers. A thorough study on

discontinuers’ characteristics helps SNS providers to identify distinctive segments among
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discontinuers and develops more effective retention solutions.

This study categorizes individual profiles via demographic, psychographic, and
behavioral characteristics. These are characteristics that have proven to have major influences on
adoption decisions. Some of them have preliminary proven to be important determinants of
discontinuance decisions as well.

Demographic Characteristics

Besides dividing adopters into five categories, Rogers (2003) and Parthasarathy and
Bhattacherjee (1998) offered a theoretical and empirical distinction between earlier adopters and
later adopters, based on their time of adoption within their social systems. Considerable research
lends support to the idea that earlier adopters, when compared to later adopters, are better
educated, typically younger (Robertson, Zielinski, & Ward, 1984; Vishwanath & Barnett, 2011),
and have more upward social mobility and social status (Chatzoglou & Vraimaki, 2010).
Conversely, Rogers (2013) characterized discontinuers “sharing” similar features as laggards or
later adopters. They are less educated, less cosmopolitan, and have less contact with change
agents with fewer financial resources. However, counter to Rogers’s predictions, York and
Turcotte (2014) found that socioeconomic status and geographical location explain little of the
variation in Facebook discontinuance behavior. While York and Turcotte focused on Facebook,
this study references similar demographic characteristics with respect to Twitter use
discontinuance.

Behavioral Characteristics
In addition to demographic differences among adopters, individuals in different adopter

categories have diverse communication behaviors. In this study, behavioral characteristics
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include sources of influence, rate of adoption and discontinuance, and motivations for
discontinuance.
Sources of influence

Innovation adoption is a social process. Previous research has found that the decision to
adopt an innovation largely relies on other adopters in a communication network. In other words,
the use of an innovation is largely determined by social consensus (Markus, 1994).

Prior to adopting the innovation, individuals are uncertain about the benefits an
innovation will provide. As a result, a potential adopter seeks additional information about the
value of the innovation. Research lends support to the notion that earlier adopters are generally
known as opinion leaders who drive the rate of the spread of an innovation. They are respected
by their peers and become an individual to check with before adopting an innovation (Rogers,
2003). These earlier adopters (i.e., the critical mass) trigger the masses by communicating their
adoption to other people and decrease the uncertainty of a new idea by networking and role
modeling (Rogers, 2003). Feedback from earlier adopters largely determines the rate of
innovation adoption.

In contrast, many studies have argued that innovation discontinuance is an individual
process, driven by personal preferences (Burns & Wholey 1993; Greve, 2011; Terlaak & Gong
2008). Terlaak and Gong (2008) explained that innovation discontinuance occurs after
individuals have a direct personal experience with the innovation; thus, individuals can make
their own decisions to abandon an innovation without relying on others’ information.

This study examines whether the decision to discontinuance using Twitter is a social

process or individual process.
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Rate of adoption and discontinuance

Besides the rate of adoption discussed earlier, the rate of discontinuance is also different
between earlier adopters and later adopters. Leuthold (1967) found that later adopters are more
likely to discontinue using an innovation than earlier adopters. Similarly, Bishop and Coghenour
(1964) found that the rate of discontinuance for Ohio farmers ranged from 14% for the earliest
adopters (innovators) to 40% for the laggards. To explain this phenomenon, Parthasarathy and
Bhattacherjee (1998) rationalized that earlier adopters have more realistic expectations of
innovations because their initial adoption decisions are “based on a rational assessment of the
service’s costs and benefits” (p. 365). In contrast, later adopters may have unrealistically high
expectations of innovations as their expectations are usually based on opinions from their
interpersonal sources, such as friends and peers, rather than their own rational decisions.
Additionally, later adopters generally lack technological and cognitive skills to utilize the service
extensively, and thus, are more prone to discontinuance (Parthasarathy & Bhattacherjeem, 1998;
Rogers, 1995). As a result, a later adopter is believed to be more likely to have a slower rate of
adoption, but a faster rate of discontinuance.
Motivations for discontinuance

Previous research has also studied the categories of adopters and their reasons for
discontinuance. Lemon and Winer (1995) suggested that reasons for abandoning a service are
different between earlier adopters and later adopters. Parthasarathy and Bhattacherjee (1998)
found that when earlier adopters choose to discontinue, their discontinuance are due to
replacement—the availability of a superior alternative. Indeed, earlier adopters’ psychographic
characteristics, such as technological and independent judgment-making ability, help them to

rationally compare alternative services (Parthasarathy & Bhattacherjee, 1998; Rogers, 1995).
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Hence, earlier adopters’ decisions to discontinue using a technology are contingent on locating a
superior alternative innovation. Conversely, when later adopters discontinue, as discussed above,
it is more likely due to disenchantment. Therefore, it is believed that individuals of different
adopter categories have distinct motivations for Twitter use discontinuance.
Psychographic Characteristics

Psychographic characteristics pertain to individuals’ values, attitudes, and personalities.
These characteristics influence individuals’ propensity to adopt or discontinue an innovation.
Perceptions of innovation

Apart from demographic and behavioral characteristics, various technological adoption
models have investigated users’ perceptions toward an innovation’s features, functions, and
capabilities. Rogers (2003) identified a complex set of five perceived attributes of technologies
that influence individuals’ adoption decisions. Those perceived attributes are: (1) the relative
advantage of the technology over preceding technologies; (2) its compatibility with other
technologies; (3) the complexity in learning to use the technology; (4) the perceived ability to
vicariously observe its consumption; and (5) the ability to test the technology on a limited basis.
On the other hand, Davis’s (1989) Technology Acceptance Model (TAM) studies how users
adopt and use an innovation with a more parsimonious approach, focusing on the impact of two
antecedent variables: perceived usefulness and perceived ease of use. Perceived usefulness is
defined as a subjective evaluation of an innovation’s utility in achieving users’ goals. The
perceived usefulness in is highly comparable to the relative advantage variable from diffusion
theory. Perceived ease of use describes the degree to which an innovation is perceived as being
simple to understand and use (Davis, 1989). This variable could be considered the corollary to

the complexity concept from diffusion theory. Intuitively, users with high levels of perceived
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usefulness and perceived ease of use have a higher intention to continue using an innovation,
whereas users with low levels of these two measures may have a higher intention to discontinue
use (Bhattacherjee, 2001). A study by Parthasarathy and Bhattacherjee (1998) indicated that
perceived usefulness is a significant predictor of discontinuance behavior. They argued that
customer support programs help adopters to get a better understanding about a new service’s
utility. This in turn increases adopters’ perceived usefulness toward the service, thereby,
decreasing the chance of discontinuance. However, they did not find perceived ease of use as a
significant predictor of discontinuance. This study examines if perceived usefulness and
perceived ease of use play a role in Twitter use discontinuance.
Personal innovativeness

Innovativeness has been a key determinant of innovation adoption across many
disciplines (e.g., Agarwal & Prasad, 1998; Cowart, Fox, & Wilson, 2008). The aforementioned
Rogers’s (2003) five adopter categories (i.e., innovators, early adopters, early majority, late
majority, and laggards) are largely based on personal innovativeness. Van Braak (2001)
described innovativeness as “a relatively-stable, socially constructed, innovation-dependent
characteristic that indicates an individual’s willingness to change his or her familiar practices”
(p. 144). Prior research has also examined the relationship between innovativeness and
discontinuance. While Leuthold (1967) and Jorissen (1969) found that the trait of innovativeness
is inversely associated with the rate of discontinuance, Cho (2008) showed that discontinuers’
innovativeness does not differ from continuing adopters’ with respect to Intranet use. This study

further examines if users’ innovativeness predicts Twitter use discontinuance.
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Independent judgment-making

Independent judgment-making is also a critical factor related to adoption. Midgley and
Dowling (1978) defined independent judgment-making ability as “the degree to which an
individual is receptive to new ideas and makes innovation decisions independently of the
communicated experiences of other” (p. 236). In other words, individuals who make independent
judgments are more confident in making adoption decisions and less influenced by others.
Carlson and Grossbart (1984) found that earlier adopters have a greater ability to form informed
judgments about an innovation than later adopters. This study looks at how independent
judgment-making ability influence Twitter use discontinuance.
Personality traits

Prior studies found users’ personality traits play an important role in technological
adoption (Vishwanath, 2005). This study extends the scope of diffusion study to examine the role
of personality differences in innovation discontinuance. To examine personality differences
between adopters and discontinuers, this study utilized the Big Five personality trait model
(Costa & McCrae, 1992). The model consists of five key traits: extraversion, neuroticism,
openness, agreeableness, and conscientiousness. Definition of these traits and their associations
with SNS use are as follows:
Extraversion

Extraversion refers to the degree of sociability or withdrawal a person tends to exhibit.
Extraverts are typically outgoing and talkative, whereas introverts are quiet and shy. Hunt and
Langstedt (2014) found that extraversion predicts technology use. Compared with introverts,
several studies found that extraverts are more likely to spend time on SNSs (Rosen & Kluemper,

2008), more likely to be members of Facebook groups (Ross et al., 2009), and have significantly
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more SNS friends (Amichai-Hamburger & Vinitzky, 2010). That is reasonable since extraverts
tend to maintain persistent communication with their friends (Anderson, John, Keltner, & Kring,
2001). However, Hughes, Rowe, Batey, and Lee (2012) argued that the level of extraversion is
negatively related to the use of Twitter. They argued that the increased use of anonymity (the use
of alias usernames) and the reduced emphasis on social interaction offered by Twitter is more
appealing to introverts.
Neuroticism

Neuroticism is defined as a measure of emotional control. Individuals with low levels of
neuroticism have a better control of emotions and stability, whereas neurotic individuals are
more anxious, insecure, sensitive, and more likely to experience negative emotions (Costa &
McCrae, 1992). Regarding adoption decisions, Ryan and Xenos (2011) found that neuroticism is
positively correlated with the amount of time spent on Facebook, but Hughes et al. (2012) found
a lack of association between neuroticism and the use of Twitter for socializing. Regarding
discontinuance decisions, Quercia, Bodaghi, and Crowcroft (2012) found that the discontinuous
use of Facebook is likely to occur if a user is neurotic or introverted. Quercia, Kosinski, Stillwell,
and Crowcroft’s (2011) study on Twitter users supported Quercia et al.’s (2012) argument and
pointed out that individuals high in neuroticism withdraw from Twitter during times of stress and
they generally report less satisfaction with the support received by their social networks.
Openness

Openness refers to being open to new experiences. Individuals who have a high score in
openness tend to be curious, imaginative, and appreciative of diverse views and ideas, while
individuals with low openness prefer familiarity and convention (McCrae & Costa, 1987).

Openness is featured in a significant number of studies on online behavior, particularly in the
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context of technological adoption. Openness is positively correlated with SNS usage (Correa,
Hinsley, & de Zuaiiga, 2010) and information seeking through Twitter (McElroy, Hendrickson,
Townsend, & DeMarie, 2007).
Agreeableness

Agreeableness is a measure of how friendly an individual is, with high ratings associated
with being kind, sympathetic, and warm. Less agreeable individuals usually have a greater
number of online contacts as the Internet provides the means to build friendships that may prove
difficult to initiate and maintain offline (Ross et al., 2009). However, agreeableness is generally
found to be unrelated to both SNS use (Amichai-Hamburger & Vinitzky, 2010; Correa et al.,
2010) and types of users. For example, agreeableness does not have significant difference among
Twitter users who are listeners (those who follow many users), popular users (those who are
followed by many), highly-read users (those who are often listed in others’ reading lists), or
influential users (those with a high Klout score) (Quercia et al., 2011).
Conscientiousness

Conscientiousness can be viewed as a measure of trait-oriented work motivation.
Conscientious individuals are extremely reliable and tend to be achievers, planners, and hard
workers. While some studies have suggested conscientious individuals are inclined to avoid
SNSs so they can focus on important tasks (Butt & Phillips, 2008), others found that the use of
Twitter for informational purposes is positively related to conscientiousness (Hughes et al.,
2012). Gupta (2008) reported that conscientious individuals are more involved in both
knowledge sharing and knowledge acquisition activities. Thus, conscientious individuals are

frequent SNS users.
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While most of the prior studies examine the relationship between personality traits and

SNS adoption, this study studies personality traits with respect to Twitter use discontinuance.

DISCONTINUER CATEGORIES— INTERMITTENT DISCONTINUERS AND PERMANENT
DISCONTINUERS

Early studies tend to view discontinuance as a one-time complete abandonment of
innovations in use. However, some researchers have argued that post-adoption behavior is not
simply a binary distinction between use and non-use, but is a wide array of practices enacting
varied degrees of engagement with and disengagement from an innovation (Baumer et al., 2013).
Abraham and Hayward (1984) suggested the possibility of a “discontinuance and reintroduction”
decision-making process (p. 217). They argued that the majority of diffusion studies have
incorrectly assumed that after a user discontinues using an innovation, the innovation would then
never be reintroduced. In many cases, however, an innovation might just be “temporarily
discontinued,” and the same individual could later readopt the innovation (p. 217).

In recent years, some opinion leaders have advocated for the idea of taking a social media
vacation. For instance, nearly 50,000 people have joined an online challenge— “99 Days of
Freedom”—to experience life without Facebook (Aiisha, 2016; Bievens, 2017). In another
example, Schoenebeck (2014) found that the Christian period of Lent becomes, for some, an
occasion to limit the use of SNSs. In these cases, SNS users “take a break” from the platform
rather than “leaving forever.” York and Turcotte (2015) suggested that the so-called “Facebook
vacation” is an unaddressed type of discontinuance behavior. Similarly, Baumer et al. (2013)
found that many respondents described leaving Facebook but return afterwards. These are people

who periodically deactivate their accounts but with intentions to return. Moreover, through in-
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depth interviews, Ravindran, Kuan, Chua, and Goh (2014) found that some Facebook users take
a self-imposed break from the site, and temporarily deactivate their accounts due to social
network fatigue. Indeed, some discontinuers preserve positive attitudes toward the innovation
and express a strong intention to use the technology in the future when they become confident in
themselves (Pollard, 2003). Some Facebook users mentioned that they would use the platform in
its authentic way if they use it again (Cho, 2015). Hence, SNS use discontinuance can be
intermittent rather than permanent, which differs from the innovation discontinuance previously
outlined by the Rogers’s diffusion of innovations theory. While both intermittent and permanent
discontinuers discard the innovation, their post-adoption behavior evolves differently
afterward—intermittent discontinuers resume the use of an innovation and permanent
discontinuers have no intentions to return. Thus, rejecting an innovation at one stage does not

rule out the possibility of readoption at a later point in time.

CRITICISMS ON PRIOR DEFINITIONS OF INTERMITTENT AND PERMANENT DISCONTINUANCE
General Definition

Few studies have conceptualized intermittent discontinuance. Zhou, Yang, and Jin (2018)
referred to an intermittent discontinuer as “an individual who has stopped using the innovation
and readopts it later on” (p. 494). Likewise, Shen, Li, and Sun (2018) studied post-adoption
usage of wearable health information systems and defined intermittent discontinuance as ““a state
where people neither continuously use the focal information technology, nor entirely abandon it”
(p. 2). Ye and Zhang (2017) defined the concept in a more specific way by classifying

intermittent discontinuance as a type of adoption: Individual users decide to adopt an innovation,

27



and then discontinue the use of the innovation for weeks up to six months; they resume using the
innovation later, and cycle through these stages.
Operational Definition

While prior studies employed both qualitative and quantitative research methods to
examine discontinuance, very few came up with a clear and reliable operational definition for
discontinuance. Scholars have come up with various timeframes to define these two types of
discontinuance. For example, Cho (2005) defined permanent discontinuers as users who stopped
using the innovation for the past six months. Xue and Yu (2017) described intermittent
discontinuers as those who have used an innovation in the past six months, but occasionally
stopped using it for several weeks. York and Turcotte (2015) referred to intermittent
discontinuers as those who answered “Yes” to the survey question “have you ever voluntarily
taken a break from using Facebook for a period of several weeks or more?” (p. 58). To
distinguish intermittent discontinuers from permanent discontinuers, Zhou, Yang, and Jin’s
(2018) interview protocol included two dichotomous questions—without specifying the duration
of the break— “are you still using [Weibo] now?”” and “have you ever stopped using [Weibo]?”
(p.487). As can be seen here, the duration of taking a break from SNSs is often defined without
much justification. This, consequently, tends to make the classification of intermittent
discontinuers and permanent discontinuers arbitrary. Many discontinuance studies might follow
a generic approach to define discontinuance, and some might simply reference the operational
definitions from other studies without considering the unique nature of one innovation. Each
innovation has a different life cycle, turnover rate, and user base, and therefore, the timeframe to
define discontinuance should vary from innovation to innovation. That is, the duration of taking

a break should be innovation-specific. It is worth noting that the duration of a break can neither
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be too short—a short period may just be a normal pattern for innovation usage, nor too long—
adopters may have already left the platform for a long time. If the timeframe to define
discontinuance is too short or too long, the operational definition would not be optimal.

To solve this problem, this study introduces a mathematical approach to assess the
duration of a break D to represent intermittent discontinuance. Further analytical procedures are
presented in Chapter 4. This parameter is informed and generated algorithmically through users’
activity levels on Twitter, and so it is specifically defined to study Twitter use discontinuance.
This approach avoids arbitrarily taking a duration of time as the cut-off point to define Twitter
use discontinuance. Hence, for this study, the definitions of continuing adopters, intermittent
discontinuers, and permanent discontinuers are as follows:

e Continuing adopters are individuals who constantly use an innovation and have

never taken a break from it more than the duration D.

e Intermittent discontinuers are individuals who adopt an innovation and take breaks
from it for a period longer than the duration D; but later resume to use the
innovation, and cycle through these processes.

e  Permanent discontinuers are individuals who have not used the innovation for a
period much longer than the duration D. They completely reject a previously
adopted innovation and have no plan to use it again.

Despite recent studies on innovation discontinuance, a systematic investigation on the

intermittent discontinuance is lacking. Based to the above definitions, this study first explores the
following research question:

RQ1: How frequently are intermittent discontinuance and permanent
discontinuance observed among Twitter users?
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To better capture the dynamic nature of post-adoption behavior, this study proposes a
new classification of three types of innovation users: continuing adopters, intermittent
discontinuers, and permanent discontinuers. However, little is known about the distinctive
characteristics that drive Twitter users to intermittent and permanent discontinuance, this study
aims to explore the following research questions:

RQ2: To what extent, are Twitter continuing adopters’, intermittent adopters’, and

permanent adopters’ characteristics (demographic, psychographic, behavioral)

distinct from each other?

RQ3: What characteristics (demographic, psychographic, behavioral) predict

whether a Twitter user is a continuing adopter, an intermittent discontinuer, or a
permanent discontinuer?
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Chapter 3: Understanding Reasons for Discontinuance

Scholarly literature has provided some explanations regarding why users abandon an
innovation. Early on, Rogers and Shoemaker (1971) suggested two types of discontinuance: (1)
replacement discontinuance, in which an innovation is rejected because a better innovation
replaces it, and (2) disenchantment discontinuance, an innovation is abandoned because the
adopter is dissatisfied with the innovation’s performance or the innovation does not meet the
need of an individual. The theoretical explanations of these two types of discontinuance are as

follows:

REPLACEMENT DISCONTINUANCE

In a rapidly changing society there are constant waves of innovations. Replacement
occurs when users “adopt a better idea that supersedes” the previous innovation (Rogers, 1995,
p.182). Displacement effect can serve as an explanation for replacement discontinuance. The
focus of displacement effect in media studies usually includes time and functional displacement.
The rationale behind time displacement effect is simple: Time spent with the medium is a zero-
sum game (McCombs, 1972; Arrese, & Albarran, 2003). Users shift their media time from an
existing medium to a new one. Conversely, functional displacement emphasizes the idea of the
“functional alternative” (Taipale, 2013), which explains when a new medium serves similar
needs but in a better and efficient manner, users would shift to the new medium (Kayany &
Yelsma, 2000; Kaye & Johnson, 2003). For instance, Althaus and Tewksbury (2000) suggested
that the Internet is a functional alternative to traditional media. Ramirez, Dimmick, Feaster, and
Lin (2008) showed that Instant Messengers displace e-mails and landline telephones. To date,

there is a fierce competition among SNSs. For example, Snapchat, a SNS originally built to share

31



ephemeral moments among friends, has taken a significant number of users from Facebook’s

messenger, especially among 12-to-24 years old users (Statista, 2017).

DISENCHANTMENT DISCONTINUANCE

Disenchantment discontinuance occurs when an adopter is dissatisfied with the
innovation’s performance (Rogers, 1995). The Uses and Gratifications theory, Expectation
Disconfirmation theory, and the Theory of Reasoned Action have been found useful in
explaining disenchantment discontinuance.

Scholarly research has drawn upon the Uses and Gratifications theory to study SNS
discontinuance. The theory proposes a key distinction between gratifications sought and
gratifications obtained (Katz, Blumler, & Gurevitch, 1973; Palmgreen, Wenner, & Rayburn,
1980). Gratifications sought are those gratifications that audiences anticipate obtaining from a
medium before they use it. On the other hand, gratifications obtained refer to those gratifications
that audiences experience from their exposure to a particular medium. It is worth noting that
obtained gratifications may vary from gratifications sought. The discrepancy between these two
gratifications would affect the level of satisfaction that individuals experience from the usage of
a medium (Palmgreen et al., 1980). Palmgreen and Rayburn (1979) argued that the fulfillment of
expected gratifications leads to a recurrent use of the medium; otherwise, audiences would get
disappointed and cease utilizing the medium. The disappointment may also lead audiences to
search for an alternate medium that can gratify their needs (Quan-Haase & Young, 2010). For
instance, Dunne, Lawlor, and Rowley (2010) found that the main reason for young people to use

and participate in SNSs is that many of the gratifications they sought (e.g., identity creation and
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identity management) are connected to the gratifications they obtained—i.e., the rewards that
accrue from such actions (e.g., peer acceptance).

Besides the Uses and Gratifications theory, the Expectation Disconfirmation Theory and
the Theory of Reasoned Action also address disenchantment discontinuance. These two theories
denote the existence of the post-adoption stage (Cho, 2015). Bhattacherjee and Premkumar’s
(2004) Expectation Disconfirmation Theory explains how expectations toward an innovation can
change after their initial acceptance of the innovation, particularly through parameters such as
usefulness, satisfaction, confirmation, and continuance intentions. The theory suggests that users’
subsequent continuance, as well as discontinuance decisions, depend on whether one is satisfied
with the technology and whether his/her expected utility is realized (Bhattacherjee, 2001). On the
other hand, the Theory of Reasoned Action posits that behavior is a function of attitudes and
subjective norms. The theory contrasts adoption with post-adoption behaviors, suggesting that
pre- and post-adoption criteria may significantly differ in many ways (Ajzen & Fishbein, 1980).
For example, Zhu and He (2002) found that Internet adoption and Internet use in China are two
distinct processes and are influenced by different predictors: Internet adoption is primarily
affected by perceived popularity and perceived characteristics of the Internet, but Internet use is
solely influenced by perceived need for Internet.

It is worth noting that disenchantment discontinuance is very common: More than 60% of
adopters cease using an innovation due to dissatisfaction (Keaveney, 1995). York and Turcotte
(2015) found that disenchantment discontinuance is one of the leading motivations for temporary
discontinuance of Facebook, followed time burden. Specifically, their research indicated that
respondents were dissatisfied with Facebook as its content being “too dramatic” and “boring” (p.

60).
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Social Media Fatigue

Besides low-quality content, social media fatigue could be a major contributor to SNS
disenchantment discontinuance (Maier et al., 2015; York & Turcotte, 2015).

Despite various positive outcomes that show SNSs are beneficial to users in various
aspects in life, negative consequences due to excessive SNS use are also non-negligible. The
excessive integration of SNSs in daily routines invades people’s daily lives, bringing huge
amounts of information, communication, and social support requests. All these forms of stress
drive users into an exhausted situation (e.g., Lee, Son, & Kim, 2016; Ravindran et al., 2014).
Goasduff and Pettey (2011) proposed the concept of social network fatigue to represent the
negative feelings of tiredness, boredom, and burnout that can be induced by SNSs. Literature has
drawn on theories regarding extrinsic and intrinsic motivations (Deci, 1975) to explain reasons
for SNS discontinuance. Scholars have found that social media fatigue reduces SNS enjoyment
(intrinsic benefit), which is one of the most persuasive predictor for people’s continued use of
SNSs. Thus, social media fatigue negatively influences continuance intention. Empirical studies
have found that social media fatigue is one of the major reasons for SNS platform shift,
temporary usage retreat, unresponsive interaction, or usage cessation (Lugman, Cao, Masood, &
Yu, 2017; Maier et al., 2015; York & Turcotte, 2015). Prior studies have also investigated
different determinants of social media fatigue, for example, information overload (Bright,
Kleiser, & Grau, 2015), interpersonal comparison (Cramer, Song, & Drent, 2016), and privacy
concerns (Gartner, 2010).

Information Overload and Social Burden
In addition, York and Turcotte (2015) showed that most intermittent discontinuers

perceived Facebook as a cognitive (“information overload”) or social burden (“takes time away
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from family”). With the rise of SNSs in recent years, the amount of information also increases.
As illustrated by “the Zuckerberg’s Law,” the amount of status updates, photos, and other online
materials posted on Facebook doubles every year (Bradshaw, 2011). However, individuals have
limited capabilities to store and process the flow of information in a limited period of time
(Beaudoin, 2008). Information overload refers to when the cognitive threshold is exceeded
between the person’s cognitive ability and the endless and invasive postings and activities on
information channels (Lee et al., 2016). Many studies have explored information oversupply in
the media environment with excessive news or advertisements (Chyi, 2009; Holton & Chyi,
2012; York, 2013). Regarding social burden, Maier and his coauthors (2015) argued that while
SNSs facilitate the growth and maintenance of social connections, well-embedded SNS users are
expected to offer social support constantly upon request (Ellison, Steinfield, & Lampe, 2007,
Krasnova, Wenninger, Widjaja, & Buxmann, 2013). Excessive online social interaction puts
pressure on human cognitive processes and causes various communication overload and burdens,
such as technostress (i.e., stress caused by working with technology on a daily basis) (Maier et
al., 2015). Tarafdar, Tu, and Ragu-Nathan (2010) empirically validated that technostress
decreases end-user satisfaction, which determines the duration of an individual’s engagement

with a technology.

CRITICISM OF ROGERS AND SHOEMAKER’S REPLACEMENT-DISENCHANTMENT TYPOLOGY
A Call to Extend the Discontinuance Typology

Rogers and Shoemaker (1971) identified that individuals discontinue use of a
technological innovation in two situations: disenchantment and replacement. However,

Parthasarathy (1995) and Cho (2008) argued that the replacement-disenchantment typology does
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not adequately represent all the reasons for discontinuance. For example, through a survey with
1,100 U.S. adults, Hawes, Blackwell, and Talarzyk (1976) found that the key reasons leading to
service discontinuance includes time constraints, changes in family situations, lost interest, and
new alternative interests. Strictly speaking, Rogers and Shoemaker’s replacement-
disenchantment typology only partially covers the reasons above, without directly addressing
reasons such as time constraints, changes in family situations, etc. There is a need to develop a
typology that is comprehensive enough to encompass the breadth of reasons for disenchantment.
This study calls for a more rigorous categorization—by including indifferent and completion
discontinuance as parts of the typology.
Indifferent Discontinuance

The occurrence of underutilization has been widely studied in the information and
communications technology literature (Kramer, Walker, & Brill, 2007). Cho (2008) stated that
the Rogers and Shoemaker’s typology does not incorporate this aspect of discontinuance. To fill
this gap, he conceptualized a new type of discontinuance—indifferent discontinuance. Indifferent
discontinuance refers to users who “neglect the adopted technology without encountering any
problems or feelings of dissatisfaction” (Cho, 2008, p. 21). In contrast to the argument of
conscious discontinuance, indifferent discontinuance is a subconscious neglect of an adopted
technology. This assumption is based on the limited intellectual capacity in human nature
(Weiss, 1999). Cho (2008) argued that indifferent discontinuance could be the most frequent
reason for discontinuance.

Besides indifferent discontinuance, Cho (2008) also proposed three additional types of
discontinuance. However, these three types of discontinuance are neither built to explain

reasons/motivations for Twitter use discontinuance nor designed to examine innovation
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discontinuance on an individual-level. These types include reserved discontinuance, which states
that individuals cease to use a previously adopted innovation but have a strong intention of
reusing it if the circumstances are right; partial discontinuance, where users routinely utilize
certain features of an innovation but stop using other features; and political discontinuance, in
which individuals cease to use a technology due to organizational politics.
Completion Discontinuance

This dissertation also considers a new type of discontinuance—completion
discontinuance. Kielmeyer (2003) defined completion discontinuance as a discontinuance that
occurs when an innovation has finished serving its purpose and is no longer needed. Completion
discontinuance is characterized by the completion of a goal, which could range from a few days
or several years or even decades, as perceived by the adopter.
A Call to Enhance the Measurement of Reasons for Discontinuance

Another major criticism of discontinuance studies is that many of them have only
investigated users’ primary/main reason for discontinuance (e.g., Cho, 2008; Parthasarathy &
Bhattacherjee, 1998; Parthasarathy, 1995; York & Turcotte, 2015). For instance, even Cho
(2008) attempted to measure discontinuance typology in two ways— “categorically and
continuously” (p.95), both of the measurements only accounted for users’ primary reason for
discontinuance. Example of his categorical question is as follows:

Question: Please check the one scenario that best identifies the main reason that you ended
your use of Cyworld (a social network service in South Korea).
1. Tdecided to use another technology.
I become dissatistied with Cyworld, and have not use similar types of technologies.
There is no specific reason or critical incident that induced me to stop using Cyworld.
I am willing to use Cyworld in the future if my situation changes.
I am selectively using certain features of Cyworld but not all features of it.
— Cho (2008, p. 96)

bl ol
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Each participant was classified as belonging to only one category of discontinuance.
Respondents who picked the first option are replacement discontinuers; the second option are
disenchantment discontinuers; the third option are indifferent discontinuers; the fourth option are
reserved discontinuers; and the last option are partial discontinuers. Cho (2008) also used
continuous questions to measure the strength of various reasons for discontinuance. Examples of
those measurements are as follows:

Items for replacement discontinuance

1. Tended my use of the system because I found another service that work better.

2. T ended my use of the system because I found an alternative service that had better
features.

3. ITended my use of the system because I found other services had more options than the
system.

4. Tended my use of the system because I felt that the functional performance of other
services was superior.

Items for disenchantment discontinuance

I ended my use of the system because I was unhappy with its performance.

I ended my use of the system because I was generally dissatisfied with it

I ended my use of the system because I was unhappy with one or more features of it

I ended my use of the system because I was unhappy with overall functional performance
of it

b=

— Cho (2008, p. 97)

Although Cho (2008) also used continuous scales to measure the strength of various
reasons for discontinuance, discontinuers are only assigned to the category that they rated the
highest score. In many cases, however, multiple reasons cause innovation discontinuance. This
study argues that a discontinuer does not exclusively belong to one single discontinuance
category, but multiple categories, depending on their reasons for discontinuance.

Several studies employed alternative methods to assess reasons for SNS discontinuance.
Instead of utilizing a multiple-choice response format as Cho (2008), York and Turcotte (2015)

analyzed an open-ended question, “what made you decide to take a break from using Facebook?”
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(p.58). They recorded respondents’ verbatim responses and came up with 10 categories to
represent motivations for temporary Facebook discontinuance. Besides employing the theoretical
discontinuance typology (i.e., disenchantment and replacement), they also included reasons such
as privacy concerns and low usage. Although the authors classified each user into one category,
the method of content analyzing verbatim responses has the potential to measure multiple users’
reasons for discontinuance.

Using another form of categorization, Zhou, Yang, Jin (2018) categorized antecedents of
discontinuance into four factors: user-related factors, such as user’s habit, time limitation,
satisfaction; context-related factors, such as technical disturbance; function-related factors, such
as system shortcomings, complexity, and uncertainty; and content-related factors, such as low
credibility and low relevance. This study also references their approaches and considers a more
comprehensive and rigorous categorization of reasons for discontinuance, by factors (i.e., user-,
context-, relationship-, function-, and content-related factors) as well as by discontinuance
typology (i.e., disenchantment, replacement, completion, and indifferent discontinuance).

A Call to Refine Disenchantment Discontinuance

Another major criticism of Rogers and Shoemaker’s replacement-disenchantment
typology is that the discriminatory validity between these two types of discontinuance is
questionable. Cho (2008) pointed out that replacement could be the consequence of
disenchantment with an adopted innovation. Similarly, Parthasarathy and Bhattacherjee (1998)
argued that it is quite possible for a disenchanted discontinuer to quit a service and then adopt
another service. Hence, replacement discontinuance and disenchantment discontinuance could
coexist. Sharing a similar view, this study argues that the replacement-disenchantment typology

is neither mutually exclusive nor exhaustive. While disenchantment can lead to replacement, it is
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not logical to think the sequence occurs in the opposite direction. Also, a wide range of reasons,
from time constraints to functional shortcomings, from privacy concerns to low-quality content,
could all be classified under the same umbrella of disenchantment discontinuance. Given the
current typology, discontinuers are prone to be disproportionately classified as disenchantment
discontinuers. There is a need to extend the typology to one that is more precise. Referencing
Zhou et al.’s (2018) study, this study proposes a more granular approach to define
discontinuance: by factors (i.e., user-, context-, relationship-, function-, and content-related

factors).

INTERMITTENT/PERMANENT DISCONTINUERS AND THEIR REASONS FOR DISCONTINUANCE

As few studies have examined intermittent discontinuers, Zhou, Yang, and Jin’s (2018)
study of Weibo is the only empirical study to distinguish respective reasons for discontinuance
between intermittent and permanent discontinuers. They found that while discontinuers who stop
using Weibo because of low usage (similar to indifferent discontinuance discussed above),
function-related factors, or content-related factors have a significant tendency to leave
permanently. In contrast, users who stop using Weibo due to limited time/resources are more
likely to be intermittent discontinuers. They explained that as time and cognitive resources are
“volatile” (p. 500), there is a high possibility for users to return when they have more time and
feel relieved from SNS exhaustion.

Discontinuers are not a homogeneous group. Intermittent and permanent discontinuers
possibly have different reasons for discontinuance. Identifying distinctive motivations for
discontinuance between intermittent and permanent discontinuers helps SNS providers to

develop an effective retention solution. Previous work on SNS use discontinuance to be the case
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for Facebook users, but there has not been any analysis of Twitter users at scale. Since Twitter
differs from Facebook, people’s decisions to leave the two platforms could be very different. It
would be beneficial to extend previous work to Twitter. Current empirical research on the
association between reasons for discontinuance and type of discontinuers is lacking, thus, to fill
the gap in the literature, this study examines respective reasons for intermittent and permanent
discontinuers stop using Twitter, addressing the following research questions:

RQ4: In general, what are the reasons for intermittent and permanent Twitter use
discontinuance?

RQS5: To what extent, are Twitter intermittent discontinuers’ and permanent
discontinuers’ reasons for discontinuance different from each other?
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Chapter 4: The Post-adoption Decision-making Process

Considering the nascent stage of studies examining post-adoption behavior, the term
post-adoption, unlike the other concepts of pre-adoption and adoption, has been loosely defined.
For some research, post-adoption represents “continued use” (Son & Han, 2011; Ye & Potter,
2011) and “continuous and repeated usage” (Zhou, 2011) of an innovation. Huh and Kim (2008)
described the post-adoption behavior as “the subsequent adoption behavior after the first-time
adoption.” Parthasarathy and Bhattacherjee (1998) called it as “continued adoption or
discontinuance.” As these show, past studies have largely focused on the adoption; few have
explored the aspects of discontinuance behavior during the post-adoption period. Yet, it is
believed that a person’s belief about the value of an innovation drives both the adoption and
discontinuance of an innovation (Burns & Wholey, 1993; Greve, 2011). Just as individuals go
through a five-stage process to make behavioral decisions (whether to adopt or not), innovation
discontinuance literature suggests that there are also a number of different decision-making
processes precede a decision to abandon an innovation (Greve, 1995).

Only a few researchers (e.g., Eichholz & Rogers, 1964; Parthasarathy, 1995) have studied
the process of making a discontinuance decision. Parthasarathy (1995) characterized Rogers’s
model of adoption as a sequential think-feel-do information processing sequence, which aligns
with the Hierarchy of Effects model (Lavidge & Steiner, 1961). The sequence describes a
process in which information leads to knowledge, knowledge causes attitude formation, and
subsequently leads to a commitment to take an action. Parallel to Rogers’s model of adoption,
Parthasarathy (1995) developed a five-step model of discontinuance. Those five stages are: (a)
awareness, when the adopter becomes aware of conditions that persuade him or her that the

current innovation is inadequate or that better alternatives exist; (b) evaluation, when the adopter
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processes the information from mass media and/or interpersonal information in order to decide
whether or not to continue or discontinue the use of the innovation; (c) trial, when the adopter
experiments with other innovations and compares them with the current innovation; (d) decision,
when the act of discontinuance occurs; and (e) post-decision, when the discontinuer decides

whether the decision made in the previous stage was optimal (Figure 4).

Awareness » Evaluation > Trial Decision » Post-Decision

Figure 4: Five-stage Post-adoption Model. Adopted from Parthasarathy (1995).

Unfortunately, thus far, only a few studies have reviewed the Parthasarathy’s model (e.g.,
Cho, 2008; Wang & Butler, 2006). One criticism is that no empirical tests have been done with
the above-mentioned discontinuance process. Another criticism is that the model does not clarify
whether all discontinuers follow the same process to reach their discontinuance decisions. For
example, the third stage (i.e., trial) is applicable to replacement discontinuers who switch to use
other innovations only. Moreover, Parthasarathy’s model does not consider the possibility of
readoption of an innovation. This study argues that discontinuance does not necessarily represent
the end-of-life cycle of an innovation but can be just one phase in the post-adoption stage.
Therefore, an extended model should consider the differences between the decision-making
processes of intermittent discontinuers and permanent discontinuers. Hence, this dissertation

seeks to further develop that model and to conduct empirical tests on its applicability.
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PROPOSING A NEW MODEL OF DISCONTINUANCE

Referencing Parthasarathy’s (1995) post-adoption model, this study proposes a new
model for post-adoption period, hoping to adequately examine the decision-making process of
how a technology, which is already a part of the routinized everyday activity, is discontinued.
Here, the post-adoption decision-making process is conceptualized as a cycle (Figure 5),
suggesting that adopters go through stages in sequence. While, in reality, adopters may move
forward and backward, or even jump between stages, the cyclical model provides a useful way of

understanding the process of innovation discontinuance.

Proposed post-adoption model

Adoption
Preparation

Upward Spiral

Relapse

Post-Action

<
Permanent

Discontinance

Figure 5: Proposed Post-adoption Decision-making Model.
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There are six stages: Stages of pre-evaluation, evaluation, preparation, action (i.e.,
discontinuance), post-action, and relapse (i.e., readoption).
Pre-evaluation

Pre-Evaluation is the starting point of the model, where adopters become conscious of the
innovation and aware of their relationships with the innovation (Cho, 2015). At this stage,
adopters have no intention of discontinuing the use of an innovation, either because they are
unaware of the existence of better alternatives or they have not developed any dissatisfaction
about the innovation yet.
Evaluation

The evaluation stage specifically refers to the stage at which adopters reflect on the
benefits and drawbacks of discontinuing. In the context of SNSs, adopters might first search for
solutions to reduce disturbance, such as blocking/hiding feeds, or distance themselves from the
innovation, such as cutting down on the amount of use. Adopters may evaluate whether the
benefits they received through the SNS (e.g., enjoyment, usefulness, and social capital) outweigh
the dissatisfaction (e.g., social media fatigue, and privacy concerns) of staying with the SNS.
Adopters may also process information from mass media and/or interpersonal information in
order to decide how useful the innovation is to their daily lives. They think over what matters to
them. However, no commitment of discontinuance has been made yet.
Preparation

During the preparation stage, adopters begin to adjust their usage patterns, such as taking
breaks from the innovation, reducing the use of the innovation, deleting the SNS app from their
smartphones, or turning off the SNS notifications. Adopters may start to seek out and experiment

with better innovations. It is possible that adopters cannot find a superior innovation, despite
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their initial perceptions that an alternative innovation could be superior. They may end up not
discontinuing the current innovation.
Action

This is the stage where discontinuance takes place. Adopters may cancel subscriptions,
deactivate/delete accounts, or simply become inactive. They may also switch to another
innovation.
Post-action

The post-action stage involves evaluation of the discontinuance choice. Discontinuers
may look for reinforcement from their social circle. Some discontinuer may become fully aware
of benefits the old innovation provides, or find that the alternate innovation is not as good as the
old one. Hence, they readopt the old innovation. Alternatively, discontinuers may feel that opting
out of the old innovation remains a good idea after all things are considered.
Relapse

The relapse stage is when discontinuers readopt the innovation. Previous discontinuance
is, thus, temporary by nature. In reality, a relapse can be further classified as either planned or
unplanned. In a planned scenario, adopters voluntarily take a break from the innovation with an
intention to return to the innovation again. In an unplanned scenario, adopters find an
unpremeditated need to re-adopt the innovation. For some adopters, they repurpose the use of the
innovation.

The upward spiral shows that individuals could go through the post-adoption cycle
repeatedly until they come to permanent discontinuance.

This study proposes a new post-adoption decision-making model, which takes

discontinuers’ planned and unplanned readoption as crucial parts of a post-adoption behavior.
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The model aims to provide a structured, comprehensive approach to examine how and why an
innovation is discarded or discredited. Intermittent and permanent discontinuers’ behavior and
cognitive reasoning at each stage are also evaluated, respectively. This study addresses the
following research questions:

RQ6: In general, how do users reach their decisions to discontinue Twitter use?

RQ7: To what extent, are Twitter intermittent discontinuers’ and permanent
discontinuers’ post-adoption decision-making processes different from each other?

RQ8: What are the reasons for Twitter readoption for intermittent discontinuers?
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RESEARCH DESIGN

Chapter 5: The Mixed-Methods Approach

This study involves several layers of understanding and investigation of Twitter use
discontinuance. It conceptualizes and examines the stages of post-adoption decision-making,
characteristics that distinguish discontinuers as well as users’ reasons for dropping an innovation.
Such a series of complex problems require different analytical techniques. Hence, this
dissertation utilizes a mixed-methods approach, combining a conventional survey and a
computational analysis, to study Twitter use discontinuance. The data triangulation aims to
complement and validate findings from both methods (Greene, Caracelli, & Graham, 1989), in
which the survey of SNS users could establish part of the initial analytic groundwork by
identifying relevant and meaningful questions for inquiry for the subsequent computational
analysis of “big data.” In turn, the use of Application Programming Interfaces (APIs) and other
computational techniques may prompt further integration of the quantitative and qualitative
analysis in mixed-methods research designs and help facilitate the understanding of social media

as contemporary communicative phenomena (Lomborg & Bechmann, 2014).

SURVEY AND DISCONTINUANCE STUDIES

Survey research has been the most commonly applied method to study innovation
discontinuance. For example, Parthasarathy & Bhattacherjee (1998) used a mail survey to
examine subscribers’ and discontinuers’ use and perceptions of online services. Similarly, using
secondary data from the 2013 Pew Internet and American Life survey (Rainie et al., 2013), York

and Turcotte (2015) studied intermittent discontinuance among Facebook users. Ye and Zhang’s
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(2017) collaborated with an online survey company and successfully received surveys back from
17,035 Chinese Internet users to explore reasons for discontinuing the use of Weibo.

Survey research is defined as “the collection of information from a sample of individuals
through their responses to questions” (Check & Schutt, 2012, p. 160). Given the applicability in
exploring and describing human behavior, surveys are frequently used in social and
psychological research (Singleton & Straits, 2009). Respondents are usually recruited using
conventional survey sampling techniques such as probability-based sample. They are then asked
to fill out a questionnaire. Self-reported surveys typically rely on the respondents to recall some
levels of detail about their activities and experiences on a medium (Niederdeppe, 2014).

This approach has some key advantages. Survey research can include quantitative
research strategies (e.g., a set of predefined numerical rated items), qualitative research strategies
(e.g., using open-ended questions to capture and analysis of respondents’ verbatim responses), or
both. As such, self-administrated surveys can include multiple questions to gather data for
correlating media exposure with individual characteristics, opinions, or behavior, such as
political participation or health-related behavior. Although self-reported surveys are useful for
exploring users’ motivations and expectations of a SNS site, they are less useful for accurately
capturing online users’ responses and behaviors. Several problems may arise through self-
reporting (de Vreese & Neijens, 2016). First, respondents must fully understand the meaning of
the questions. Challenges arise if the response categories are vague, for example when

2 ¢

researchers use the categories such as “seldom,” “regularly,” or “often” (de Vreese & Neijens,
2016). Second, respondents must be able to recall their experience correctly. Prior (2009) noted

this challenge, stating that “respondents may not recall all episodes of the behavior or incorrectly

recall them as having occurred during the reference period” (p. 895). This estimation can lead to
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inaccurate estimates. For example, it has been shown that frequent behavior is often
overestimated in self-reports. Social desirability is also a problem because respondents may not
want to report the exposure to specific media content, such as low-prestige publications,
violence, or pornography (Althaus & Tewksbury, 2007; Clancy, Ostlund, & Wyner, 1979).

Meyer (2004) stated that most diffusion studies have employed survey methodology,
gathered data only from adopters, at a single point in time, and usually after the innovation had
already diffused in the community. Kee (2017) argued that even though there are practical
reasons why diffusion studies have traditionally focused on the quantitative approach with cross-
sectional data, existing knowledge of innovation diffusion is constrained by this single

methodology. He called for an expansion of the methodological repertoire of diffusion studies.

COMPUTATIONAL RESEARCH AND DISCONTINUANCE STUDIES

Recently, the rapid development of big data research has provided opportunities for
diffusion researchers to trace the adoption, implementation, and discontinuation of digital
innovations in longitudinal approaches. The ever-increasing use of SNSs has led to the
emergence of media-centric digital trace data—data consciously or unconsciously produced by
users while interacting with digital tools. The social web has enabled access to social traces at a
scale and level of detail, both in breadth and depth, that conventional data collection techniques
such as surveys and other user studies could hardly achieve (boyd & Crawford 2012). Moreover,
research that involves tracking participants’ actual SNS use data through media-centric digital
trace data is able to increase measurement validity as well as establish a greater generalizability
of results (de Vreese & Neijens, 2016). Another advantage of gathering people information from

data sources (e.g., Twitter and blog data) is their “always on” nature. As Taneja and Mamoria
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(2012) noted, “all manner of consumption on digital platforms leaves traces, which potentially
can provide census-like information on audience behavior” (p. 124). The method allows
researchers unobtrusively capture responses and online behaviors (Strohmaier & Wagner, 2014),
and therefore, eliminate some of the problems associated with survey instruments. Previous
studies have modeled and predicted users’ online behavior based on their social network
properties (e.g., Aggarwal, 2011; Goyal, Bonchi, & Lakshmanan, 2010; Murthy, 2015), content
of posts (e.g., Agarwal, Liu, Tang, & Yu, 2008), and information flow (e.g., Ver Steeg &
Galstyan, 2012).

Studying digital traces and patterns from SNSs with sophisticated computational
techniques, such as machine learning, can provide insights into user behavior (Lazer et al.,
2009). As a subdomain in computer science, machine learning focuses on constructing
algorithms to analyze and learn the hidden patterns in data and, subsequently, make predictions
based on these learned analyses (Bishop, 2006). By training machines to learn and repeat the
analysis, researchers no longer need to manually execute a particular task. Therefore, the value
of machine learning lies in its capability to uncover patterns from data sets that are large, diverse,
and fast changing—for instance, social media streams—and to create predictive models to guide
future actions.

Regarding social media streams, previous research has demonstrated the potential to use
supervised learning—a type of machine learning that creates predictive models from labeled
data—to predict Twitter content diffusion and social interaction. For instance, a Twitter study by
Jenders, Kasneci, and Naumann (2013) used both “manifest” features (e.g., the number of
followers, tweet length, and the number of hashtags) and “latent” features (e.g., sentiment

valence and emotional divergence) to predict the virality of tweets. Their results showed that a
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combination of features covering structural, content-based, and sentiment aspects leads to the
best classifier performance. In another example, Petrovic, Osborne, and Lavrenko (2011) found
that social features (e.g., the number of followers and following, likes, times the user was listed,
and the user’s verification status) are reliable predictors of retweetability, while tweet features
such as the number of hashtags, URLs, and tweet length improve prediction accuracy. Similarly,
Suh, Hong, Pirolli, and Chi (2010) found that the age of the account, the number of followers
and following, the presence of URLs and hashtags have a significant impact on retweetability.

Moreover, users’ previous online activity and demographic variables have been widely
used for discontinuance prediction. Predicting user discontinuance helps devise retention
solutions and take appropriate actions. For example, Hadden, Tiwari, Roy, and Ruta (2007)
developed a customer discontinuance management framework based on users’ features, such as
demographic variables, previous activity, and average activity. Similarly, using binomial logistic
regression model, Keramati and Ardabili (2011) identified customer dissatisfaction, service
usage, switching cost, and demographic variables as key factors in predicting user
discontinuance of mobile operators. For SNSs, Kawale et al. (2009) identified two factors that
affect user discontinuance in massively multiplayer online role-playing games (MMORPG):
Social influence, which is derived from group-play records and personal engagement, which is
based on user time records.

However, just like conventional methods, SNS data analyses are not without limitations
and pitfalls (boyd & Crawford, 2012). For example, media-centric data sometimes lack
background and demographic information about users. Simply reporting metrics of activity per
day, or measuring the most active users or most-mentioned users and content, does not

necessarily account for why these trends happen and may overlook reasons and behaviors that
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influence SNS use. Additionally, boyd and Crawford (2012) cautioned, “too often, Big Data
enables the practice of apophenia: seeing patterns where none actually exist, simply because
enormous quantities of data can offer connections that radiate in all directions” (p. 668).
Working with media-centric data can still be subjective, and quantification does not necessarily

enable researchers to make claims closer to the objective truth.

THE MIXED-METHODS APPROACH AND DISCONTINUANCE STUDIES

Although computational methods and user surveys have their own strengths and
weaknesses, combining approaches in a single research study could increase researchers’ breadth
and depth of understanding while offsetting the weaknesses inherent to using each approach by
itself. Doing so also helps researchers make a theoretically informed contribution, thereby
bypassing the often-heard criticism that big data research is heavily descriptive and theoretically
light (Russell Neuman, Guggenheim, Jang, & Bae, 2014). Researchers can use theories and
results from surveys to guide them as they select and construct features for the computational
models. Computational methods can help generate new measures for surveys. Accordingly, this
study used computational analysis to determine the benchmark (i.e., the duration D of a break)
that defines whether a Twitter user is a continuing adopter, an intermittent discontinuer, or a
permanent discontinuer. The study then used the benchmark to draft survey questions about
Twitter use.

Moreover, one of the goals of this research is to compare intermittent discontinuers and
permanent discontinuers. Intermittent discontinuers and permanent discontinuers have distinctive
demographic, behavioral, and psychographic characteristics. This study captured these users’

characteristics with a user survey and a computational method. While the user survey captured
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characteristics in all three perspective, the computational method specifically collected their
behavioral characteristics (digital traces) by looking at their Twitter profiles and activities.

Further, this study also examines users’ reasons for discontinuance and their
discontinuance decision processes with the user survey. Survey methods allow the flexibility to
include a wide variety of predefined response options and open-ended questions to assess
respondents’ emotions, perceptions, and attitudes. Comparatively, computational methods are
less applicable to measure users’ psychology and cognitive reasoning.

Chapter 6 thoroughly discusses the analytical procedures for each research question.
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Chapter 6: Methods

This study utilizes a mixed-methods approach, applying a computational “big data”
analysis (Study 1) and a conventional user survey (Study 2). This chapters outlines details for

each of the methods.

STUDY 1 - COMPUTATIONAL APPROACHES

Study 1 used supervised machine learning to study the predictive power of Twitter
features in foretelling Twitter use discontinuance. Importantly, Study 1 determined the
benchmark (i.e., the duration D of a break) to define whether a Twitter user is a continuing
adopter, an intermittent discontinuer, or a permanent discontinuer. The benchmark was used to
draft survey questions about Twitter use in Study 2.
Data Collection

Twitter data are readily collectible through an open API. This study employed a method
similar to those of Fu and Chan (2013) and Liang and Fu (2015) to generate a random sample of
users instead of tweets. The Twitter ID is a unique (numeric) value assigned to every account,
and the Twitter IDs have been found to range from 0 to 5,000,000,000 for an account created by
March 2016. However, the sparsity of the Twitter user ID space complicates the search process
(Gurajala, White, Hudson, Voter, & Matthews, 2016). Thereafter, Twitter’s REST API was used
to verify whether the Twitter IDs generated were ever assigned, suspended, or protected.

Many Twitter accounts are bots (Varol, Ferrara, Davis, Menczer, & Flammini, 2017)
or controlled by teams of humans (e.g., organizational accounts). These accounts are considered
as noise when modeling individual-specific phenomena as discontinuance behavior of these

accounts could be very different from general individual users. In response, this study used
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Botometer, an existing, publicly available tool, to exclude potential bots and organization
accounts from the data set. Botometer? is a machine learning algorithm trained on thousands of
instances of socialbots, from simple to sophisticated, with over 1,000 features, including an
account’s profile, friends, network structure, temporal activity patterns, language, and sentiment.
Varol et al. (2017) suggested that Botometer achieves an 86% accuracy in bot detection and the
Pew Research Center conducted independent validation tests of the Botometer system (Wojcik,
Messing, Smith, Rainie, & Hitlin, 2018).

Via Twitter’s REST API, profiles and tweets (the most recent 3,200 tweets) posted from
all public, human accounts were collected at two time periods: in September 2017 and March
2018. This ensures a longitudinal component (over a six-month period) to decide whether the
time between tweets is, a permanent discontinuance, a break from Twitter, or just a normalized
pattern of behavior for the platform.

Mathematical Approach to Define Discontinuance

In 2015, Twitter stopped disclosing the percentage of its users who took “no discernable
user action.” Also, the literature does not indicate a clear-cut duration of inactivity to define
discontinuance. To develop a definition, this study took a mathematical approach. The analysis
included only Twitter accounts that were operated by individuals and have tweeted (or
retweeted) at least five times (arguably as users who have adopted Twitter) This excluded
corporate accounts, operated by bots, or those with little or no content.

Two measures were constructed to account for the duration of inactivity: (1) Average

intertweet interval (mean of At), which is the average number of days between any two

2 Botometer gives each account a score (0-1) based on how likely the account is to be a bot. Higher scores are more
bot-like. Botometer often categorizes “organizational accounts” as bot accounts. The cut-off point for this study was
0.60.
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consecutive tweets. The shorter amount of time between a user’s tweets, the more intense their
tweeting activity generally is (Murthy, Gross, & Pensavalle, 2016); and (2) time since the last
tweet (Dr), which represents the time (number of contiguous days) between a user’s last tweet to
the day of analysis. Figure 6 illustrates the approach with two examples.

(1) Mean duration of At: The average time interval between two consecutive tweets
(2) Du:The time intervals between each user’s last tweet to the day of analysis

(~0.2 days)

User 1 2days 2days 10 days 5 hours 18 days
a5 (1)Mean duration of At:
tweeted 5 times (2+2+0.2+10)/4 = 3.55 days
First tweet Last tweet (2)D.: 18 days
(1st Sept, 2017) Y
Day of analysis
(19th Sept, 2017)
A
(~0.04 days) (1)Mean duration of At:
User 2 2 days 100 days 1 hour x2 100 days 2 days (2+100+0.04X2+100)/5 = 40.42 days
tweeted 6 times U B [U U (2) Du: 2 days
)
°
®  First tweet Last tweet

(17th Sept, 2017)
Repeat the analysis

until
User 28,404

Figure 6: Mathematical Approach to Define Discontinuance.

A preliminary analysis was conducted in September 2017. Tweeting patterns of 28,404
human accounts that tweeted at least five times were examined. To achieve reliable results, this
study analyzed the timestamps of all the tweets (up to 3,200 tweets for each user due to the
limitation of Twitter API). Figure 7 shows the distribution of the two measures.

The distribution of average intertweet interval measures (average of Az) and duration

from last tweet (D) were characterized by power law-like distributions—with characteristic
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bursts of activity on the left and heavy tail on the right. The sample median of the average
intertweet interval was 3.37 days (M = 21.16, SD = 49.23). Although the median gave a general
understanding of how long a user might take to tweet again, it did not give a good indication of
the distribution of data points as most of the variation is in the tail of the distribution (Murthy et
al., 2016). Thus, this study employed the 95™ percentile metric, a statistical standard used to
discard maximum spikes in the data, to capture a sufficiently long intertweet interval. A 95"
percentile metric prevented individuals who tend to take long breaks from being mistakenly
considered as permanent discontinuers. As indicated in Figure 7, the 95™ percentile of the
average intertweet interval (average of Ar) was 103 days. In fact, this duration is similar to the
mobile and tech industries’ standard for measuring retention, using 90 days or one quarter as the
benchmark (Localytics, 2017).

To ensure the average intertweet interval was valid and reliable, the same analytical
procedure was repeated with the sample in March 2018 (i.e., after a six-month period). The
analysis was updated with new tweets from those 28,404 accounts and their timestamps. Results
were similar: The 95" percentile of the average intertweet interval was 104 days.

Based on the analysis, continuing adopters are defined as Twitter users who tweeted
continuously and have never taken a break of 103 days or more (since adoption); intermittent
discontinuers are individuals who tweeted during the data collection period (i.e., a six-month
period) but have taken breaks of more than 103 days since adoption; and permanent
discontinuers are individuals who did not tweet for a period much longer than 103 days—this

study followed those accounts for a six-month period (i.e., 180 days).
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Figure 7: Distributions of Average Intertweet Interval (mean of A¢), and Time since the Last
Tweet (Dy).

Feature Selection

Feature selection is the process of extracting discriminating and relevant attributes that
characterize users in a data set. These features are used to train the supervised machine learning
model. Briefly discussed in Chapter 5, many studies used both Twitter features (e.g., the number
of followers, tweet length, and number of hashtags) to predict users’ behavior (Jenders, Kasneci,
& Naumann, 2013). This study took a broad range of variables examined in previous research

(Castillo, Mendoza, & Poblete, 2011; Gupta, Kumaraguru, Castillo, & Meier, 2014; Nguyen, Li,
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& Niederée, 2017) to analyze users’ post-adoption behaviors and predict discontinuance. A total
of 19 features were from five main categories, including profile, activity, social, interaction, and
content features. Table 1 lists all the features.

Each Twitter account was coded for:
Profile features

Profile features were extracted from a user’s Twitter profile and consisted of the (1)
account longevity, (2) screen name length, whether the user had a (3) description and (4) a
profile picture. Account longevity is the time between the date of creation and the date of
analysis.
Activity features

Activity features included (5) the average number of tweets across account’s lifespan, (6)
the average number of likes across account’s lifespan, (7) the preferred platform to send out
tweets (mobile apps and desktop web), and (8) the proportion of tweets that were retweets.
Account’s lifespan is the time between the date of creation and date of the last tweet. By tracking
the source of tweets, prior work has shown that mobile Twitter users are more likely to be active
than non-mobile users, and that tweets made on a mobile device tend to be more conversational
and personal (Perreault & Ruths, 2011).
Social features

Social features characterized user’s social network: (9) the number of following and (10)
followers, and (11) the follower-following ratio. These features indicate the “socialness” of a

user.
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Table 1: Twitter Features to Predict Discontinuance.

Categories Features PseudoNym
Profile features (1) Account longevity (days)* ProfileJoinDate

(2) Screen name length ProfileNameLen

(3) Whether the user has a description ProfileDescription

(4) Whether the user has a picture ProfilePic
Activity features (5) Average number of tweets across account’s ActAvgTweet

lifespan**
(6) Average number of likes across account’s ActAvgFav
lifespan®*
(7) Preferred platform to tweet ActPlatform
(mobile apps or desktop webs)

(8) Proportion of tweets that were retweets ActRetweetsP
Social features (9) Number of following SocialNumFollowees

(10) Number of followers SocialNumFollowers

(11) Followers-to-following ratio SocialRatios
Interaction features Proportion of original tweets that receives:

(13) Retweets IntGainRetweetP

(14) Likes IntGainLikeP

Proportion of original tweets that contains:

(15) Mentions IntMentions
Content features (16) Average tweet length ContentLen

Proportion of original tweets that contains:

(17) Media ContentMedia

(18) Hyperlinks ContentHyperlinks

(19) Hashtags ContentHashtags

* Account longevity is the number of days since account creation.
**Average number of tweets across account’s lifespan is the total number of tweets posted over the
time between the date of creation and the date of the last tweet.
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Interaction features

Interaction features characterized the social exchange among Twitter users, including
(12) the proportion of original tweets that receives retweets, and (13) the proportion of original
tweets that receives likes from others, and (14) the proportion of original tweets contains
mentions (i.e., including another user account in the tweet).
Content features

Content features were defined as the explicit content and elements of the tweet, including
(16) the average tweet length, the proportion of original tweets that contains (17) media (i.e.,
images or videos), (18) hyperlinks, and (19) hashtags.
Handling Class Imbalance

Imbalanced data refers to a situation where one class is rare compared to the others in a
classification dataset. Imbalanced class distribution in a training set hinders the learning of
representative sample instances, especially the minority class instances, and prevents a model
from correctly predicting an instance label in a testing set. SMOTE (Chawla, Bowyer, Hall, &
Kegelmeyer, 2002) algorithm was used to resolve imbalanced class distribution.
Predictive Models

Via Twitter’s REST API, this study collected profiles and tweets (the most recent 3,200
tweets) posted from 28,404 accounts at two time periods: September 2017 and March 2018. To
build a prediction model, features from the past are used to infer the state of future. Therefore,
this study used accounts’ features (X) collected in September 2017 to predict users’
discontinuance behavior (corresponding target values Y) in March 2018.

Twitter users were randomly split into training (containing three-fourths of the data) and

testing sets (containing one-fourth of the data). The two sets were stratified and contained the

62



same ratio of continuing adopters and discontinuers. Three popular classifiers: Random Forest
(Breiman, 2001), Logistic Regression (Cox, 1958), and Gradient Boosting Classifier (Schapire &
Freund, 2012) were used to classify each Twitter user. A belief introduction of the classifiers are
as follows:
Random Forest

Random forest is an ensemble method. It builds a library of decision trees from a set of
random samples. Each decision tree is grown by randomly choosing the variables to split data
upon. The classifier predicts a class label by average voting from the decision trees. This method
is robust to irrelevant features and can avoid overfitting by constructing an ensemble of trees.
Logistic Regression

Logistic regression uses categorical variables as the dependent variables and a logit
function explaining the probability of success or failure. It is the go-to method for
binary/multinomial classification problems. The logistic model is robust to noise and can avoid
overfitting with regularization.
Gradient Boosting

Gradient boosting machines are a family of powerful machine learning techniques that
have shown considerable success in a wide range of practical applications. In gradient boosting,
the model consecutively minimizes the loss of the model by adding weak learners using a
gradient descent-like procedure.
Model Evaluation

To evaluate model performance, a 10-fold cross-validation was conducted to assess how
well the training model generalized to the testing data set. Cross-validation helps avoid

overfitting. Prediction results were evaluated using precision, recall, F1-score, and accuracy.
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Mathematically,

Precision = P
tp+fp
Recall = p
tp+fn
F1 score — 2. precision recall
precision + recall
tp+tn
Accuracy = prmipim

where #p is the number of true positives, fp is the number of false positives, tn is the number of
true negatives, and fu is the number of false negatives.
Feature Analysis

Trained classifier provides model features and their importance scores. Feature
importance measures how effective a single feature can distinguish classes. The relative
importance of a feature is given by its weight or coefficient (depending on the classifier). To
enable comparisons between classifiers and across fields, all feature scores were normalized to
numbers between 0 and 1. The normalized feature scores were used to rank the features in order
of importance—the higher the score, the more important the feature. Using the recursive feature
elimination (RFE) procedure, features that did not contribute significantly to the result were
recursively eliminated. The recursive process completed when the model reached a desired
number of features with high predictive power.
Sensitivity Analysis

Sensitivity analysis was conducted to test the stability and robustness of the findings.
Group classification and model training were repeated with seven different sets of inactivity
timeframe (based on the 91th to 98th percentile of the average intertweet interval). The order of

their top five important features were then compared with those from the 103-180-day inactivity
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benchmark through Spearman’s rank-order correlations. This study took the average of those
seven Spearman’s correlation coefficients. A high average correlation (> .70) would mean that
the top five important features were consistent over different timeframes of inactivity, and the

conclusion drawn was not sensitive to the 103-180-day inactivity benchmark.

STUDY 2 — ONLINE SURVEY

A national online survey was conducted in three days in early February 2018.
Respondents were recruited through Survey Sampling International (SSI), a national research
company that consists of more than 1 million panel members in the United States. SSI
administered the survey by sending e-mail invitations to a random subset of its panelists who
meet the study’s entry criteria. Eligible respondents were those who over the age of 18 and had
currently (or previously) owned a Twitter account. To ensure reliable answers, three checking
questions® were implemented. Surveys deemed incorrect were void. Respondents were informed
that their responses would be kept confidential and would not be disclosed to anyone. This study
was approved by the Institutional Review Board (IRB) to ensure to had less than minimum risk
to target participants (Appendix A).
Pre-test

Two communication scholars reviewed the preliminary questionnaire. Using a draft of
the preliminary questionnaire, a pilot study host through Survey Sampling International (SSI)
was conducted with 20 respondents from the three user categories (continuing adopters,
intermittent discontinuers, and permanent discontinuers), whose responses were excluded from

the final study. These respondents commented on the survey design and identified unclear

3 Examples of checking questions include “Please pick none at all for this question” and “Please select strongly
disagree for this statement.” Respondents were re

65



questions and responses. The questionnaire was finalized using the feedback from the pilot study
and was later loaded into Qualtrics. The survey took about 10 minutes to complete.
Measurement

The survey instrument included questions about Twitter usage, use experience, types of
discontinuance, stages of discontinuance, and user attributes. To ensure content reliability and
validity, this study adopted established constructs from previous studies. However, given the
length of the questionnaire, certain established scales were modified and shortened. Cronbach’s
alpha values were calculated through the main survey. All Cronbach’s alpha values were above
the .70 threshold, indicating that the scales had acceptable reliability. The complete questionnaire
is attached in Appendix B.

Participants were asked to respond to a variety of seven-point, Likert scales (1 = Strongly
Disagree, 7 = Strongly Agree), unless otherwise stated.
Whether the participant is a continuing adopter, an intermittent discontinuer, or a permanent
discontinuer

Referencing the computational analysis in Study 1, the duration of 103 days (roughly
three months) and the period of Twitter data collection period (i.e., six months) were adopted as
criteria to define continuing adopters and discontinuers. Continuing adopters, intermittent
discontinuer and permanent discontinuers were separated based on three dichotomous questions:
(1) whether they had used Twitter in the past three months, (2) whether they had the intention to
use Twitter in the coming six months, (3) whether they had even taken a break from Twitter for a
period of three months or more. Continuing adopters were individuals who used Twitter in the
past three months and never took a break of three months or more. Intermittent discontinuers

referred to individuals who signed in to Twitter at least once in the past three months, had taken
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a break for three months or more, but returned later. Permanent discontinuers were individuals
who did not use Twitter in the past three months and had no intention to use Twitter in the next
six months (Table 2).

Table 2: To Define Whether a Participant is a Continuing Adopter, an Intermittent Discontinuer, or a
Permanent Discontinuer.

(1) Have you logged (2) Do youintendto  (3) Have you ever

into Twitter during  use Twitter in the voluntarily taken a break
the past three next six months? from Twitter for a period
months? of three months or more
and return to the platform
later?
Continuing adopter Yes Yes No
Intermittent discontinuer Yes or No Yes Yes
Permanent discontinuer No No Yes or No

Reasons for discontinuance

Employing a similar coding strategy as York and Turcotte (2015) and Zhou, Yang, and
Jin (2018), reasons for Twitter use discontinuance were assessed by content analyzing verbatim
responses from the open-ended follow-up question, “what made you decide to discontinue
Twitter use?” A total of five categories emerged from an inductive coding procedure: user-
related, context-related, relationship-related, function-related, and content-related factors,
extending the coding categories presented by Zhou, Yang, and Jin (2018). First, if verbatim
responses referred to personal dissatisfaction and emotional exhaustions, such as time
constraints, boredom, fatigue, burnout, personality mismatch, or privacy concerns, they were
coded as user-related factors. Moreover, responses including taking a break or leaving Twitter
because of low and no usage “without even realizing it” were also coded as user-related. Second,

if responses explaining discontinuance due to completion of job or facilitating conditions, such
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as illness or vacation, these responses were coded as context-related factors. Third, responses
that cited the lack of social interaction, social influences, or social burden were coded as
relationship-related factors. For example, they followed their friends or families to other
platforms. Fourth, function-related factors include respondents who talked about dissatisfaction
toward Twitter’s design and features, such as the confusing layout and the challenging 140-
character limit*. This category also includes respondents who replaced Twitter with alternative
SNSs such as Facebook, Reddit, or Instagram. Fifth, content-related factors consist of
dissatisfaction toward content on Twitter, such as low relevance, low credibility, content
redundancy, negative/offensive content, too many tweets from U.S. President Donald Trump and
other politicians, or too much information. Finally, comments with no clear response were coded
in the “no clear response” category.

Four typologies of discontinuance were also considered for the content analysis. Based
on previous literature, disenchantment discontinuance is attributed to users’ dissatisfaction.
Sub-factors, which included time burden, social media fatigue, personality mismatch, privacy
concerns, a lack of social interaction, social influences, social burden, relative disadvantages,
system shortcomings, low content quality, and information overload all indicate disenchantment
discontinuance. Sub-factor relative disadvantage was considered as a form of disenchantment
and replacement discontinuance. Sub-factor completion of work is completion
discontinuance. Finally, sub-factor low usage is considered as a form of indifferent

discontinuance.

4 1In the hope that it will encourage more people to post, Twitter has doubled the number of characters to 280
characters per tweet since September 2017. Before the time, each tweet only allowed up to a limit of 140 characters.
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Two graduate students in communication and psychology studies coded the responses.
Reliability tests were performed using a representative sample of the population containing 70
comments, following the recommendation of Riffe, Lacy, and Fico (2005) for 95% level of
probability. Interrater reliabilities were calculated (Percent Agreement = 90% and Cohen’s
Kappa = .80).

Utilization level

Respondents’ utilization of Twitter was conceptualized as frequency and duration of use.
Participants were asked to report how many days in a week they use (or previously used) Twitter
(0 — 7 days) and how much time (in minutes) they normally spend (or previously spent) using it
for the days they check (or checked) it. Average time spent per day was transformed using
logarithmic 10 transformation to meet the assumption of normality (Tabachnick & Fidell, 2007).
Active/Passive participation

Modified from the online participation scale by Koreleva et al. (2011), six items were
used to measure the level of participation. Active use included 1) tweeting their thoughts and
feelings, 2) commenting on other people’s tweets, 3) retweeting other people’s tweets, and 4)
liking other people’s tweets (Cronbach’s a = .85, M = 2.31, SD = 0.95); While passive activity
included 5) following news sources, celebrities, and other famous people and 6) clicking on
URLs that link out to other websites (e.g., blogs, news sites, etc.) (Cronbach’s o= .72, M =291,
SD = 1.05). Higher composite scores indicated higher levels of active or passive online
participation, respectively.

Perceived usefulness and perceived ease of use
To measure perceived usefulness and perceived ease of use, participants were asked to

indicate to what extent they agreed with the following statements: 1) Twitter allows me to seek
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information more quickly and 2) Twitter allows me to connect with others more easily
(Cronbach's a. = .75, M = 4.59, SD = 1.50). In a similar manner, the perceived ease of use was
measured with the following statements: 1) Twitter is clear and easy to use and 2) Navigating
Twitter requires a lot of mental effort (Cronbach's a = .73, M =4.07, SD = 0.80). These items are
based on the operationalization of perceived usefulness and perceived ease of use used in the
literature on the Technology Acceptance Theory (Venkatesh & Brown, 2001). Higher composite
scores indicated higher levels of perceived usefulness and perceived ease of use, respectively.
General satisfaction

To measure general satisfaction, participants were asked to indicate to what extent they
felt satisfied with their overall Twitter experience. A higher score represented a higher level of
satisfaction (M =4.37, SD = 1.78).
Information overload and social burden

The measurements for information overload and social burden were adopted from Maier,
Laumer, Eckhardt, and Weitzel (2012). Participants were asked to rate how likely they agreed
with each of the statements assessing information overload: 1) I encounter too much information
when I search on Twitter and 2) I am overwhelmed by the amount of information available on
Twitter (Cronbach's o = .92, M = 3.68, SD = 1.73); To evaluate social burden, 1) I feel that I care
too much about my Twitter-friends’” well-being and 2) I feel I spend too much time dealing with
my Twitter-friends’ problems (Cronbach's o= .77, M = 2.28, SD = 1.31). Higher composite
values indicated higher levels of information overload and social burden, respectively.
Social media fatigue

The scale of emotional exhaustion (Maier et al., 2012) was used to measure social media

fatigue. Participants were asked to rate if they agreed with the following statements: 1) I feel

70



burned out using Twitter, and 2) Using Twitter stresses me out (Cronbach's a = .75, M =2.85,
SD = 1.65). A higher composite value indicated a higher level of social media fatigue.
Independent judgment-making

Two statements were employed to measure the extent to which individuals turned to
others for opinions on innovations before making decisions. Those two statements were: before
registering for an account on Twitter: 1) It was important for me to seek advice from other
Twitter users, and 2) I had to find out what other users thought of Twitter (Cronbach’s a = .83, M
=5.08, SD = 1.65). Both statements were reverse-coded. A higher composite value indicated a
higher level of making independent decisions.
Personal innovativeness

To measure the degree to which an individual is relatively early in adopting new ideas
than other members of a social system, three items were adopted from Kim, Mirusmonov, and
Lee (2010)’s personal innovativeness scale: 1) When I hear about a new technology, I would
look for ways to experiment with it, 2) Among my peers, I am usually the first to try new
technologies, and 3) In general, I am hesitant to try new technologies (reverse-coded)
(Cronbach’s o= .87, M =4.76, SD = 1.30).
Big Five personality traits

The Berkeley Personality Profile (Harary & Donahue, 1994) was used to measure the Big
Five personality traits. Each of the traits was measured with three statements. To measure
extroversion, those statements were 1) Prefers to be alone (reverse-coded), 2) Holds back from
expressing my opinions (reverse-coded), and 3) Enjoys being part of a group (Cronbach’s a
=.71, M =4.29, SD = 1.37). To measure neuroticism, those statements were 1) Becomes stressed

out easily, 2) Is calm, even in tense situations (reverse-coded), and 3) Is afraid that I will do the
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wrong thing (Cronbach’s a = .80, M =3.61, SD = 1.51). To measure openness, those statements
were 1) Does not have a good imagination (reverse-coded), 2) Is interested in many things, and
3) Prefers to stick with things that I know (reverse-coded) (Cronbach’s o =.77, M = 5.00, SD =
0.98). To measure agreeableness, those statements were 1) Trusts others, 2) Contradicts others
(reverse-coded), and 3) Values cooperation over competition (Cronbach’s o= .79, M = 4.83, SD
= 1.01). To measure conscientiousness, those statements were 1) Completes tasks successfully,
2) Excels in what I do, and 3) Works hard (Cronbach’s o = .80, M = 5.74, SD = 0.89). A higher
composite score indicated more of the measured personality trait.
Demographic information

Respondents were also asked for their basic demographic information: gender, age,
ethnicity, and education level. After the descriptive analysis, ethnicity and education were
collapsed into two categories—non-white and white, no college and college—for inferential
analysis.
Measures for the Post-adoption Decision-making Process
Evaluation

To evaluate the stage of evaluation, respondents were asked to gauge how likely the
following statements were to resonate with them before they decided to quit Twitter: 1) I talked
to others about my decision to stop using Twitter, 2) I found out what friends who had already
stopped using Twitter thought, 3) I was aware of alternative SNSs, and 4) I searched for
solutions to reduce, if any, disturbance on Twitter.
Preparation

For the stage of preparation (before they stopped using Twitter), respondents were asked

to rate if they agreed with the following statements: 1) I started to try out other forms of social
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media, 2) I reduced my usage of Twitter, 3) I took several Twitter breaks, and 4) I logged into
Twitter, but I reduced my participation in the conversations.
Action

Regarding the stage of action, respondents were asked if they did the following when
they quit using Twitter: 1) I informed others I was leaving Twitter in my last tweet, 2) I informed
others I was switching to other platforms in my last tweet, 3) I backed up all the tweets I had
previously posted, 4) I deleted all the tweets on my timeline, 5) I switched my Twitter account
status to private/protected, 6) I deactivated my Twitter account, and 7) I deleted my Twitter
account.
Post-action

For the post-action stage, respondents were asked how much they agreed with the
following statements: After I left Twitter,1) I did not want to be the first person I knew to stop
using Twitter, 2) I regretted quitting Twitter, and 3) I thought my decision to stop using Twitter
was hasty.
Relapse

Respondents were asked if they used Twitter again after stop using it for three months or
more. If they did, they were asked to indicate the reasons for readoption, which included four
pre-defined choices, such as 1) I thought Twitter was still worth using, 2) My work/class
required me to use Twitter again, 3) My friends asked me to use Twitter again, or 4) Other.
Respondents could choose multiple options. For those who picked “other,” they were further

directed to answer an open-ended question— “why you decided to return to Twitter again after

the break?”
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Continuance commitment

Three questions were asked to measure the degree of continuance commitment after they
re-adopted using Twitter: 1) It was very hard for me to stop using Twitter, even if [ wanted to, 2)
Twitter was a matter of necessity as much as desire, and 3) I thought about quitting Twitter

again.

ANALYTICAL PROCEDURES

Study 1 consisted of 19 independent variables and Study 2 was conducted with 22
independent variables. As Long (1997) argued, a minimum of 10 observations for each variable
is required for testing a maximum likelihood model (such as logistic regressions). Given the
number of observations in this data set (Study 1: N = 28,404 and Study 2: N = 419), the data set
was sufficient to support the variables. The traditional .05 criterion of statistical significance was
employed for all tests.

Both computational approach (Study 1) and user survey (Study 2) were used to examine
the proportion of and characteristic differences among continuing adopters, intermittent and
permanent discontinuers, addressing RQ1, RQ2, and RQ3. User survey (Study 2) answered RQ4
to RQ8. Analytical procedures and statistical approaches used to answer each of the research
questions are as follows:

To address RQ1, “how frequently are intermittent discontinuance and permanent
discontinuance observed among Twitter users?” Twitter data (Study 1) and survey data (Study 2)
were analyzed and descriptive statistics were generated.

To answer RQ2, “to what extent, are Twitter continuing adopters’, intermittent

adopters’, and permanent adopters’ characteristics (demographic, psychographic, behavioral)

74



distinct from each other?” Study 1 employed Kruskal-Wallis H tests and Dunn’s pairwise
comparisons to evaluate whether the medians of users’ profile, activity, social, interaction, and
content features (Table 1) were significantly different across the groups. Twitter data (e.g.,
number of followers) usually follow power law-like distributions. The Kruskal-Wallis H test is a
rank-based nonparametric test and considered as an alternative to the one-way analysis of
variance (ANOVA) test. It does not assume normality in the data and is much less sensitive to
outliers. Meanwhile, chi-squared tests of independence were used to examine the relationship
between categorical variables (i.e., description, profile picture, mobile apps, and desktop webs)
and the group memberships.

For Study 2, chi-squared tests of independence tests were used to examine the
relationship between categorical demographic variables (i.e., gender, ethnicity, and education).
One-way ANOVA tests were used to check if any demographic (i.e., age), behavioral (i.e.,
utilization level, online participation scale), and psychographic variables (i.e., perceived
usefulness, perceived ease of use, satisfaction, information overload, social burden, social media
fatigue, independent judgment-making, innovativeness, extraversion, neuroticism, openness, and
agreeableness) were significantly different among the groups. Levene’s tests were used to test
the homogeneity of variances assumption. If the assumption of homogeneity of variances was
met, a one-way ANOVA test was performed for that variable and used a Tukey's post hoc test.
Alternatively, a Welch’s ANOVA instead of a one-way ANOVA was carried out. A Games-
Howell post hoc test was then used if the assumption of homogeneity of variances was not met.

To address RQ3, “what characteristics (demographic, psychographic, behavioral)

predict whether a Twitter user is a continuing adopter, an intermittent discontinuer, or a
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permanent discontinuer?” Computational analysis of the “big data” data sets drawn from Twitter
(Study 1) and survey measures (Study 2).

In Study 1, supervised machine learning (with three classifiers: Random Forest, Logistic
Regression, and Gradient Boosting Classifier) used accounts’ features (X) collected in September
2017 to predict users’ discontinuance behavior (corresponding target values Y) in March 2018.
The trained classifier then identified the top five features that were highly discriminative and
relevant to distinguish these three user groups. These five features were considered as media-
centric behavioral factors that predict intermittent discontinuance and permanent discontinuance.
Sensitively analysis was then carried out to check the robustness of the model.

Study 2 employed bivariate correlations, a multinomial logistic regression, and a binary
logistic regression. Bivariate correlations were first conducted to test the relationship among
variables (Table 3). Pallant (2007) referred that the bivariate correlation of .70 indicates a higher
probability of multicollinearity. No independent variables were highly correlated (all less
than .70). To guard against multicollinearity, the variance inflation factor score (VIF) for each
variable in each model was examined. No VIF statistic for any variable was above 2.2 (tolerance
not below 0.45), suggesting that multicollinearity was not a problem for these regression models
(Menard, 1995; Myers, 1990). An examination of the Mahalanobis distance scores indicated no
multivariate outliers. Residual and scatter plots indicated the assumptions of normality, linearity,

and homoscedasticity were all satisfied.
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Table 3: Bivariate Correlations between Independent Variables (N = 419).
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A multinomial logistic regression model and also a binary logistic regression were
performed to predict user categories based on their demographic (i.e., age, gender, ethnicity, and
education), psychographic (i.e., perceived usefulness and perceived ease of use, satisfaction,
information overload, social burden, social media fatigue, independent judgment-making,
innovativeness, extraversion, neuroticism, openness, and agreeableness), and behavioral (i.e.,
utilization level and online participation scale) characteristics. The multi-nominal logistic model
is a more general version of the binary logistic model and uses several binary logistic regression
models to compare categories (continuing adopters = 0 as the reference group, intermittent
discontinuers = 1, and permanent discontinuers = 2). The independent variable can be either
continuous or categorical variables. The probability range of each dependent variable is from 0
to 1. Thus, the first step was to test whether intermittent discontinuers and permanent
discontinuers are different from continuing adopters (the reference group). The second step was
to use a binary logistic regression to compare the predictors between permanent discontinuers
and intermittent discontinuers (the reference group).

To address RQ4, “in general, what are the reasons for intermittent and permanent
Twitter use discontinuance?” Twitter use discontinuance were assessed by content analyzing
verbatim responses from the open-ended follow-up question, “what made you decide to
discontinue Twitter use?” descriptive analysis was conducted.

To address RQS, “to what extent, are Twitter intermittent discontinuers’ and permanent
discontinuers’ reasons for discontinuance different from each other?” Two independent samples
Z-statistics were used to test the significance between the groups’ differences.

To address RQ6, “in general, how do users reach their decisions to discontinue Twitter

use?” Survey questions related to each of the stages in the post-adoption process (i.e., evaluation,
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preparation, action, post-action, and relapse) were evaluated. A descriptive analysis examined
how discontinuers perceive and engage in specific behaviors at each stage.

To address RQ7, “to what extent, are Twitter intermittent discontinuers’ and permanent
discontinuers’ post-adoption decision-making processes different from each other?” Two
independent samples #-tests were performed to investigate if intermittent and permanent
discontinuers take different behavioral and cognitive approaches at each stage.

To address RQ8, “what are the reasons for Twitter readoption for intermittent
discontinuers?” Answers were assessed by content analyzing verbatim responses from the open-
ended follow-up question, “why you decided to return to Twitter again after the break?” when
respondents picked other besides the four pre-defined choices, such as because of work or
friends.

Table 4 summarizes the statistical approaches used for each research question.
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Table 4: Analytical Procedures for Each Research Question.

Research questions Dimensions Major analytical procedures
Study1l Study 2
(Computational approach) (Survey approach)

RQ1 How frequently are intermittent Computational analysis determines the = The benchmark generated from the
discontinuance and permanent benchmark (i.e., the duration D of a computational approach was used to
discontinuance observed among Twitter break) to define whether a Twitter user  draft survey questions about Twitter use
users? is a continuing adopter, an intermittent  in survey.

discontinuer, or a permanent
discontinuer.

RQ2 To what extent, are Twitter continuing Chi-squared tests of independence Chi-squared tests of independence tests
adopters’, intermittent adopters’, and were used to examine the relationship ~ were used to examine the relationship
permanent adopters’ characteristics between categorical variables (i.e., between categorical demographic
(demographic, psychographic, behavioral) description, profile picture, mobile variables (i.e., gender, ethnicity, and
distinct from each other? apps, and desktop webs) among the education).

groups.
One-way ANOVA tests/ a Welch’s
Kruskal-Wallis H tests and Dunn’s ANOVA were used to examine if there
pairwise comparisons were used to were significant differences among
to evaluate whether the medians of continuing adopters, intermittent
other users’ profile, activity, social, discontinuers, or permanent
, interaction, and content features were discontinuers’ characteristics
User . ) . .
characteristics significantly different across the (demo.graphlc, psychographic,
groups. behavioral).
RQ3 What characteristics (demographic, Supervised machine learning (with A multinomial logistic regression, and a

psychographic, behavioral) predict whether
a Twitter user is a continuing adopter, an
intermittent discontinuer, or a permanent
discontinuer?

three classifiers: Random Forest,
Logistic Regression, and Gradient
Boosting Classifier) used accounts’
features (X) collected in September
2017 to predict users’ discontinuance
behavior (corresponding target values
Y) in March 2018. Sensitively analysis
was carried out to check the robustness
of the model.

binary logistic regression were used to
y

predict the users’ discontinuance
behavior.
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Table 4 — Continued

Research questions

Dimensions

Major analytical procedures

RQ4

RQ5

In general, what are the reasons for
intermittent and permanent Twitter use
discontinuance?

To what extent, are Twitter intermittent
discontinuers’ and permanent discontinuers’
reasons for discontinuance different from
each other?

Reasons for
discontinuance

RQ6

RQ7

RQS

In general, how do users reach their
decisions to discontinue Twitter use?

To what extent, are Twitter intermittent
discontinuers’ and permanent discontinuers’
post-adoption decision-making processes
different from each other?

What are the reasons for Twitter readoption
for intermittent discontinuers?

Decision-making
processes of
discontinuance
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Study1l
(Computational approach)

Study 2
(Survey approach)

Verbatim responses from survey’s
open-ended questions were content
analyzed. Descriptive findings were
reported.

Two independent samples Z-tests were
used to examine if there were
significant differences among
intermittent and permanent
discontinuers.

Respondents were asked to rate if they
agreed with a series of pre-defined
behavioral statements. Descriptive
findings were reported.

Two independent samples #-tests were
used to examine if there were
significant differences among
intermittent and permanent
discontinuers.

Verbatim responses from survey’s
open-ended questions were content
analyzed. Descriptive findings were
reported.




RESULTS

Chapter 7: Study 1 - Computational Analysis

TWITTER ACCOUNT PROFILES

Through Twitter REST API, 98,575 valid Twitter accounts were collected in September
2017. The date of creation for these accounts ranged from November 2006 to March 2016. All
the content (13.2 million public tweets) was posted by 49,287 users (50.1% of the accounts). The
other half of the accounts contained no content (43.6%) or they were protected by privacy
settings (6.4%). Thus, their tweets were not accessible. Among all these accounts, only one-third
(33.9%) tweeted five times or more. The sample showed a similar inactivity as Twopcharts
reported. This website monitors the activity level of Twitter accounts and it found that 44% of
existing Twitter accounts had never tweeted once and 5.1% were “private” accounts (The Wall
Street Journal, 2014).

Further, through the use of Botometer API, this study identified that 15% of these
accounts were operated by bots or organizations. The finding was consistent with prior research
that estimated that between 9% to 15% of active Twitter accounts were bots (Varol, Ferrara,
Davis, Menczer, & Flammini, 2017). The following analysis included accounts with more than
five tweets and excluded bot-like accounts. The final sample consisted of 28,404 accounts

(Figure 8).
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A sample of 98,575 Twitter user accounts was collected

14.9% accounts
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Final sample: 28,404 accounts
tweeted 5+ times and less likely to be bots

Figure 8: Profile of Twitter Accounts

DIFFERENCES AMONG CONTINUING ADOPTERS, INTERMITTENT DISCONTINUERS, AND
PERMANENT DISCONTINUERS
RQ1 asked, “how frequently are intermittent discontinuance and permanent

discontinuance observed among Twitter users?” Classification was based on the 103-day
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benchmark (discussed in Chapter 6). Among the 284,404 accounts, 8.10% were continuing
adopters, 14.90.41% were intermittent discontinuers, and 77.00% of the accounts were
permanent discontinuers. Therefore, the majority of Twitter accounts showed prolonged
inactivity.

RQ?2 asked, “fo what extent, are Twitter continuing adopters’, intermittent adopters’, and
permanent adopters’ characteristics (demographic, psychographic, behavioral) distinct from
each other?” Chi-squared tests of independence revealed that there were relationships between
all categorical variables (i.e., description, profile picture, mobile apps, and desktop webs) and
their group memberships. Similarly, Kruskal-Wallis H tests revealed that there were significant
differences in all other features among the groups (p <.001, adjusted using the Bonferroni
correction). Table 5 summarizes the mean rank for each.

Regarding profile features, chi-squared tests of independence revealed that there were
relationships between whether an account has a description, %’ 2 =185.74,p <.001, and a
profile picture, * ) = 248.49, p < .001 with their group memberships. Compared to
continuing adopters and intermittent discontinuers, permanent discontinuers were less likely to
have a profile picture and a description. These findings suggest that permanent discontinuers
make less of an effort to curate their online profiles.

Regarding activity features, Dunn’s pairwise tests revealed, compared with intermittent
discontinuers and permanent discontinuers, continuing adopters had significantly more tweets
(mean rank = 9,531.26) and likes (mean rank = 9,941.74) across the accounts’ lifespan, which
was defined as the time between the date of creation and date of the last tweet. Surprisingly,
intermittent discontinuers showed significantly fewer tweets across the accounts’ lifespan (mean

rank =5,226.47) than permanent discontinuers did (mean rank = 6,393.47).
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On the other hand, the use of devices had significant differences among user
groups. Continuing adopters (mean rank = 7,082.45) and intermittent discontinuers (mean rank =
6,903.54) were more likely to tweet from mobile devices, such as smartphones and tablets, than
permanent discontinuers (mean rank = 6,303.85); while permanent discontinuers (mean rank =
6,640.83) were more likely to tweet from non-mobile devices, such as personal computers, than
continuing adopters (mean rank = 5,617.05) and intermittent discontinuers (mean rank =
6,033.82). This finding was consistent with Perreault and Ruth’s (2011), which found that
Twitter users on personal computers were more active than non-mobile users.

Regarding social and interaction features, as expected, continuing adopters were
significantly more likely to gain followers, make connections, and have a higher follower-
following ratio. Further, their tweets were more likely to receive likes and be retweeted. In
contrast, permanent discontinuers had the lowest number of all these features. These findings
showed that continuing adopters are frequent content creators and are more likely to interact with
others. One interesting finding was that intermittent discontinuers (mean rank = 7,423.29) were
more likely to embed mentions in their tweets, than continuing adopters (mean rank = 6,968.93)
and permanent discontinuers (mean rank = 6,211.25).

Regarding content features, compared to continuing adopters and intermittent
discontinuers, permanent discontinuers were significantly less likely to embed media (e.g.,
videos, photos), hyperlinks, and hashtags in their tweets. Moreover, their tweets were generally

shorter.
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Table 5: Kruskai-Wallis H Tests for Twitter data (N = 28,404).

User categories

Continuing Intermittent Permanent Krusk.ai-
adopters discontinuers discontinuers Wallis
(n=2,380) (n=4377) (n =21,644)
Mean Rank H

Profile features
# of day registered 6,494.23 ° 7,303.38 “ 6,287.69 ©  122.87 ***
(until Jan. 2018)
Length of name 5,929.70 ¢ 6,295.42 b 6,553.56 32.08 ***
Description (No = 0)' 6,936.59 6,851.67 ¢ 6,330.37 ° 185.74 *%*x*
Profile picture (No = 0)' 7,226.83 ¢ 6,917.57 * 6,285.13 ¢ 248.49 ***
Activity features ’

Tweet across lifespan 9,351.26 “ 5,226.12 ¢ 6,393.47 b 871.52 ***
(logio)
Favorite across lifespan (logio) 9,941.74 ¢ 7,582.17 ° 5,852.20 ¢ 1,428.52 ***
Platform (mobile apps)' 7,082.45 ¢ 6,903.54 ¢ 6,303.85 ° 104.48 ***
(No=10)

Platform (desktop webs)' 5,617.05 ¢ 6,033.82 ° 6,640.83 ¢ 178.90 ***
(No=0)

Retweets proportion 8,803.84 ¢ 7,922.13 b 5,908.61 085.54 ***
Social features
Number of following (logio) 9,776.42 “ 8,058.93 ° 5,774.00 © 155523 ***
Number of followers (logio) 10,512.05 ¢ 8,148.25 b 5,675.04 ¢ 2,129.08 ***
Follower-following ratio 8,242.46 6,104.80 b 5,414.76 ¢ 024.38 ***
(logio)

Interaction features

Received retweet 9,222.40 7,823.31 ° 5,882.56 ¢ 1,228.52 ***
Received “likes” 9,709.92 “ 8,069.31 ° 5,779.21 ¢ 1,593.06 ***
Mentions 6,968.93 ° 7,423.29 ¢ 6,211.25 ¢ 197.93 ***
Content features
Avg. length 8,018.03 “ 7,792.14 ° 6,021.31 ¢ 579.00 ***
Media 8,283.10 “ 7,806.35 ° 5,989.28 ¢ 748.81 ***
Hyperlinks 8,307.75 ¢ 8,240.77 “ 5,898.74 ° 087.99 ***
Hashtags 7,747.44 ¢ 8,007.34 ¢ 6,007.56 ° 656.22 ***

"p<.057 p<.01 p<.001
'Chi-squared tests were used to examine the association between categorical variables: Description,

profile picture, mobile apps, and desktop webs.
Subscripts a, b, ¢ indicate statistical significant differences between the mean rankings.
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To address RQ3, “what characteristics (demographic, psychographic, behavioral)
predict whether a Twitter user is a continuing adopter, an intermittent discontinuer, or a
permanent discontinuer?” Random forest, gradient boosting, and logistic regression classifiers
were used to train the discontinuance prediction model. After employing SMOTE algorithm to
resolve the biased of imbalanced class distribution, all three predictive models achieved
reasonably high prediction accuracies (in the ranges of 75% to 92%). The prediction accuracies
were significantly better than random guessing (33.3% for three-class classification), confirming
that it was possible to classify whether a Twitter user is a continuing adopter, an intermittent
discontinuer, or a permanent discontinuer. Table 6 presents the prediction results (i.e., precision,

recall, F1-score, and overall accuracy).

Table 6: Classifiers’ Performance.

Precision Recall F1-score Accuracy
Random Forest 91 91 91 .92
Gradient Boosting .86 .86 .86 .85
Logistic Regression .76 75 75 75

IMPORTANT FEATURES

Best performances were achieved using the Random Forest classifier. Its high F1-score
(i.e., .91, the weighted average of precision and recall) demonstrated a strong model performance
in terms of both sensitivity and specificity. Table 7 shows the classification performance for
Random Forest Classifier for each target group. In fact, the success of machine learning
algorithms is highly dependent on features that were used. The strong model performance
indicates that the features selected in this study are highly discriminative and relevant that can be

used to distinguish three groups. This suggests that Twitter features discussed above are effective
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at predicting whether a Twitter user is a continuing adopter, an intermittent discontinuer, or a

permanent discontinuer.

Table 7: Classification Performance of the Random Forest Classifier.

Precision Recall F1-score
Continuing adopters (0) 92 .96 .94
Intermittent discontinuers (1) .90 .89 .90
Permanent discontinuers (2) .94 .88 91

Recursive feature selection identified the top five features that were highly discriminative
and relevant to distinguish these three user groups. In the order of their importance, they were (1)
the average number of tweets across account’s lifespan, (2) the number of followers, (3) the
proportion of original tweets that receives likes, (4) the average number of likes across account’s
lifespan, and (5) the proportion of original tweets that contains hyperlinks. These five features

totally achieved 84.12% accumulated model accuracy (Table 8), answering RQ3.

Table 8: The Top Five Features Importance Scores.

Features Description Feature Accumulated
importance model accuracy

1 ActAvgTweet Average number of tweets 16 58.50%
across account’s lifespan**

2 Followers count Number of followers 14 75.07%

3  IntGainLikeP Proportion of original tweets .09 79.30%
that receives likes

4  ActAvgFav Average number of likes across .08 83.02%
account’s lifespan™**

5  ContentHyperlinks  Proportion of original tweets .07 84.12%

that contains hyperlinks
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Finally, this study carried out a sensitivity analysis to test the robustness of the model.
Random Forest classification was performed on seven different inactivity benchmarks (based on
the 91th to 98th percentile of the average intertweet intervals (ITT)). The top five features derived
from each benchmark were reported in Table 9. The Spearman’s correlation coefficients between
the ranking of those top five features for each benchmark and that of the 103-180-day benchmark
ranged from .26 to 1.00. The average correlation coefficient was .74. This indicated that the
model was insensitive to the choice of benchmark and the prediction model was reasonably

stable and robust.
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Table 9: Sensitivity Analysis.

. . Top five important features
Percentile of  Respective P P

Set .
the average timeframe E nd 3 40 5t Ts
ITI (days)
1 91% 60-140 ActAvgTweet  Followers count IntGainLikeP ActAvgFav ContentHyperlinks ~ 1.00
2 92 73-150 ActAvgTweet  Followers count IntGainLikeP ContentHyperlinks ~ActAvgFav .26
3 93" 82-160 ActAvgTweet  Followers count IntGainLikeP ActAvgFav ContentHashtags 1.00
4 94" 92-170 ActAvgTweet  Followers count  ActAvgFav ContentHashtags ContentHyperlinks .60
The 103-180-day 95" 103-180 ActAvgTweet  Followers count IntGainLikeP ActAvgFav ContentHyperlinks
benchmark

5 96™ 122-200 ActAvgTweet  ActAvgFav Followers count ActAvgFav ContentHyperlinks .70
6 97" 145-220 ActAvgTweet  Followers count ContentMedia IntGainRetweetP ContentHyperlinks .70
7 98" 185-250 ActAvgTweet  ActAvgFav ContentHyperlinks  IntGainLikeP ActRetweetsP .90

Average = 74

r, 18 the Spearman’s correlation coefficients.

ActAvgTweet is the average number of tweets across account’s lifespan.

Followers_count is the number of followers.

IntGainLikeP is the proportion of original tweets that receives likes.

ActAvgFav is the average number of likes across account’s lifespan.

ContentHyperlinks is the proportion of original tweets that contains hyperlinks.

ActRetweetsP is the proportion of tweets that were retweets.

IntGainRetweetP is the proportion of original tweets got retweeted.

ContentMedia is the proportion of original tweets that contains media (e.g., video and photos).
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Chapter 8: Study 2 — User Survey

RESPONDENT PROFILES

A survey of 450 Twitter users was conducted in February 2018. As a part of data
cleaning, 31 respondents who either failed or did not answer the attentiveness questions were
dropped from the data set. The final sample consisted of 419 individuals.

The sample’s demographic characteristics were compared to Twitter demographics
reported by the Pew Research Center (Smith & Anderson, 2018). Table 10 shows the
comparison. Of the sample, the mean age was 35.8 (SD = 10.8), ranging from 19 to 82. In terms
of gender, 44.7% of the respondents were male and 55.3% were female, which is slightly
different from Twitter’s demographic—of which 48.7% were male and 51.9% were female
(Smith & Anderson, 2018). The vast majority of the sample was white (74.9%), followed by
8.1% black/African-American, 6.3% Asian, 6.3% Hispanic/Latino, 2.8% multi-racial, and 1.1%
Native American. Most of the respondents (40.1%) were college graduates. It aligns with the
findings from the Pew’s study, which reports that 38% of Twitter users were college graduates.
Overall, the sample is reasonably representative of the Twitter U.S. population in terms of age,
gender, race, and education.

Twitter Use

Respondents were asked to report when was the last time they signed into Twitter.
Results shows that a substantial majority of respondents (81.4%) logged into Twitter at least
once in the past three months. Meanwhile, 10% reported that the last time they logged in was
three to 12 months ago. Some respondents (6.2%) said the last time they signed into Twitter was
more than a year ago and a few of the respondents (2.4%) could not recall when was the last time

they signed in.
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Table 10: Demographic Profile of Survey Respondents and Twitter Users.

Respondents Survey Twitter users*
(Feb. 2018) (%) (Jan. 2018) (%)
Age:
18-29 38.2 43.4
30-49 44.6 33.1
50-64 10.7 17.7
65+ 6.4 5.8
Gender:
Male 44.7 48.1
Female 553 51.9
Race/Ethnicity:
White 74.9 67.8
Non-white 25.1 32.2
Education:
High school or less 24.8 29.9
Some college 35.1 32.1
College graduate 40.1 38.0

* Data was derived from the Pew Research Center’s Social Media Use in 2018 report (Smith &
Anderson, 2018)

Regarding when was the last time the respondents posted on Twitter, more than half of
the respondents (55.1%) said they tweeted at least once in the last three months, followed by
18.1%, who said their last tweet was posted three to 12 months ago. Meanwhile, 15.9% of the
respondents reported that their last tweet occurred more than a year ago. One out of ten (10%)
respondents said they had never posted before. Finally, 2% could not recall when was the last
time they posted.

Regarding why they first started using Twitter, 56% of the respondents said it was for
social networking, and 50.6% said they used it for news/information. For those who used Twitter
for news, a vast majority (80.1%) reported that they used Twitter specifically for breaking news,

followed by politics (67.5%), entertainments (61.3%), and sports (39.6%). Roughly a quarter
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(25.5%) said used Twitter to express their personal thought (25.5%), and 11.9% used it for
work/study. These findings were consistent with Blank’s (2017) study, which indicated that
socializing and information seeking were the top two activities for Twitter users.

When asked whether friends, family, or mass media influenced their decisions to start
using Twitter, nearly two-thirds of them (64.7%) said their friends played a role. Family (19.6%)
and co-workers (15.8%) also influenced their decisions. Comparatively, mass media played a
less important role, with only 13.3% attributing their decisions to online reviews and 10.5% to

advertisements for Twitter.

DIFFERENCES AMONG CONTINUING ADOPTERS, INTERMITTENT DISCONTINUERS, AND
PERMANENT DISCONTINUERS

RQ1 asked, “how frequently are intermittent discontinuance and permanent
discontinuance observed among Twitter users?” Among all respondents (N =419), 166 (39.6%)
were continuing adopters, 194 (46.3%) were intermittent discontinuers, and 59 (14.1%) were
permanent discontinuers.

RQ?2 asked, “fo what extent, are Twitter continuing adopters’, intermittent adopters’, and
permanent adopters’ characteristics (demographic, psychographic, behavioral) distinct from
each other?” Chi-squares tests and one-way ANOVA tests revealed significant differences
among the three groups for 12 variables. Table 11 summarizes the mean and standard deviation
for each.

Four demographic variables were examined. Chi-square tests of independence showed a
relationship between gender and group memberships, 5 @ =9.35, p <.05. Females were more

likely to be permanent discontinuers than continuing adopters.
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For Twitter use, results showed significant differences between continuing adopters and
discontinuers in terms of number of day(s) per week, F(2, 416) = 60.61, p <.001, minute(s) per
day, Welch’s F(2,416) =4.53, p < .05, and active online participation scale, Welch’s F(2, 416) =
9.60, p <.001. Alternatively, passive online participation had significant differences among these
three groups, F(2, 416) = 15.91, p <.001. Continuing adopters had the highest scores for passive
online participation (M = 3.21, SD = 1.00), followed by intermittent discontinuers (M = 2.80, SD
=0.98), and permanent discontinuers (M = 2.40, SD = 1.13). As expected, continuing adopters
had a higher utilization level and online participation than discontinuers. However, surprisingly,
intermittent discontinuers differed from permanent discontinuers only in the level of passive
participation. There were no other significant variations in terms of behavioral measures.

For innovation perceptions, there were significant differences in terms of perceived
usefulness, Welch’s F(2, 416) =43.62, p <.001, and satisfaction, Welch’s F(2,416)=31.74, p
<.001, among these three groups. Continuing adopters had the highest scores for perceived
usefulness and satisfaction, followed by intermittent discontinuers, and permanent discontinuers.
Intermittent discontinuers (M = 3.19, SD = 1.65) and permanent discontinuers (M = 3.08, SD =
1.88) both reported a higher level of social media fatigue, compared with continuing adopters (M
=2.39, 8D =1.45), Welch’s F(2, 416) = 12.62, p < .001. Permanent discontinuers (M = 4.14, SD
= 1.76) reported a significant higher level of information overload than continuing adopters (M =
3.40, SD = 1.59), Welch’s F(2, 416) = 4.87, p < .01. There was no significant difference in terms
of social burden among three groups, F(2, 416) = .40, p > .05.

For personality traits, intermittent discontinuers (M = 5.19, SD = 1.54) and permanent
discontinuers (M = 5.66, SD = 1.54) had a significantly higher independent judgment scale than

continuing adopters (M = 4.74, SD = 1.75), Welch’s F(2,416) = 7.66, p < .001. There was no
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significant difference between intermittent and permanent discontinuers in terms of independent
judgment scale. However, intermittent discontinuers (M = 4.93, SD = 1.18) had a significant
higher level of innovativeness than permanent discontinuers (M = 4.42, SD = 1.48), Welch’s F(2,
416) = 3.78, p <.05. One-way ANOVA tests demonstrated that there were no significant

differences between any Big Five personality traits among three groups.

ASSOCIATIONS AMONG MAIN CONSTRUCTS AND PREDICTING INTERMITTENT AND PERMANENT
DISCONTINUANCE

To answer RQ3, “what characteristics (demographic, psychographic, behavioral)
predict whether a Twitter user is a continuing adopter, an intermittent discontinuer, or a
permanent discontinuer?” A multinomial logistic regression analysis with “continuing adopters”
as a reference category was employed to predict the odds of intermittent and permanent
discontinuance (Table 12). A test of full model versus an intercept-only model (null model) was
statistically significant (LR x> = 601.4, p < 0.001), indicating that the predictors reliably
distinguished these three groups. Non-significant deviance and Pearson scores and a
Nagelkerke’s R’ of .50 (indicating a moderate relationship between prediction and the grouping)

further supported that the logistic model was more effective than the null model.
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Table 11: Descriptive Statistics and One-way ANOVA Tests for Survey Respondents.

User categories

All respondents Continuin Intermittent Permanent -
_ g One-way
(N=419) adopters discontinuers discontinuers ANOVA
(n =166) (n=194) (n=159) F
M (SD) M (SD) M (SD) M (SD)
Demographic
Gender (male = 0)" 55 51 ¢ 60 73 b 935 *
Education' 51 58 48 41 6.91
(no college = 0)
Ethnicity ' 75 78 72 78 2.09
(non-white = 0)
Age 35.79 (10.8) 36.04 (10.65) 36.35 (11.07) 33.22 (9.74) 2.00
Twitter use
# of day registered 2,251 (1,095) 2,140 (1,156) 2,282 (1,088) 2,461 (903) "2.35
(until Jan. 2018)
Days per week 3.22 (2.53) 4.67 (2.29) 2457 (2.20) 1.66 ° (2.22) 60.61 ***
Minutes spent per 19.05 (23.37) 23.12 “ (25.97) 1733 ° (20.71)  13.26 b (22.38) Y453 *
day(logio)
Active online 2.31 (0.95) 2.52 ¢ (1.01) 224 ° (0.91) 1.95 ° (0.81) "9.60 ik
participation
Passive online 291 (1.05) 321 ¢ (1.00) 2.80 ° (0.98) 240 ¢ (1.13) 15.91 ***
participation
Innovation perceptions
Perceived usefulness 4.59 (1.50) 520 ¢ (1.20) 4.46 ° (1.45) 329 ¢ (1.49) V43,62 HxE
Perceived ease of use 4.07 (0.80) 4.08 (0.74) 4.15 ¢ (0.84) 3.81 ° (0.74) 432 *
Satisfaction 4.37 (1.78) 529 ¢ (1.40) 403 ° (1.68) 292 ¢ (1.62) V62,11
Information overload 3.68 (1.73) 3.40 ° (1.59) 3.78 (1.81) 414 ¢ (1.76) Y487 **
Social burden 2.28 (1.31) 2.34 (1.42) 222 (1.23) 2.31 (1.31) 0.40
Social media fatigue 2.85 (1.65) 239 ° (1.45) 3.19 ¢ (1.65) 3.08 ¢ (1.88) Y12.62 HxE

Personality traits
Independent judgment- 5.08 (1.65) 4.74 (1.75) 5.19 ¢ (1.54) 5.66 ¢ (1.54) "7.66 ***

making

Innovativeness 4.76 (1.30) 4.69 (1.34) 493 “ (1.18) 4427 (1.48) 378 *
Extraversion 4.29 (1.37) 4.21 (1.31) 4.38 (1.38) 4.20 (1.48) 0.76
Neuroticism 3.61 (1.51) 3.56 (1.54) 3.59 (1.49) 3.80 (1.53) 0.54
Openness 5.00 (0.98) 4.97 (0.98) 5.02 (0.94) 4.97 (1.09) 0.15
Agreeableness 4.83 (1.01) 4.83 (0.96) 4.86 (1.01) 4.68 (1.13) 0.77
Conscientiousness 5.74 (0.89) 5.63 (0.87) 5.79 (0.90) 5.89 (0.93) 2.52

*p<.05 p<.01 p<.001

Subscripts a, b, c indicate statistical significant differences between the means.

Subscript w represents Welch’s adjusted F ratios and post hoc comparisons were conducted utilizing Games-Howell tests.
' Chi-squared tests were used to examine the association between categorical variables: Gender, education, and ethnicity.
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Results demonstrated that six predictors significantly distinguished intermittent
discontinuers from continuing adopters: education (OR = 1.79, p < .05), days per week (OR =
0.69, p <.001), satisfaction (OR = 0.74, p < .05), independent judgment-making scale (OR =
1.23, p <.05), social media fatigue (OR = 1.40, p < .01), and innovativeness (OR = 1.28, p
<.05). In other words, the odds of being an intermittent discontinuer (as opposed to a continuing
adopter) increases when the respondent does not have a college degree, uses Twitter on fewer
days per week, is less satisfied with Twitter, is more capable of making independent judgment, is
more innovative, and experiences a higher level of social media fatigue.

On the other hand, seven predictors significantly distinguished permanent discontinuers
from continuing adopters: Age (OR = 0.95, p <.05), days per week (OR = 0.74, p <.01),
satisfaction (OR = 0.59, p <.01), independent judgment-making scale (OR = 1.43, p <.05),
number of days since adopting Twitter (OR = 0.84, p < .05), social burden (OR = 1.54, p <.05),
and conscientiousness (OR = 1.85, p <.05). In short, the odds of being a permanent discontinuer
(as opposed to a continuing adopter) increases when the respondent is younger, uses Twitter on
fewer days per week, is less satisfied with Twitter, is more capable of making independent
judgment, has a shorter history with Twitter, experiences a higher level of social burden, and is
more conscientious.

Among those four blocks of independent variables (i.e., demographics, Twitter use,
innovation perceptions, and personality traits), variables of innovation perceptions contributed
significantly more to the multinomial logistic regression model than the other blocks, F(2,12) =
699.16, p <.001). Variables of innovation perceptions accounted for 32% of the variation.

Binary logistic regression analysis with “intermittent discontinuers” as a reference

category was employed to predict the odds of being a permanent discontinuer (Table 13). A test
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of the full model versus an intercept-only model (null model) was statistically significant, LR y*
=205.91, p <.001, indicating that the full model fits significantly better than the null model. The
model explained 36.0% (Nagelkerke R”) of the variance and correctly classified 82% of the
cases. Adjusted odds ratios, indicating changes in odds resulting from unit changes in the
independent variables, are presented in Table 13. Results showed that permanent discontinuers
tend to be younger (OR = 0.95, p < .01), non-white (OR = 0.26, p < .05), report a higher level of
social burden (OR = 1.84, p <.001), and are less innovative (OR = 0.63, p <.01) than
intermittent discontinuers.

Among those four blocks of independent variables (i.e., demographics, Twitter use,
innovation perceptions, and personality traits), variables of innovation perceptions contributed
significantly more to the binary logistic regression model than other blocks, F(2,6) =237.34, p
<.001). Variables of innovation perceptions accounted for 21% of the variation to predict the

odds of being a permanent discontinuer.
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Table 12: Multinomial Logistic Regression Predicting Intermittent Discontinuers and Permanent

Discontinuers (Only the Final Model is Shown).

Reference category: continuing adopters (n = 166)

Intermittent discontinuers (n = 194)

Permanent discontinuers (n = 59)

Incremental R?

Model y?
B (SE) OR 95 % CI B (SE) OR 95 % CI
Intercept (constant) 127.18 (89.11) 350.52 * (141.60)
Demographic
Gender -0.07 (0.28) 0.94 (0.54-1.63) -0.80 (0.46) 0.45 (0.18—-1.10)
(male = 0)
Education 0.58 * (027) 1.79 (1.06-3.02) 0.67 (0.40) 1.95 (0.89-4.28)
(no college = 0)
Ethnicity 0.23 (032) 1.26 (0.68—-2.34) -0.96 (0.53) 0.38 (0.14-1.07) .06
(non-white = 0)
Age 0.00 (0.01) 1.00 (0.97-1.03) -0.05 * (0.02) 0.95 (0.91-0.99) 564.67***
Twitter use
# of day registered -0.07 (0.04) 0.94 (0.86—1.02) -.017 * (0.07) 0.84 (0.73-0.96)
(until Jan. 2018)
Days per week -0.37 ***  (0.07) 0.69 (0.61-0.80) -0.30 ** (0.12)  0.74 (0.59-10.93)
Minutes spent per 0.42 (0.07) 1.53 (0.77-3.05) -0.59 (0.51)  0.56 (0.21-1.50)
day(logio)
Active online 0.20 (0.18) 1.23 (0.86—1.74) 0.27 (031) 131 (0.71-2.40) .28
participation
Passive online -0.12 (0.15) 0.88 (0.66—-1.19) -0.04 (0.23) 096 (0.61—1.50) 719.77***
participation
Innovation
perceptions
Perceived usefulness -0.02 (0.13)  0.99 (0.76 —1.28) -0.29 (0.18) 0.75 (0.52-1.07)
Perceived ease of use 0.31 (0.19) 1.37 (0.94-1.98) -0.28 (0.29) 0.76 (0.43-1.33)
Satisfaction -0.30 * (0.12) 0.74 (0.59-0.95) -0.53 ** (0.17)  0.59 (0.42-0.82)
Information overload 0.02 (0.09) 1.02 (0.85-1.23) 0.15 (0.13) 1.16 (0.90-1.49)
Social burden -0.13 (0.13) 0.88 (0.68—-1.14) 043 * (0.19) 1.54 (1.06-2.23) .32
Social media fatigue 0.34 ** (0.10) 1.40 (1.14-1.72) 0.14 (0.14) 1.15 (0.87—-1.53) 699.16%**
Personality traits
Independent 0.21 * (0.09) 1.23 (1.03-1.46) 0.36 * (0.14) 1.43 (1.09-1.88)
judgment-making
Innovativeness 0.24 * (0.11) 1.28 (1.02-1.60) -0.16 (0.17)  0.85 (0.61—-1.20)
Extraversion 0.17 (0.11) 1.19 (0.96—1.47) 0.20 (0.17) 1.22 (0.88—-1.69)
Neuroticism 0.03 (0.11) 1.03 (0.84—-1.26) 0.02 (0.15) 1.02 (0.75-1.38)
Openness 0.02 (0.16) 1.02 (0.75-1.38) 0.15 (0.23) 1.17 (0.74-1.84)
Agreeableness 0.03 (0.14) 1.03 (0.78—-1.36) -0.11 (0.22) 090 (0.59-1.37) .09
Conscientiousness 0.24 (0.18) 1.27 (0.90-1.80) 0.60 * (0.26) 1.85 (1.09-3.02) 803.50%**
Model y? (df) 601.4 *** (44)
R? (Nagelkerke) .50
R? (Cox and Snell) 43

B Unstandardized regression coefficient, SE standard error, OR odd ratio, CI confidence interval for OR

"p<.057 p<.017 p<.001

99



Table 13: Binary Logistic Regression Predicting Intermittent Discontinuers and Permanent Discontinuers

(Only the Final Model is Shown).

Reference category: Intermittent discontinuers (n = 194)

Permanent discontinuers (rn = 59)

B

(SE)

OR

95 % CI

Incremental R?

Model y?
Intercept (constant) 237.20 (134.59)
Demographic
Gender (male = 0) -0.56 (0.42) 0.57 (0.25-1.29)
Education (no college = 0) -0.02 (0.37) 0.98 (0.47 -2.03)
Ethnicity (non-white = 0) -1.34 * (0.49) 0.26 (0.10-0.69) .06
Age -0.05 ** (0.02) 0.95 (0.92-0.99) 263.88*
Twitter use
# of day registered (until Jan. 2018) -0.12 (0.07) 0.89 (0.78 = 1.01)
Days per week 0.09 (0.12) 1.10 (0.88 — 1.38)
Minutes spent per day (logio) -1.00 (0.50) 0.37 (0.14 - 0.98)
Active online participation 0.11 (0.29) 1.12 (0.63-2.00) .11
Passive online participation 0.11 (0.22) 1.12 (0.73-1.71) 255.45%*
Innovation perception
Perceived usefulness -0.30 (0.17) 0.74 (0.53-1.03)
Perceived ease of use -0.50 (0.26) 0.61 (0.36 —1.01)
Satisfaction -0.24 (0.16) 0.78 (0.58 — 1.06)
Information overload 0.11 (0.11) 1.12 (0.89 — 1.40)
Social burden 0.61 *** (0.18) 1.84 (1.29-2.61) .21
Social media fatigue -0.21 (0.13) 0.81 (0.63 —1.04) 237.34%**
Personality traits
Independent judgment-making 0.15 (0.14) 1.16 (0.89 - 1.52)
Innovativeness -0.46 ** (0.16) 0.63 (0.46 — 0.87)
Extraversion 0.03 (0.15) 1.03 (0.77 - 1.38)
Neuroticism -0.01 (0.14) 0.99 (0.75-1.30)
Openness 0.11 (0.22) 1.12 (0.72-1.72)
Agreeableness -0.15 (0.20) 0.86 (0.58-1.28) .08
Conscientiousness 0.37 (0.24) 1.45 (0.91 —2.32) 259.95%
Model y? (df) 205.91 *** (22)
H—L ¥ (df) 5.70 (®)
R? (Nagelkerke) .36
R? (Cox and Snell) .24

B Unstandardized regression coefficient, SE standard error, OR odd ratio, CI confidence interval for OR

Kok

p<.05T p<.017 p<.001
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REASONS FOR DISCONTINUANCE

RQ4 asked, “in general, what are the reasons for intermittent and permanent Twitter use
discontinuance? ” Intermittent discontinuers and permanent discontinuers gave 370 and 141
responses to the open-ended question in the survey, respectively. Table 14 presents the
frequencies of these reasons in five factors (i.e., user-, context-, relationship-, function-, content-
related factors), and four discontinuance typologies (i.e., disenchantment, replacement,
indifferent, and completion), with verbatim quotes for each.

For both groups of discontinuers, user-related factors were the most common reasons for
Twitter use discontinuance (49.48% for intermittent discontinuers and 52.54% for permanent
discontinuers). Specifically, roughly a quarter (23.20%) of the intermittent discontinuers stated
that low usage was one of their reasons for taking a break from Twitter. In addition,
approximately one-third (32.20%) of the permanent discontinuers left Twitter because of a lack
of interest.

Function-related factors were the second most common motivation for permanent Twitter
use discontinuance (45.76%). Many (28.82%) permanent discontinuers were dissatisfied with
some features of Twitter, such as commenting that its layout is “too confusing” and “messy.”
Therefore, 35.59% dropped Twitter and turned to other SNSs, such as Facebook, Instagram, or
Reddit. Among intermittent discontinuers, function-related factors were only the fourth reason
for discontinuance.

More intermittent discontinuers reported content-related reasons for discontinuance,
making them the second most common motivation for the group. Many of them (45.36%) were
disenchanted with the quality of content on Twitter and overwhelmed by the constant streaming

of information. One interesting finding was that 17.01% of the intermittent discontinuers took a
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break from the platform because of Donald Trump and debates related to him. Content-related
factors were the third major reason for permanent discontinuers. Roughly a quarter (25.42%) of
permanent discontinuers said low relevance was the reason for dropping the platform.
Context-related factors accounted for 17.53% of intermittent discontinuance and 3.39%
of permanent discontinuance. While some discontinuers (12.89% for intermittent discontinuers
and 3.39% for permanent discontinuers) reported that they did not sign in to Twitter because they
were sick or on vacation, a few of them (4.64% for intermittent discontinuers and 1.69% for
permanent discontinuers) left Twitter as they had completed their work that required Twitter.
Relationship-related factors were the least common reason for intermittent discontinuers
(14.43%). Results revealed that very few respondents discontinued their Twitter use because of

social burden (1.55% for intermittent discontinuers and 3.39% for permanent discontinuers).

ASSOCIATION BETWEEN REASONS FOR DISCONTINUANCE AND TYPE OF DISCONTINUERS
Factors

As shown in Table 14, compared with intermittent discontinuers, permanent
discontinuers were significantly more likely to mention relationship-related factors (10.99%
difference, z =-1.97, p < 0.05) and function-related factors (30.81% difference, z =-4.99, p <
0.001) as reasons for discontinuance. In contrast, intermittent discontinuers reported more
context-related factors as the reason for discontinuance (14.14% difference, z = 2.37, p < 0.01).
Intermittent discontinuers and permanent discontinuers were equally likely to report user-related
and content-related factors as reasons for discontinuance. As discussed about, these two factors

are major reasons for discontinuance for both groups.
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Discontinuance Typologies

Regarding discontinuance typologies, most of the sub-factors related to disenchantment
discontinuance showed insignificant variations between two groups. Compared with intermittent
discontinuers, permanent discontinuers were more likely to report a lack of interest (22.41%
difference, z = -4.22, p < 0.001), social influence (8.41% difference, z = -2.20, p < 0.05), system
shortcomings (23.66% difference, z =-5.15, p <0.001), and low relevance (14.08% difference, z
=-2.68, p <0.01) as reasons for discontinuance. On the contrary, compared with permanent
discontinuers, intermittent discontinuers were significantly more likely to state information
overload (11.12% difference, z = 1.99, p <.05) as an explanation for discontinuance.

Relative disadvantage is a combined form of discontinuance—disenchantment and
replacement discontinuance. Permanent discontinuers were more likely to feel dissatisfied and
replace Twitter with other SNS platforms (22.70% difference, z =-3.96, p < 0.001).

Regarding indifferent discontinuance (i.e., low usage), intermittent discontinuers were
more likely to say they forgot to use Twitter (14.73% difference, z = 2.49, p < 0.05). Finally, for
completion discontinuance (i.e., completed their work), there was no significant difference

between the two types of discontinuers, z = 1.02, p > .05.
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Table 14: Comparison of Reasons for Twitter use discontinuance between Intermittent Discontinuers and Permanent Discontinuers.

Frequency (%)#
Factors & Sub-factors Ipterm}ttent Permqnent Z-score Verbatim Quotes
discontinuers discontinuers
(n=194) (n=159)
User-related 96 (49.48%) 31 (52.54%) -0.41
Low usage’ 45 (23.20%) 5 (8.47%) 249 * It just doesn't interest me and I forget about it. It wasn't really a
conscious decision.
Social media fatigue I took a break from Twitter just to get away from all the drama and
Usage exhaustion' 32 (16.49%) 10 (16.95%) -0.08 constant checking up on people for a few times a day. I got a little bit
burned out.
Lack of Interest' 19 (9.79%) 19 (32.20%) -4.22 *** Ttend to get very bored with Twitter.
Burden on time' 24 (12.37%) 7 (11.86%) 0.10 I can't open Twitter due to my busy schedule.
Personality mismatch’ 2 (3.39%) 1 (1.69%) -0.41 As an introvert, I did not want to share my feelings online.
Privacy concerns' 1 (1.69%) 1 (1.69%) -0.90 On top of that they probably spy on you and share the information with
the government and other organizations.
Context-related 34 (17.53%) 3 (3.39%) 2.37 **
Facilitating conditions 25 (12.89%) 2 (3.39%) 2.07 * There was a time when I was so ill that I could barely see, let alone
interact with others.
Completion of work® 9 (4.64%) 1 (1.69%) 1.02 I stopped using an account because it was related to a job that I was no
longer doing.
Relationship-related 28 (14.43%) 15 (2542%) -1.97 *
Lack of social interaction' 19 (9.79%) 5 (8.47%) 0.30 I felt that I wasn't connecting with people on Twitter.
Social influences’ 10 (5.15%) 8 (13.56%) -2.20 * My children don't use it much anymore.
Social burden' 3 (1.55%) 2 (3.39%) -0.89 I had to cut some people off and twitter was big in school.
Function-related 29 (14.95%) 27  (45.76%) -4.99 ***
Relative disadvantages > 25 (12.89%) 21 (35.59%) -3.96 ***  Facebook has more to do on it than Twitter.
System shortcomings' 10 (5.15%) 17 (28.81%)  -5.15 *** Tdon't like the layout or the way the information is presented.
Content-related 88 (45.36%) 25  (42.37%) 0.40
Information overload' 38 (19.59%) 5 (8.47%) 1.99 * I took a break from Twitter as the constant flow of information and
idiocy surrounding politics was straining my eyes and my minds.
Avoiding politics & Trump' 33 (17.01%) 9 (15.25%) 0.32 All the drama that comes with politics and trump really makes me not
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Table 14 — Continued

Frequency (%)#
Factors & Sub-factors Intermittent Permanent Z-score Verbatim Quotes
discontinuers discontinuers
(n=194) (n=59)
Low content quality
Negative/ Offensive content' 27 (13.92%) 7 (11.86%)  0.40 There was a lot of negative postings from people I was following.
Low relevance' 22 (11.34%) 15 (25.42%) -2.68 ** Twitter also has a trending section that is full of very random topics
that do not really pertain to my life at all and I did not find very
humorous.
Low credibility’ 13 (6.70%) 4 (6.78%) -0.02 Twitter is full of spam and fake accounts.
Content redundancy’ 13 (6.70%) 3 (5.08%) 045 It seems like the people I do see are just saying the same things on
Facebook so why do I need two places.
No clear response 3 (1.55%) 0 (0.00%) 0.96
Total number of comment 370 141

Tp<.05 p<.01 p<.001

# Each respondent could mention multiple reasons for discontinuance.
1. Burden on time, social media fatigue, not matching users’ personality/style, privacy concerns, lack of social interaction, social influences, social burden, relative
disadvantages, system shortcomings, low content quality, and information overload were considered as forms of disenchantment discontinuance.

2. Relative disadvantage was considered as a combination of disenchantment and replacement discontinuance.

3. Low usage was considered as a form of indifferent discontinuance.

4. Completion of work was considered as a form of completion discontinuance.
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THE POST-ADOPTION DECISION-MAKING PROCESS

One of the goals of the current study is to understand the post-adoption decision-making
process. Table 15 summarizes the results for RQ6 and RQ?7.

RQ6 asked, “In general, how do users reach their decisions to discontinue Twitter use?”
A descriptive analysis showed that at the stage of evaluation, Twitter discontinuers rarely talked
to (M =2.04, SD = 1.68) or consulted with others (M = 2.22, SD = 1.68) about their
discontinuance decisions at the stage of evaluation. At the stage of preparation, discontinuers
reported they cut down usage (M = 5.70 SD = 1.68), take a break (M =4.74, SD =2.07), and
reduce their online participation (M = 4.33, SD = 2.11) before they officially stopped using
Twitter. Very few Twitter discontinuers took specific actions at this stage of action. It is believed
that most of them would just leave their accounts idle and inactive. At the stage of post-action, in
general, Twitter discontinuers did not show regret to be the first in their social group to stop
using Twitter (intermittent: M = 1.84, SD = 1.39; permanent: M = 1.86, SD = 1.25). Most of
them did not regret quitting Twitter (intermittent: M = 1.63, SD = .398; permanent: M = 1.71, SD
= 1.02), and did not think their decisions to quit Twitter was hasty (intermittent: M = 1.81, SD =
1.33; permanent: M = 1.76, SD = 1.21).

RQ7 asked, “fo what extent, are Twitter intermittent discontinuers’ and permanent
discontinuers’ post-adoption decision-making processes different from each other?”
Independent sample #-tests revealed that, at the stage of evaluation, permanent discontinuers (M
=4.78, SD = 2.05) were significantly more likely to seek alternative SNSs than intermittent
discontinuers (M = 3.59, SD = 2.46), #(251) = -2.32, p <.05. In contrast, intermittent
discontinuers (M = 4.12, SD = 2.16) were also significantly more likely to search for solutions to

reduce disturbance than permanent discontinuers (M = 3.90, SD = 2.56), #251) =-1.62, p <.05.
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At the stage of preparation, permanent discontinuers (M = 4.66, SD = 2.03) were significantly
more likely to try out other forms of SNSs than intermittent discontinuers (M = 3.69, SD =2.01),
#251)=-2.19, p <.05.

At the stage of action, a few permanent discontinuers would announce their decisions to
leave (3.39%), back up their tweets (3.39%), deactivated (6.78%), or deleted their Twitter
account (6.78%,), but no intermittent discontinuers reported taking these actions. While there was
a slightly higher portion of discontinuers changed their Twitter accounts to “private”/ “protected”
setting (9.30% for intermittent discontinuers and 5.08% for permanent discontinuers), there were

no significant differences between the groups (4.22% difference, z = 1.02, p > .05)

REASONS FOR READOPTION

RQS8 asked, “what are the reasons for Twitter readoption for intermittent discontinuers?”’
Intermittent discontinuers said they readopted Twitter for friends (52.4%), and for their
work/study (40.5%). One-third readopted Twitter because they thought Twitter was still useful in
the same way. More than half of the respondents (54.2%) who selected “other” explained in the
open-ended follow-up question that they rejoined Twitter after a voluntary break. A respondent
mentioned the planned break was a “self-imposed SNS detox.” Many later felt more prepared to
focus on things, so they felt “ready to use Twitter again.” Several said they returned and
repurposed their use of Twitter “with a more clear intent” or practiced a “purposeful stay” on
Twitter. Some did it by “deleting people who they found disturbing.”

Also, many explained that relationship-related factors as reasons to use Twitter again.
Many of them stated that they felt “disconnected from friends” or “missing out things their

friends posted” when they left Twitter. Many of the respondents signed in to Twitter only when
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breaking news happened. Trump has been one of the major reasons for Twitter users to abandon
Twitter. However, for some respondents, Trump was the reason they rejoined the community,
mentioning “it really wasn’t until Trump that I became interested in it and started to see it as a
valuable tool for other matters that concerned me as well.” For others, because of the presence of
Trump on Twitter, they realized that Twitter could be “a very effective method of making
change.”

Finally, for the measures of continuance commitment, intermittent discontinuers
generally disagreed with the statement “Twitter was a matter of necessity” (M =2.13, SD =
1.81). It was not hard for them to stop using Twitter again (M = 2.00, SD = 1.41). In fact, many
intended to take a break or leave Twitter in the future (M = 4.50, SD = 1.77). This implies that
readoption does not necessarily mean complete satisfaction toward the innovation. For most,
readoption is just a temporal decision to fulfill a short-term needs and gratifications. A

readoption does not generate continuance commitment and loyalty to the platform.
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Table 15: The Post-adoption Decision-making Process.

All Intermittent Permanent
discontinuers discontinuers discontinuers
(n=253) (n=194) (n=159)

Evaluation - Before I decided to quit Twitter... (1 = strongly disagree 7 = strongly agree) Mean (SD) t
1. I talked to others about my decision to stop using Twitter. 2.04 (1.68) 1.94 (1.68) 2.36 (1.68) -1.13
2. I found out what friends who had already stopped using Twitter thought. 2.22 (1.68) 2.19 (1.71) 2.32(1.68) -0.363
3. I was aware of alternative SNSs. 3.87 (2.26) 3.59 (2.46) 4.78 (2.05) -2.32 %
4. 1 searched for solutions to reduce, if any, disturbance on Twitter. 3.95(2.36) 4.12 (2.16) 3.90 (2.56) 1.62 *
Preparation - Before I stopped using Twitter... (1 = strongly disagree 7 = strongly agree)
1. I started to try other forms of social media. 3.92 (2.00) 3.69 (2.01) 4.66 (2.03) -2.19 *
2. I reduced my usage of Twitter. 5.70 (1.68) 5.84 (1.67) 5.25(1.70) 1.59
3. I took several Twitter breaks. 4.74 (2.07) 4.88 (2.06) 4.27 (2.18) 1.29
4. Ilogged into Twitter, but I reduced my participation. 433 (2.11) 4.34 (2.19) 432 (2.11) 0.46
Action - I quitted Twitter and ... (Yes/No) Answer with “Yes” (%) z
1. I informed others I was leaving Twitter in my last tweet. 2 (0.79) 0(0.00) 2(3.39) -2.57 *
2. I informed others I was switching to other platforms in my last tweet. 72.77) 6 (3.09) 1(1.69) 0.57
3. I backed up all the tweets I had previously posted. 2 (0.79) 0(0.00) 2(3.39) -2.57 *
4. 1 deleted all the tweets on my timeline. 9 (3.56) 6 (3.09) 3 (5.08) -0.72
5. I switched my Twitter account status to “private”/ “protected.” 21 (8.30) 18 (9.30) 3 (5.08) 1.02
6. I deleted my Twitter account. 4(1.58) 0(0.00) 4 (6.78) -3.66 ***E
Post-Action - After I left Twitter, I realized... (1 = strongly disagree 7 = strongly agree) Mean (SD) t
1. 1 did not want to be the first person I knew to stop using Twitter. 1.84 (1.29) 1.84 (1.39) 1.86 (1.25) -0.07
2. I regretted quitting Twitter. 1.63 (1.01) 1.63 (.98) 1.71 (1.02) -0.39
3. I thought my decision to stop using Twitter was hasty. 1.81 (1.28) 1.81 (1.33) 1.76 (1.22) 0.18
Relapse - I readopted Twitter because... (Check all that apply) %

- Ithought Twitter was still worth using. 29.64

- My work/class required me to use Twitter again. 40.53

- My friends asked me to use Twitter again. 52.42

- Other (followed by an open-ended question for elaboration) 32.56
Continuance Commitment - After I readopted using Twitter... (1 = strongly disagree 7 = strongly Mean (SD)
agree)
1. It was very hard for me to stop using Twitter, even if I wanted to. 2.13 (1.81)
2. Twitter was a matter of necessity as much as desire. 2.00 (1.41)
3. I thought about taking a break/quitting Twitter again in the future. 4.50 (1.77)

Tp<.05 p<.01 p<.001
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DISCUSSION AND CONCLUSION

Chapter 9: The Bigger Picture

Thousands of studies have examined and substantiated the diffusion of innovations
theory. However, most research has only emphasized the adoption dimension of the diffusion
process. Innovation discontinuance, a vital facet of the diffusion process, is largely overlooked.
Using Twitter as a case of study, this dissertation (1) identifies differences among continuing
adopters, intermittent discontinuers, and permanent discontinuers; (2) investigates the underlying
association between different types of discontinuers and reasons for discontinuance; (3) builds a
discontinuance prediction model; and (4) proposes a new conceptual model to illustrate the post-

adoption decision-making process.

DIScUSSION OF KEY FINDINGS

Twitter’s role as a megaphone for the U.S. president, brands, and celebrities has little
effect in boosting the platform’s shrinking user base and advertising revenue. The number of
inactive Twitter accounts and the rate of Twitter use discontinuance are staggering (Hwong,
2017; Nielsen Online, 2009). The computational analysis in Study 1 treated tweeting activity as a
proxy for continuous adoption. Analyzing nearly 100,000 Twitter accounts, Study 1 revealed that
less than 3% of Twitter accounts belong to continuing adopters. This explains the platform’s
temporal instability—arguably a quarter of the Twitter’s user base is composed of intermittent
discontinuers and permanent discontinuers, aside from the fact that millions of other accounts are
operated by bots or have never tweeted before.

The user survey in Study 2 considered signing in to the platform as an indication of

continuous usage. Study 2 revealed that 39.6% of the respondents were continuing adopters, and
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more respondents (46.3%) were intermittent discontinuers, who once left Twitter for a break but
resumed use at a later time. The variation in measurement partly explains why these two studies
did not generate consistent results in terms of the proportion of Twitter continuing adopters,
intermittent discontinuers, and permanent discontinuers.

While Rogers’s (1995) diffusion of innovations theory conceptualized discontinuance as
a one-time decision to completely abandon an innovation in use, this study extends the definition
of discontinuance to include intermittent discontinuance. As suggested by the findings,
intermittent discontinuers, unlike permanent discontinuers, maintained a positive perception (i.e.,
perceived usefulness and perceived ease of use) and overall satisfaction with Twitter. This is in
line with previous research that suggested that innovation utility/usefulness measures are highly
predictive of individuals’ intention to continue using the platform (Davis, 1989). Yet, despite an
understanding of the utilitarian value of Twitter, intermittent discontinuers are more likely to
report information overload than permanent discontinuers as a reason for discontinuance. The
root causes of their information overload include tweets from trolls, politically driven mass
media, and advertising. Therefore, they take long breaks away from Twitter to cope with the
stress. As such, intermittent discontinuance can be understood as a temporal settlement of the
constant interplay between Twitter’s utilitarian performance and social media fatigue, which is
consistent with Cho’s (2015) argument with respect to Facebook discontinuance as an adaptive
response strategy employed by users to avoid a stressful situation.

While Rogers’s innovation-decision process is conceptualized as “an uncertainty
reduction process” (2003, p. 232), this study suggests that the post-adoption decision-making
process is “a disturbance-coping process.” The findings of this study confirmed that

discontinuance is not the end of the diffusion process but one of the stages in the post-adoption
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process. The post-adoption decision-making process could be portrayed in a manner analogous
to the adoption process but, depending on the type of discontinuance—intermittent or
permanent—the respective decision-making process could be quite different. For intermittent
discontinuers, the movement through different stages of the post-adoption model is neither linear
nor unitary, but cyclical, involving multiple stages: pre-evaluation, evaluation, preparation,
action (i.e., discontinuance), post-action, and relapse (i.e., readoption) over time.

Unlike adoption, which often involves social learning and social influence,
discontinuance is more likely to be an individual decision. When users adopt an innovation, they
usually confront risks and uncertainties about the unexpected consequences of the innovation at
the implementation stage. To reduce those uncertainties, many of them seek advice and opinions
from their peers. In contrast, before users choose to discontinue, they usually have had a direct
experience with the benefits and limitations the innovation provides. Thus, they seldom consult
with friends before they decide to discontinue at the stage of evaluation.

In theory, the post-adoption decision-making model of the incumbent innovation could
overlap to some degree with an innovation-decision process of another innovation. This explains
why many discontinuers seeking superior alternatives to Twitter reduce their Twitter usage at the
stage of preparation of the post-adoption model—they spend more time exploring other
innovations, such as Instagram and Reddit, at the stage of trial in the adoption model.

At the stage of action, most Twitter discontinuers let their accounts remain idle and
inactive, without taking specific actions such as erasing content, deleting accounts, or archiving
messages. For some discontinuers, an idle account serves as a gateway should they decide to
return in the future. For others, unplugging from the platform completely could mean losing

touch with family and friends, and they are not fully prepared for it. Another explanation for not
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taking specific action is that, compared to signing up a SNS account, deleting an account appears
laborious and is not always foolproof. Instructions and links to delete accounts are usually
hidden in pages and come with long explanations. Twitter, for example, does not allow users to
delete data instantly but places the account in a queue for 30 days before permanent deletion.
Even after deleting the account, the company claims that some content may still be viewable on
Twitter for a few days and some tweets may still be indexed by Google and Bing and remain
searchable.

In fact, discontinuance and subsequent readoption are often planned. Temporary
discontinuance often serves as a short-term break for users to reflect on the positives and
negatives of being connected with the platform. In recent years, “social media detox” has
become very popular among frequent SNS users who experience social media fatigue. The detox
period usually results in positive changes of SNS behavior. To manage social media stress,
survey respondents reported that they would remove the disturbance by cleaning up profiles and
unfollowing people or businesses that push annoying content. Therefore, users’ readoption often
comes with the hope for a purposeful and long-lasting stay. Results also revealed that social
factors play a critical role in unplanned Twitter readoption. While leaving SNSs may reduce
social stress, it comes with the cost of making one feel disconnected from the community and
less satisfied (Sheldon, Abad, & Hinsch, 2011). Some discontinuers may realize the tradeoff
between social connection and social burden, and later choose to resume Twitter use as they
value the social connection more.

However, readoption to Twitter does not necessarily mean complete satisfaction toward

the innovation. Intermittent discontinuers generally showed a low level of continuance
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commitment. It is believed that for most users, readoption is just a temporal decision to fulfill a
short-term needs and gratifications. Readoption does not generate loyalty to the platform.

While many diffusion studies have focused on the differences between earlier adopters
and later adopters, this study enriches the understanding of such variations by distinguishing the
two types of discontinuers. The findings of this study showed that permanent discontinuers are
more likely to leave the platform because of its functional shortcomings, such as the layout, the
hashtags/mentions, or the 140-character limit. Twitter data analysis revealed that permanent
discontinuers are less likely to craft their tweets and seldom use Twitter affordances—contextual
(e.g., hashtags), interactional (e.g., mentions and retweets), and informational (e.g., text, URLs,
videos, and photos) (Tanupabrungsun and Hemsley, 2018) in their tweet exchange. Instead, they
are more likely to replace Twitter with alternative platforms once they realized that Twitter does
not meet their need and gratifications. They would seek and try alternatives before they
discontinued Twitter use. In fact, permanent discontinuers’ personal characteristics may help
explain their discontinuance behavior. Results revealed that permanent discontinuers have a
lower score in personal innovativeness but a higher score in independent judgment-making.
While innovativeness reflects a person’s propensity to experience and experiment with an
innovation (Hirschman, 1980), a lower score in the trait could mean the individual is less likely
to search for technical solutions to address the functional shortcomings s/he encountered.
Meanwhile, a high score in independent judgment-making means an individual is less likely to
rely on others for help or advice when solving technical problems. Hence, discontinuers with low
innovativeness and high independent judgment-making prefer to leave Twitter permanently and

use alternative SNSs that they think are better.
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Moreover, compared with intermittent discontinuers, permanent discontinuers tend to be
younger and more likely to be early adopters. This finding is in line with the previous report
from Gartner, a research and advisory firm providing information technology consultation,
which found that younger people get bored with SNSs more easily and early adopters experience
social media fatigue more frequently (Goasduff & Pettey, 2011). Thus, younger people usually
selectively choose SNSs to combat SNS exhaustion and permanently left those platforms they
are dissatisfied with.

On the other hand, intermittent discontinuers are more likely to report that, since their
initial adoption, they have rarely used Twitter (i.e., low usage). Intermittent discontinuers usually
have the fewest tweets across their account’s lifespan among the three groups. This indicates that
they keep Twitter at their disposal and use the microblogging service only when they need it.
Many of them, for instance, maintained a Twitter account to get breaking news or information on
some niche topics.

The reasons for discontinuance usually vary among discontinuers. Besides user- and
function-related factors discussed earlier, quite a few respondents also mentioned content quality
as a reason for discontinuance in the open-ended question. Since Trump took office, Twitter has
become a channel for official statements (Landers, 2017). His influential Twitter presence has
attracted substantial attention, turning the platform into a public sphere for vicious political
debates. Some respondents followed Trump and re-joined the platform, but more respondents
(17.01% intermittent discontinuers and 15.25% permanent discontinuers) decided to disengage
from the platform as the amount of hatred, prejudice, racism, and misogyny become unbearable.
Twitter users who constantly encounter ideologically incongruent content have a significantly

lower level of Twitter satisfaction and, therefore, stop using the SNS temporarily or permanently.
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Also, reasons for discontinuance usually vary from innovation to innovation.
Surprisingly, unlike Facebook discontinuers (York & Turcotte, 2015), Twitter discontinuers are
not as likely to mention privacy and social burden concerns as reasons for leaving the platform.
Twitter users may be oblivious to privacy risks and comfortable sharing their personal
information on Twitter because of the way the platform is designed. One major distinction
between Twitter and Facebook is that messages posted on Twitter are public by default—tweets
can be easily searched and aggregated, but Facebook content is usually set as “private” with the
intention to be shared only with friends and family. Also, Twitter is organized around shared
interests, instead of personal relationships. The main purpose of Twitter is usually for gathering

and spreading information, instead of relationship building and maintenance.

THEORETICAL IMPLICATIONS

This study extends the diffusion of innovations theory through an examination of the
post-adoption decision-making process. While early studies approached discontinuance as a one-
time, complete abandonment of an innovation in use, this study extends the concept by
examining two types of discontinuance: intermittent and permanent. The concept of intermittent
discontinuance leads to the development of a new post-adoption decision-making model. This
cyclical model consists of six stages: (1) pre-evaluation, when adopters become aware of their
relationships with the innovation; (2) evaluation, when adopters reflect on the benefits and
drawbacks of continuing and discontinuing; (3) preparation, when adopters adjust their usage
patterns; (4) action, when adopters discontinue using the innovation; (5) post-action, when

discontinuers evaluate their discontinuance decisions and look for affirmation; (6) relapse, when
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discontinuers readopt the innovation. Adopters can go through the post-adoption cycle repeatedly
until they come to a permanent discontinuance.

This multi-stage model provides a systematic framework to explore and compare
behavior and cognitive reasoning among intermittent and permanent discontinuers at each stage.
This study tested the proposed model and the results provided empirical support for the
applicability and usefulness of this framework. As a result, this study presents a preliminary yet
holistic picture regarding the post-adoption process, an untold yet important story most
diffusions studies missed.

To address the arbitrariness of defining inactivity, this study introduces a mathematical
approach to generate the benchmark, based on an innovation’s own life cycle and its user base.
This study also refines and extends Rogers and Shoemaker’s (1971) replacement-disenchantment
typology and suggests a more comprehensive and rigorous categorization of reasons for
discontinuance, by factors (i.e., user-, context-, relationship-, function-, and content-related
factors) and by discontinuance typologies (i.e., disenchantment, replacement, completion, and

indifferent discontinuance).

PRACTICAL IMPLICATIONS

Understanding users’ motivations for adoption as well as discontinuance is necessary for
effectively developing, implementing, using and evaluating SNSs. This study advises SNS
providers not to view all discontinuers as a homogeneous group but to identify factors
distinguishing different types of discontinuers. Developing tailor-made retention solutions may
help a SNS to become more relevant and achieve cost-effectiveness, while delivering a better

user experience.
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Specifically, individuals who leave a SNS due to function- and relationship-related
factors are usually permanent discontinuers. SNS providers should innovate and address
shortcomings in design, as those problems often lead to permanent discontinuance. To sustain
growth, SNS providers need to anticipate and adapt to changes constantly. For example, Twitter
introduced new discovery tools and expanded character limits in the hope to stay competitive.
Second, individuals who stop using an innovation due to dissatisfaction are more likely to initiate
negative word of mouth among other adopters (Parthasarathy, 1995). Hence, SNS providers
should note that social influence (i.e., relationship-related factors) could possibly turn Twitter
users away permanently. To counter the adverse effects of disenchantment discontinuance, SNS
providers should invest in better technical support. This would help novice users take advantage
of the platform and build realistic expectations for the service. Third, content quality was a
concern for intermittent discontinuers. Appropriate levels of content moderation and other
mechanisms to filter fake news, curb harassment, and reduce incivility may help retain users

before the exodus begins.

LIMITATIONS AND FUTURE RESEARCH

Despite these theoretical and practical contributions, this study is not without limitations.
Perhaps the biggest challenge is the methodological difficulty in defining adoption and
discontinuance in SNS research. “Adoption” refers to a definable act of decision (conscious or
subconscious) on the users’ part, and diffusion studies in marketing and telecommunication often
use “hard data” such as purchase or subscription records to define adoption. However, for SNS
studies, locating such actions and interpreting them are not that straight forward. While the

computational analysis in Study 1 treated tweeting activity as a proxy for continuous adoption,
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the user survey in Study 2 considered signing in to the platform as an indication of continuous
usage. This variation in measurement could explain the inconsistent results in terms of the
proportion of Twitter continuing adopters, intermittent discontinuers, and permanent
discontinuers in Study 1 and Study 2. The operational definition of Study 1 might overlook
active lurkers on Twitter, who were mostly silent (i.e., they rarely post anything), but used the
platform regularly to receive information. Study 2 might overestimate the number of adopters, as
a simple access (i.e., log in or visit) to the platform does not imply making “full use of”” a SNS,
which is the emphasis in the definition of adoption (Rogers, 1983, p.21).

As Twitter login history is not available to researchers, tweeting is arguably the closest
resemblance of twitter activity. While the sustainability of a SN'S depends not only on people
joining, but also on people staying and contributing, visible content creation and online
interaction are pivotal indications for the SNS growth or decline. Further research could consider
modeling SNS activity in two forms—passive and active. Research could recruit respondents
who are willing to disclose their Twitter IDs. A comparison of activity metrics among active
users, lurkers, and discontinuers could provide valuable insights into discontinuance studies.

Second, given the nascent stage of studies examining post-adoption behaviors, many
questions have not yet been addressed. While this study proposes a multi-stage post-adoption
decision-making model, discontinuance is the focus of this study. Other stages, such as the stage
of relapse, have not been fully examined. Specifically, future research should examine the nature
of readoption: What is the average number of relapses before a user completely abandons a
SNS? What personal and social factors affect and predict the number of relapses before a
discontinuance becomes permanent? What are the behavioral, attitudinal, and perceptional

differences between initial adoption and readoption? Furthermore, although this study examines
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the characteristics of intermittent and permanent discontinuers, their distinctive roles in the
diffusion process have not been thoroughly discussed. For example, compared with permanent
discontinuers, do intermittent discontinuers have the same influence in discouraging potential
and current users from using a SNS? Or do intermittent discontinuers take up a moderating role
between adopters and discontinuers? Future projects should address these questions.

Third, the empirical focus of this study is on one singular SNS and its U.S. users.
Although Twitter is one of the most popular SNSs, it may not be an accurate representation of
other SNS platforms, such as Facebook, Instagram, etc. SNSs differ from one another in terms of
their affordances, purposes, and user bases. While advertisers and marketers tend to target their
customers through multiple SNS platforms simultaneously, they should be aware that SNS
discontinuance could occur on different platforms for different reasons. Moreover, as the use of
SNSs is not confined by geographical boundaries, it is imperative for researchers to examine
users from diverse cultural backgrounds and geographical areas. For instance, discontinuers from
individualist cultures may value autonomy more. In that sense, maintaining interpersonal
relations online may not be such a strong goal for them compared to discontinuers from
collectivist cultures. Cultural factors should be taken into consideration to understand global
SNS discontinuance. Further studies on cross-platform and cross-cultural comparisons are
encouraged.

Fourth, regarding the methodology, the main results of this study are based on a
classification predictive model to estimate the probability of Twitter use discontinuance within a
certain timeframe (e.g., the next three months for this study). The multi-class classification
(continuing adopters and discontinuers) is normally what is needed as usually companies are

interested in targeting users with the highest possibility of discontinuance. However, other
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methodological approaches have other advantages and may serve as alternative models in
specific conditions. For example, survival analysis could be a good alternative. Survival analysis
models the occurrence and timing of events and helps to understand how time-varying variables
interact. For this study, survival analysis could have helped predicting not only if a Twitter user
would discontinue but also how long until s/he are expected to leave.

Finally, although the period of inactivity used to define discontinuance in this study was
innovation-specific, there is no guarantee that discontinuers would not resume using Twitter in
the future. The cross-sectional nature of the current survey restricts a temporal analysis and is
less likely to capture a long-term phenomenon. Computational analysis is helpful for longitudinal
study but is also constraint by the API rate limit. For example, this study could only collect the
most recent 3,200 tweets from users. Future studies are encouraged to use longitudinal data to
examine users’ readoption behavior. Ideally, the longitudinal approach would begin from the
first stage of the adoption model (i.e., the knowledge stage) to the last stage of the post-adoption

decision-making model, until the very end of the product’s life cycle.

CONCLUSION

In the real world, only a few innovations sustain their user bases and become
institutionalized, while many end up being fads (Strang & Macy, 2001). Understanding
innovation discontinuance and its relation to adoption could yield theoretical insights into the
temporal instability of an innovation, and why and how an innovation is discarded or discredited.
This study identified significant demographic, behavioral, and psychographic differences among
Twitter continuing adopters, intermittent discontinuers, and permanent discontinuers. Reasons

for discontinuance vary across the three groups of users.
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This dissertation should not close without acknowledging that, in some cases,
innovation discontinuance is reasonable and even desirable for SNS users. A major criticism of
Rogers’s innovation diffusion process has been its pro-innovation emphasis. The argument that
all users should adopt an innovation has been challenged by many scholars. For instance, Bunch
and Lopez (1995) stated that discontinuance is not always negative. In the context of agricultural
technologies, they believed that many farming technologies are discarded because farmers’ needs
for technologies changed. Similarly, many SNSs users adopt but eventually drop a platform
because they no longer need it. For SNS providers, knowing why users abandon certain SNSs
can provide insights into their technological shortcomings, and ultimately, lead to the creation of

higher-quality digital platforms.
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Appendix B - Online Survey

B1. CONSENT FORM

Identification of Investigator and Purpose of Study

You are invited to participate in a research study regarding Twitter usage. The study is being
conducted by Margaret YM Ng, an Ph.D. candidate in the School of Journalism in the Moody
College of Communication at The University of Texas at Austin, 300 W. Dean Keeton St.,
Austin, TX 78712.

The purpose of this research study is to examine how people adopt and quit Twitter. Your
participation in the study will contribute to a better understanding of the how people use social
media. You are free to contact the investigator at the above address and phone number to discuss
the study.

If you agree to participate:

- The survey will take approximately 10 minutes of your time.

- You have at least one Twitter account.

- You will be asked to take a set of survey questions regarding to your Twitter usage,
personality, and demographics.

Risks/Benefits/Confidentiality of Data

There are no risks to participating in this project beyond what is experienced in everyday life.
There will be no costs for participating, nor will you benefit from participating. No identifying
information about you (including name or email address) will be collected, so no one will be able
to connect you to the research. Your Twitter accounts will not be shared with anyone outside of
the research team, will be removed from the data set, and will not be linked to survey responses.

Participation or Withdrawal

Your participation in this study is voluntary. You may decline to answer any question and you
have the right to withdraw from participation at any time. Withdrawal will not affect your
relationship with The University of Texas in any way. If you do not want to participate, either

simply stop participating or close the browser window.

If you do not want to receive any more reminders, you may email me at
margaretnym@utexas.edu.

Contacts

If you have any questions about the study or need to update your email address contact the
researcher Margaret YM Ng at 512.710.3715 or send an email to
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margaretnym@utexas.edu. This study has been reviewed by The University of Texas at Austin
Institutional Review Board and the study number is 2017-11-0130

Questions about your rights as a research participant
If you have questions about your rights or are dissatisfied at any time with any part of this study,
you can contact, anonymously if you wish, the Institutional Review Board by phone at (512)

471-8871 or email at orsc(@uts.cc.utexas.edu.

Please read each questions and statements carefully. There are checking questions along
the survey. Survey with contradicted answers for checking questions would be void.

By clicking [CONTINUE] I consent to participate in this study. By taking this survey, I indicate
my consent to participate in this study.

Thank you.

Please print a copy of this document for your records.
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B2. QUESTIONNAIRE
Twitter Use

Genl. Do you have a Twitter account?
- Yes
- No

Skip To: Gen2 If Do you have a Twitter account? = Yes
Skip To: End of Survey If Do you have a Twitter account? = No

Please answer with the option that best reflects your real Twitter usage behavior. It will not
affect your chance to get the bonus.

Gen4. Have you logged into Twitter during the past three months?
- Yes
- No

Skip To: Genb6a If Please answer with the option that best reflects your real Twitter usage
behavior. It will not af... = No

Skip To: Gen5 If Please answer with the option that best reflects your real Twitter usage
behavior. It will not af... = Yes

Gen5. Have you posted on Twitter during the past three months?
- Yes
- No

Skip To: Gen7 If Please answer with the option that best reflects your real Twitter usage
behavior. It will not af... = Yes

Skip To: Gen6b If Please answer with the option that best reflects your real Twitter usage
behavior. It will not af... = No

Gen6a. When was the last time you logged into Twitter?
- 3 - 6 months ago
- 6 -12 months ago
- 1-2yearsago
- More than 2 years ago
- I cannot recall

Gen6b. When was the last time you posted on Twitter?
(If you don’t remember, you can check the date of your last tweets)
- I have never posted before
- 3 months ago
- 6 months ago
- 12 months ago
- More than 2 years ago
- I cannot recall

127



Breakl. Have you ever voluntarily taken a break from Twitter for a period of three months or
more and return to the platform later?

- Yes

- No

Skip To: Break?2 If Have you ever voluntarily taken a break from Twitter for a period of three
months or more? = Yes

Skip To: End of Block If Have you ever voluntarily taken a break from Twitter for a period of
three months or more? = No

Break2. Why did you decide to take a break for a period of three months or more from
Twitter? (open-ended, min. 250 characters)

Gen7. Do you intend to use Twitter in the next six months?
- Yes
- No

Display This Question: Do you intend to use Twitter in the next six month? = No

Gen7_1: What were your reasons for stop using Twitter? (open-ended, min. 250 characters)
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Stages of Discontinuance

We would like to know about the process you went through when quitting Twitter. On a scale of
1(Strongly Disagree) to 7(Strongly Agree), rate how well the following statements apply to you.

Recalling my experience of taking a break/leaving Twitter,

Evaluation Before I decided to quit Twitter...

Strongly
disagree

(1

1. I talked to others
about my decision
to stop using
Twitter.

2. I found out what
friends who had
already stopped
using Twitter
thought.

3. I was aware of
alternative SNSs.

4.1 searched for
solutions to reduce,
if any, disturbance
on Twitter.

Disagree

2)

Somewhat
disagree

3)

Preparation Before I stopped using Twitter...

Strongly
disagree

(1

1. I started to try
other form of
social media.

Disagree

)

Somewhat
disagree

3)
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Neither
agree
nor
disagree

4

Neither
agree
nor
disagree

4)

Somewhat
agree (5)

Somewhat
agree (5)

Agree
(6)

Agree
(6)

Strongly
agree (7)

Strongly
agree (7)



2. I reduced my
usage of Twitter.

3. I took several
Twitter breaks.

4.1 logged into
Twitter, but [
reduced my
participation.

Action I quitted Twitter and ... (Yes/No) (Check all that apply)

1. I informed others I was leaving
Twitter in my last tweet.

2. I informed others I was
switching to other platforms in
my last tweet.

3. I backed up all the tweets I had
previously posted.

4.1 deleted all the tweets on my
timeline.

5. I switched my Twitter account
status to “private”/ “protected.”

6. I deactivated my Twitter
account.

7.1 deleted my Twitter account.

No (1)

Post-Action After I left Twitter, I did realize that. ..
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Somewh  Neither

i‘Frongly Disagre at agree nor Somewh Agree  Strongly
isagree . 3 at agree
e(2) disagree  disagree (6) agree (7)
M 3) @ ©)

1. I did not want to
be the first person
I knew to stop
using Twitter.

2. I regretted
quitting Twitter.

3. I thought my
decision to stop
using Twitter was
hasty.

I readopted Twitter after taking a break.
- Yes (to Relapse)
- No (skip Relapse)

Skip To: Relapse why If I did once readopt Twitter after I thought I quitted Twitter. = Yes
Skip To: End of Block If I did once readopt Twitter after I thought I quitted Twitter. = No

Relapse
I readopted Twitter because... (Check all that apply)
- I thought Twitter was still worth using.
- My work/class required me to use Twitter again.
- My friends asked me to use Twitter again.
- Other:

RelapseOther: Why you decided to return to Twitter again after the break? (open-ended, min.
250 characters)

Continuance Commitment
After I readopted using Twitter...
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Strongly Somewhat Neither Strongly

. Disagree . agree nor Somewhat Agree
disagree disagree . agree
(2) disagree agree (5) (6)
6] 3) ) (7)

1. It was very hard
for me to stop
using Twitter,
even if | wanted
to.

2. Twitter was a
matter of
necessity as much
as desire.

3. I thought about
quitting Twitter
again in the near
future.
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Twitter Activity

Please report your current experience with Twitter. If you have already quitted Twitter, please
recall your previous experience when you most engaged with Twitter.

Expl. In a typical week, how often do/did you use Twitter?
- 0 1 2 3 4 5 6 7

Number of days per week '

Exp2. On average, how much time do/did you spend using Twitter each time you logged in?
0 10 20 30 40 50 60 70 80 90 100110120

minute(s) '
Exp3. When using Twitter, I often...
None at all . A moderate A great deal
(1) A little (2) amount (3) A lot (4) 5)

Active Online Participation Scale (modified from Koreleva, et al., 2011)

1. Tweet my thoughts
and feelings

2. Comment on other
people’s tweets

3. Retweet other
people’s tweets

4. “Like” other
people’s tweets

Passive Online Participation Scale (modified from Koreleva, et al., 2011)
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5. Follow news
sources, celebrities,
and other famous
people

6. Click on URL:s that
link out to other
websites (e.g., blogs,
news sites, etc.)

Recall from your experience,
FJoin_ Why: Why did you start using Twitter in the first place? (check all that apply)
- For expressing my personal thought
- For access to the news
- For social networking
- For work/study
- Other

Display This Question:
If Recall from your experience, Why did you start using Twitter in the first place? = For
access to information/news

Fjoin_why news Through Twitter, what kind of information/news you frequently get access to?
(Check all that apply)
- Breaking news
- Politics
- Economy
- Sports
- Health
- Crimes/Disasters
- Technology
- Entertainments
- Other:

Floin_Inf. Did any of the following influence your decision to start using Twitter? (Check all
that apply)

- Online review about Twitter

- Advertisements for Twitter

- Family

- Friends

- Co-workers

- Other
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Twitter Experience

Below are statements regarding your personality. On a scale of 1 (Strongly disagree) to 7

(Strongly agree), rate how well the following statements apply to you.

Neither
SFrongly Disagree Sqm ewhat  agree Somewhat
disagree 2 disagree nor agree (5)
(1) 3) disagree
“4)
Perceived usefulness (Venkatesh & Brown, 2001)
1. Twitter allows me
to seek information
more quickly.
2. Twitter allows me
to connect with
others more easily.
Perceived ease of use (Venkatesh & Brown, 2001)
3. Twitter is clear
and easy to use.
4. Navigating Twitter
requires a lot of
mental efforts.
Satisfaction
5. I feel satisfied
with my overall
Twitter experience.
Strongly . Somewh Neither Somewh
. Disagre at agree nor
disagree . . at agree
& e(2) disagree disagree )
3) 4)

Information overload
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Agree
(6)

Strongly
agree

(7)



1. I encounter too
much information
when I search on
Twitter.

2.1 am overwhelmed
by the amount of
information available
on Twitter.

Social overload (Maier, Laumer, Eckhardt, & Weitzel, 2012)

3. I feel that I care too
much about my
Twitter-friends’ well-
being.

4.1 feel I spend too
much time dealing
with my Twitter-
friends’ problem.

Emotional Exhaustion (Maier et al., 2012)

5.1 feel burned out
for using Twitter.

6. Using Twitter
stresses me out.
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User attributes

On a scale of 1(Strongly Disagree) to 7(Strongly Agree), rate how well the following statements
apply to you.

IJM_A. Independent Judgment-making (Adoption)
Before I registered an account on Twitter, it was important for me to

Neither
SFrongly Disagree So.m ewhat agree nor Somewhat Agree Strongly
disagree disagree agree

0 (2) 3) disag)ree agree (5) (6) )

1. Seek advice
from other Twitter
users. *

2. Find out what
other users
thought of
Twitter. *

Innovativeness (Kim & Mirusmonov, 2010)
Neither
SFrongly Disagree Sqrn cwhat agree nor Somewhat Agree Strongly
disagree disagree . agree
(2) disagree  agree (5) (6)
(1) 3) ) (7)

1. When I hear about
a new technology, I
would look for
ways to experiment
with it.

2. Among my peers,
I am usually the
first to try new
technologies.

3. In general, [ am
hesitant to try new
technologies.*

Big Five Inventory (BF)
I see myself as someone who:
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Strongly
disagree

(1

Extraversion
1. Prefers to be alone.*

2. Holds back from
expressing my opinions. *

3. Enjoys being part of a
group.

Neuroticism
4. Becomes stressed out
easily.

5. Is calm, even in tense
situations. *

6. Is afraid that I will do
the wrong thing.

Openness
7. Does not have a good
imagination. *

8. Is interested in many
things.

9. Prefers to stick with
things that I know. *

Agreeableness
10. Trusts others.

11. Contradicts others. *

12. Values cooperation
over competition.

Conscientiousness
13. Completes tasks
successfully.

14. Excels in what I do.

Disagree

)
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Somewh
at
disagree

3)

Neither
agree nor
disagree

4

Somewh

at agree

)

Agree
(6)

Strongly
agree (7)



15. Works hard.
* Reverse coding
Demographics and SES Questions
Below are statements regarding your demographics.
a. What is your gender?

1 Male
2 Female

b. What is your age?

c. Which of the following best describes your race?
1 White (e.g., Caucasian, European, Irish, Italian, Arab, Middle Eastern)
2 Black or African-American (e.g., Negro, Kenyan, Nigerian, Haitian)
3 Asian or Asian-American (e.g., Asian Indian, Chinese, Filipino, Vietnamese or
other Asian origin groups)
Native American/American Indian/Alaska Native
Pacific Islander/Native Hawaiian
Hispanic/Latino (e.g., Mexican, Puerto Rican, Cuban)
Some other race (please specify )

~N N L A~

d. What is your household income before taxes?
Less than $20,000

20,001 to under $40,000

40,001 to under $60,000

60,001 to under $80,000

80,001 to under $100,000
$100,001 or more

AN DN BN W=

e. What is the highest level of school you have completed or the highest degree you have
received?

1 Less than high school
Completed High School
Some college, no degree (includes community college)
Two-year associate degree from a college or university
Four-year college or university degree/Bachelor’s degree (e.g., BS, BA, AB)
Postgraduate or professional degree, including master’s, doctorate, medical or law
degree (e.g., MA, MS, PhD, MD, JD)

AN Nk W

Thank you for taking the time to complete this questionnaire. Your help is greatly appreciated.
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