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Abstract
Health care organizations are increasingly arousing concerns about the lack of physical
activities, which eventually leads to a range of sedentary lifestyle diseases. One of the most
cited reasons for lack of physical activities is motivation. This study considered motivation as
a public health parameter, which if studied and applied in practise can promote physical
activity and with this a healthier lifestyle. Therefore, the aim of this study was to explore
how predictors of motivation for physical activities can be derived from social media texts,
and which insights this investigation would provide for the promotion of healthier lifestyle.
A systematic literature review of Self-Determination Theory and its application in the fields
of physical activities and social media was conducted for the development of conceptual
model of motivation. A total of 55259 social media texts from five Facebook pages and three
online forums, discussing physical activities, collected for this investigation. Supervised
machine learning were applied on the data by firstly manually coding a training set, and
afterwards applying five text classification algorithms.
The findings point that supervised text classification is an efficient method for deriving
predictors of motivation from social media texts. Additionally, the results show consistent
support that intrinsic motivation is most often associated with physical activities. Intrinsic
motivation was also most often related to intrinsic goals and the needs of autonomy and
competence. Intrinsic people were also most often related to open, conscience and
agreeable personalities. The text classification also extracted valuable reflections on topics
from the social texts. Among others, physical injuries, bodybuilding, advice seeking, and
encouragement tips were the most often discussed topics. Based on these insights it was
concluded that being present when people need support, turning extrinsically motivated
into into intrinsically, and engaging on social media are appropriate guidelines for the
promotion of motivation for physical activities, which practitioners, health care
organisations or sport centres should take into account in order to stimulate healthier
lifestyle.
Key words: Self-Determination Theory, Motivation, Physical Activities, Text Classification,
Supervised Machine Learning, social Data Analytics
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1. Introduction
Lack of regular physical activity is a critical public-health concern, which has in the last two
decades gained more and more attention around the world (Kwan et al., 2011). According to
practitioners, lack of physical activity is a risk factor not only for sedentary lifestyle but even
more critically for common diseases like cardiovascular disease, obesity, diabetes,
osteoporosis and some cancers (Fortier et al., 2011). Many government around the world
are advising people to exercise, as there seem to be a tendency that people are not
physically active as much as they are being recommended (Wilson and Rodgers, 2004).
Data from Eurobarometer survey on sport and physical activity conducted in 2014 shows
that 41% of Europeans exercise or play sport once a week, while 59% never or seldom do so
(TNS Opinion and Social, 2014). What is more frustrating is that the overall proportion of
non-exercisers has increased from 39% to 42% between 2009 and 2014 respectively. Even
though Northern Europe is more physically active than the South and East, the survey has
proven that people in general are not following the health recommendation on exercise and
physical activities. The survey also shows that local authorities in particular could do more to
encourage citizens to be physically active (ibid).
Another survey conducted by The World Health Organization (WHO) has also shown that a
larger proportion of individuals are not physically active at the recommended levels not only
in Europe but all around the world (Fortier et al., 2011).
Previous research has tried to uncover the reasons why people do not exercise, and found
that motivation is among the top five reported barriers to physical activity (Fortier et al.,
2011). For inactive people, motivation is the greatest reported barrier to physical activities.
Additionally, there can be many various reasons to why people are experiencing motivation
as a barrier and understanding the mechanisms of motivation by which people adopt and
maintain regular exercise is a priority (Kwan et al., 2011; Wilson and Rodgers, 2004).
Recently there has been a tendency that people are looking for health care information
online (Li and Wang, 2018). Even though, this information has been considered as
something private before, a study from 2013 shows that in USA 80% of internet users have
looked for health information online within the past year (msnbc.com. 2018). The study also
found that there is a tendency that people are much more interested in reading and
creating content about exercise and health care online.
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Because a lot of content is generated online, many researchers have started to use social
data analytics to learn and understand diseases better and be better at diagnosing and
preventing them. As seen from the literature, lack of physical activity is a reason for many
diseases, therefore motivation should be studied as a prevention measure to this outcome.
Even though a considerable volume of research has studied motivation, at the time of this
research none has tried to investigate predictors of motivation for physical activities derived
from social media texts. In this fashion, this study believes that motivation can be studied in
a more innovative way, and therefore it intends to apply supervised machine learning to a
sample of social media data collected from five Facebook pages and three forums, all
related to physical exercise.
Social data in the form of user-generated content especially from social media platforms can
possibly be a new innovative way to extract valuable insights and to understand motivation
for physical activities and exercise. Therefore this study aims at answering these questions:
1. How can predictors of motivation for physical activities be identified from social
media texts?
2. Which insights about motivation for physical activities can be derived from social
media conversations?
3. How can these insights be used as guidelines for promoting motivation for physical
activities to the benefit of practitioners, health care organisations or sport centres?
In order to understand motivation in the field of exercise and physical activities, this study
followed the recommendations from previous research, and adopt Self-Determination
Theory (hereinafter SDT) as the framework for exploring this topic (Kwan et al., 2011;
Wilson and Rodgers, 2004). Even though SDT has been applied intensively, previous
research has identified that there is a strong need for further research that identifies
predictors of motivation for physical activities (Silva et al., 2008; Kwan et al., 2011; Wilson
and Rodgers, 2004).
The motivation behind this study was to provide actionable insights for the benefit of those
who are affected by lack of motivation for physical activities, namely patients, doctors,
public healthcare organization, and pharmaceutical companies. Additionally, this study
aimed, in regard to the evidence from EU and WHO, at providing guidelines for promoting
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physical activity, which is clearly an increasing public health priority (Edmunds, Ntoumanis
and Duda, 2006).
This study unfolds firstly into a Background section which lays the foundation of this
research. The section elaborates on the fundamental elements of SDT and provides a
detailed explanation of the different types of motivation. The theory is further supported by
systematic literature review in the field of physical activities and social media. The section
sums up the arguments for why SDT is relevant and an effective tool for identifying
motivation, and the arguments for why this study should apply social data analytics.
Thereafter, the paper discusses people’s tendency of reading and creating health care
content online, and explanation of big social data.
Next section provides a justification for the methodology consideration undertaken in this
study. This included research design, research strategy, data collection and preparation, and
data modelling and analysis. In the results section, the findings are visualized, and further
explained and disputed in regard to the research questions in the discussion. The paper is
summarized in the conclusion.

2.Background
In order to promote physical activities, previous research highlights the need for a clearer
understanding of motivation and how it facilitates physical activities (Silva et al., 2008). To
gain understanding of motivation, the current study adopted Self-Determination Theory as
the theoretical framework. The theoretical framework was developed on the basis of
literature review on SDT (Saunders, Lewis and Thornhill, 2009).
Firstly, SDT developed by its founders and authors was reviewed. Texts written by Edward L.
Deci and Richard Ryan were selected, discussed and utilized as the backbone for the
understanding of SDT.
Secondly, a review of academic literature adopting SDT was conducted by searching for SDT
in ScienceDirect, Scopus and Google Scholar databases. The focus of the study was
narrowed down to literature investigating on one hand motivation for physical activities,
and on the other hand research conducted in the settings of social media. This was done in
order to discover whether previous research has seen opportunities in uncovering
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motivation out of social media text. In order to find relevant studies, the databases were
searched for “Self-Determination Theory”, “Motivation”, “Physical activities” in combination
with “Social Media”, “Social data”, “Big Social data”, “Big data”. In total of 523 articles were
found. Articles not written in English, with no full-article access, and not having motivation
as the main focus were excluded. In total of 24 articles were included since these discussed
motivation for physical activities, social media, and relation to motivation. These articles
were believed to provide a valuable primary understanding and facts about social media in
the realms of motivation for physical activities. None of the articles derived motivation out
of social media data and that provided an argument for why this study should use data
analytics for the investigation of motivation.
The following section unfolds SDT and underlines how we can understand motivation in
general, and also in the context of physical activities and social media.

2.1 Self-Determination Theory (SDT)
The initial work leading to SDT dates back to the 1970s, though the first relatively
comprehensive statement of SDT was presented in 1980s (Deci and Ryan, 1985). SDT has
reached its flourishment period in the beginning of the 20s, where a particular amount of
research applying SDT to fields as education, health care, relationships, psychotherapy,
sports and exercise, goals and others were conducted (Deci and Ryan, 2008). Today, SDT has
increasingly become a basic framework in the areas of health and physical activity
promotion (Ryan and Patrick, 2009). A lot of research has contributed to explain motivation,
especially motivation in physical activities (Hagger and Chatzisarantis, 2007). Following is an
in-depth explanation of Self-Determination Theory.
SDT is organismic theory which stems from psychology (Deci and Ryan, 2015). It is a
“motivational theory of personality, development, and social processes that examines how
social contexts and individual differences facilitate different types of motivation”, and
among others, it predicts physical activities (Deci and Ryan, 2015, p.1). SDT embraces both
an organismic and a dialectical framework for the study of personality growth,
development, wellness and goal pursuit (Ryan and Deci, 2002; Deci and Ryan, 2008; Lutz,
Karoly and Okun, 2008, Brickell and Chatzisarantis, 2007). SDT is based on the assumption
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that human beings have “natural innate and constructive tendencies to develop an even
more elaborated and unified sense of self” (Ryan and Deci, 2002, p.5).
SDT consists of among others, five mini theories which contribute to its complex and
detailed nature. At first, SDT presents the Cognitive Evaluation Theory (CET) which
distinguishes between intrinsic, extrinsic motivation and amotivation. Organismic
Integration Theory (OIT) further represents four different subtypes of extrinsic motivation.
According to Causality Orientation Theory (COT), there are autonomous, controlled and
impersonal orientations. Based on the degree of orientation which goes from autonomous,
controlled and at last impersonal, motivation is represented on a continuum starting from
intrinsic, extrinsic and at last amotivation, respectively. The types of motivation are further
dependent on the satisfaction of competence, autonomy and relatedness needs, which are
outlined by Basic Psychological Needs Theory (BPNT). Finally, Goal Contents Theory (GCT)
distinguishes between intrinsic and extrinsic aspiration which also influence the types of
motivation. The following sections discussed these in turn.

2.1.1 Understanding Motivation
According to SDT, people are active, willing to integrate new material into their own sense
of self (Deci and Ryan, 2015). In the same time SDT accepts that environment plays an
important role as it either nourishes or disrupts this integrative process (Ryan and Deci,
2002). Thus, it is assumed that the active, growth-oriented individual and the social context
are the central explanations of motivational behaviour and development of humans (Deci
and Ryan, 2015). Ryan and Deci (2000) explained motivation as consisting of energy,
direction and persistence. SDT looks at motivation in a way that tries to uncover what type
of motivation human exhibit at any given time (Ryan and Deci, 2000). Therefore, SDT
focuses on types rather than amount of motivation (Deci and Ryan, 2008).
2.1.1.1 Self-Determination Continuum
Deci and Ryan (1985) established the self-determination continuum, which postulates that
the types of motivation lay on a continuum going from intrinsic to extrinsic and amotivation
(see Figure 1). Thus, the types of motivation depends on the degree to which people's
orientation is autonomous, controlled, or impersonal, respectively.
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Autonomous orientation is also known as self-determined. It occurs when people act with a
full sense of willingness and volition (Deci and Ryan, 2008). Their behaviour is motivated out
of their personal interest and values, and sense of enjoyment. Deci and Ryan (2015) also
explain that autonomous orientation is typically accompanied by the experience of positive
affect, flexibility, and choice.
Controlled orientation occurs when people act out of coercion, seduction or obligation.
Their actions are influenced by pressure and compulsion, rather than a result of their own
choices (Deci and Ryan, 2015).
Impersonal orientation occurs when people tend to focus on indications from the social
context, which would increase their sense of incompetence and inability to obtain certain
outcomes (Deci and Ryan, 2015).
Previous research has provided that intrinsic motivation would correspond to more
autonomous orientations, while extrinsic motivation would correspond to more controlled
orientations. Lastly, amotivation would correspond to impersonal orientations (Silva et al.,
2008). The authors state that despite of whether it is autonomous or controlled orientation,
there is a presence of motivation. On the other hand, impersonality orientation lead to
amotivation, or the absence of motivation (Deci and Ryan, 2015). The ability to distinguish
between autonomous and controlled orientations indicates that positive motivation
consequences, such as persistence and psychological well-being, are influenced by
autonomous orientations rather than controlled (Wilson and Rodgers, 2004). Therefore,
being able to access these different types of orientation can be used for predicting the
quality and maintenance of particular types of motivation, which would promote physical
activities (Deci and Ryan, 2015).
Each of these orientations exist to some degree within every person. However, people
cannot be categorized as one or another, but rather as a combined measure of degree of
each (Deci and Ryan, 2015). Therefore, this study would not consider these as direct
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predictors of types of motivation.

Figure 1. Self-determination Continuum - the arrow shows how types of motivation range
from Amotivation to Intrinsic motivation based on the orientation type.
The distinction between the three types of motivation is enabled by the Cognitive
Evaluation Theory (CET), and each of the types are explained in turns.
2.1.1.2 Intrinsic Motivation
Intrinsic motivation is a manifestation of the human tendency towards learning and
creativity (Ryan and Deci, 2000). When people are intrinsically motivated they would engage
in activities which they find interesting, enjoyable and fun (Deci and Ryan, 2015). Also,
intrinsic motivation is exhibited in one’s seeks of novelty, challenges, and one’s seek to
improve capacities, or explore and learn (Ryan and Deci, 2000; Brickell and Chatzisarantis,
2007). A well-known example of intrinsic motivation is kids and their engagement in playing
games. In regard to physical activities, the main reason for people to engage in these
activities is because of the inherent pleasures, enjoyment and satisfactions these provide
(Ryan and Patrick, 2009).
It has been examined that receiving a positive feedback, or acknowledging one’s feeling and
perspectives, having a choice and opportunity of self-direction enhance the intrinsic
motivation, because people have more autonomy (Ryan and Deci, 2000). On the other hand,
punishment, threads, deadlines, surveillance can undermine intrinsic motivation (Deci and
Ryan, 2015). Intrinsic motivation is associated with intrinsic regulation, which is believed to
be the most self-determined regulation (Silva et al., 2008).
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2.1.1.3 Extrinsic Motivation

When people are extrinsically motivated they would engage in activities because there is
some kind of reinforcers. In the past people were extrinsically motivated to take an action
because they would be able to get hold on water, food. Nowadays, extrinsic motivation is
also exhibited in the pursuit of rewards such as money, prizes, or the avoidance of
undesirable situation, or in the wish for social approval (Deci and Ryan, 2015). Many
scholars explain this type of motivation with the example of the “carrot and stick” (Deci and
Ryan, 2015). In regard to physical activities, extrinsic motivation is prevalent because of
one’s gain of carrying the activity (Ryan and Patrick, 2009). Possible reasons for extrinsic
motivation in sports are improvement of health, appearance, physical shape (Ryan and
Patrick, 2009).
Giving these extrinsic rewards to intrinsically motivated people acting out of own interest,
would result in diminishing their intrinsic motivation for the activity. Thus, extrinsic rewards
would have negatively effect on intrinsic motivation (Deci and Ryan, 2015).
Organismic Integration Theory (OIT) is another mini-theory used in SDT (Ryan and Deci,
2000). OIT explores the degree to which an activity is considered as autonomous or
internalized (Ryan and Deci, 2000). In this regard, IOT refers to internalization as the degree
to which individuals “accept” values and regulations as their own, and integration as the act
of transforming these regulation as one’s own, emanated from one’s sense of self (Ryan and
Deci, 2000). Based on OIT, there are four regulations of extrinsic motivation, which are
influenced by contextual factors to either promote or hinder the internalization and
integration of physical activities (Ryan and Deci, 2000; Edmunds, Ntoumanis and Duda,
2006).
External regulation is explicit when people act because of external contingencies of reward
or punishment that have not been internalized (Deci and Ryan, 2015). For example, a
patient might join a gym because his physician recommends it (Fortier et al., 2011; Brickell
and Chatzisarantis, 2007).
Introjected regulation occurs when people take in values and regulations, but only partially
accept and internalize them as their own (Deci and Ryan, 2015; Ryan and Deci, 2000). For
example, people who exercise to avoid feeling guilty if they do not act according to
someone else’s standards (Brickell and Chatzisarantis, 2007; Fortier et al., 2011).
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Identified regulation occurs when people identify their behaviour with personal value and
importance, and accept the behaviour as it is their own (Deci and Ryan, 2015; Ryan and
Patrick, 2009). For example, people would exercise because of the value, usefulness, or
importance of exercise (Brickell and Chatzisarantis, 2007; Fortier et al., 2011).
Integrated regulation occurs when people act with a full sense of volition and choice. It also
means that people have fully accepted their identified regulations as their own (Ryan and
Deci, 2000). For example, people who exercise to maintain good shape, because being fit is
part of who they are (Brickell and Chatzisarantis, 2007).
2.1.1.4 Amotivation
Another type of motivation is amotivation. It occurs when people have no motivation, or do
not feel content to take an action, or do not value the outcome of the action, or do not feel
competent to do it (Deci and Ryan, 2015, Ryan and Deci, 2000). Amotivation is complex
because there can be many reasons to why people are not motivated to take a certain
action. One explanation to amotivation can be the fact that one does not feel competent,
knowledgeable and skilful in carrying the activity (Ryan and Patrick, 2009). Another
explanation can be that people do not feel connection between the action and the desired
outcomes (Ryan and Patrick, 2009). Lastly, amotivation can simply be caused by the fact that
people do not want to act, do not see value or interest in the activity (Ryan and Patrick,
2009). Amotivation is associated to impersonal type of orientation, which is related to selfderogation, anxious, and ineffective and depressive symptoms. This can be caused by
diminishing effects from the social environment and the inability to satisfy one’s needs, or
ill-being.

2.1.2 Basic Needs
Outlined in the Basic Psychological Needs Theory (BPNT) is that there are three basic,
universal and cross-developmental psychological needs, namely the needs for competence,
autonomy and relatedness (Ryan and Patrick, 2009). The basic needs are believed to be
innate, not learned, and seen in humans across genders and cultures. Within the SDT
terminology, the basic needs are referred to as “basic psychological needs” (Ryan and Deci,
2002).
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2.1.2.1 Autonomy
The need of autonomy refers to “being the perceived origin or source of one’s own
behaviour” (Ryan and Deci, 2002, p.8). Thus, autonomy is the act of going things from
personal interest and integrated values. When people feel autonomous, they experience
their behaviour as self-organized and endorsed, and fully engaged in the activity (Ryan and
Patrick, 2009).
2.1.2.2 Competence
The need for competence refers to “feeling effective in one’s ongoing interactions with the
social environment and experiencing opportunities to exercise and express one’s capacities”
(Ryan and Deci, 2002, p.6). Competence make people to see challenges and to maintain and
develop their skills and capacities. Thus, competence is a “felt sense of confidence and
affectance in action” (Ryan and Deci, 2002, p.7). In regard to physical activities, it has been
proven that positive feedback enhances the feeling of competence and leads to increase in
motivation, and the other way around (Ryan and Patrick, 2009).
2.1.2.3 Relatedness
The need for relatedness refers to “feeling connected to others...having sense of
belongingness and connectedness both with other individuals and with one’s community”
(Ryan and Deci, 2002, p.7). Relatedness is represented in the tendency to connect with
others and be integral part of the community. Relatedness can be endorsed by the warmth,
care and involvement other individuals convey (Ryan and Patrick, 2009).
When the social environment satisfies these three basic needs, a vital human functioning is
supported, whereas when these three basic needs are thwarted, it is suggested that the
environment is antagonistic (Ryan and Deci, 2002). This was proven to be the case
regardless of countries, cultures, traditional values and other individualist, egalitarian values
(Deci and Ryan, 2008). In the same time, human beings are “living for” satisfying their
needs, which sets the concept of basic needs as a criterium of what is important to life (Deci
and Ryan, 2000). Additionally, satisfaction of the needs is an important nutrient for effective
functioning and wellness, and it also promotes the optimal motivational traits and states of
intrinsic motivation and intrinsic aspirations, which facilitate psychological health and
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effective engagement with the world (Deci and Ryan, 2015). As Deci and Ryan (2015, p.3)
have explained, “the satisfaction versus thwarting of the basic psychological needs for
autonomy, competence and relatedness explain the enhancement versus undermining of
intrinsic motivation, the internalization of extrinsic motivation, and the development of
general causality orientations”. In this regard, the need of autonomy and the need of
competence are believed to have impact on intrinsic motivation. More specifically, if these
two needs are satisfied, they can have a range of positive consequences. On the other hand,
if they are thwarted then can have a range of negative consequences (Deci and Ryan, 2015).
In the context of health, the social environment which facilitates the satisfaction of these
needs will promote the internalization of protective and preventive health behaviours (Silva
et al., 2008). This would lead to autonomous engagement and maintenance of healthrelated activities and satisfaction of these needs in the long term (Silva et al., 2008).

2.1.3 Goal Contents Theory
SDT also focuses on goals, which are defined as desirable outcomes that people value and
expect to attain by engaging in particular behaviour (Deci and Ryan, 2015). The Goal
Contents Theory (GCT) further divides these into two groups, namely intrinsic goals and
extrinsic goals (Deci and Ryan, 2008).
2.1.3.1 Intrinsic Goals
The intrinsic goals are personal growth, relationships, social affiliation, and generativity,
community contribution, social affiliation, health and fitness, and self-acceptance (Deci and
Ryan, 2009; Deci and Ryan, 2015; Sebire, Standage and Vansteenkiste, 2009). In general,
intrinsic goals are assumed to be inherently satisfying and fostering the fulfilment of the
three basic needs (Ryan and Patrick, 2009).
2.1.3.2 Extrinsic Goals
Extrinsic goals are such as wealth, fame, image, attractiveness, financial success,
appearance, popularity, power, and conformity (Deci and Ryan, 2009; Deci and Ryan, 2015;
Sebire, Standage and Vansteenkiste, 2009). In general, extrinsic goals are assumed to not be
inherently satisfying the basic needs, and consequently impede the motivation for physical
activities (Ryan and Patrick, 2009).
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Previous research has proven that if people value more extrinsic goals than intrinsic, then
they tend to display poorer psychological health, and the other way around (Deci and Ryan,
2015). Additionally, the pursuit and attainment of intrinsic goals such as self-exploration,
meaningful relationships and community contributions tent to provide satisfaction for the
basic psychological needs, whereas the pursuit and attainment of the extrinsic goals of
material possession, social recognition and attractive image are at best indirectly satisfying
the basic needs and may even be antagonistic to them (Deci and Ryan, 2015). Additionally,
satisfaction of intrinsic goals has proven to be associated with greater health, well-being and
performance in contrast to extrinsic aspiration (Deci and Ryan, 2008). In regard to physical
activities, intrinsic goals such as improved health or enhanced appearance are a common
foundation for intrinsic motivation to exercise (Sebire, Standage and Vansteenkiste, 2009).

2.2 Application of SDT in Academic Research
This research has systematically reviewed academic literature applying SDT in the fields of
physical activities and social media. This provided support for using SDT as a framework for
understanding predictors of motivation for physical activity, which is also reflected below
(Silva et al., 2010; Hagger and Chatzisarantis, 2008).

2.2.1 Intrinsic and Extrinsic Motivation for Physical Activities
Previous research has commonly proven that intrinsic motivation has positive association
with physical activities (Lonsdale et al., 2013; Kwan et al., 2011), while extrinsic motivation
and amotivation were found to have weak, negative associations with physical activities
(Lonsdale et al., 2013). When people are physically active as a result of inherent behaviour,
they feel happiness and subjective vitality (Ryan and Patrick, 2009). Consequently, this
behaviour enhances psychological needs that contribute to the overall sense of wellness
(Ryan and Patrick, 2009). Overall, in the physical activity domain, more intrinsic motivation
has been linked to more positive attitudes towards physical activity and greater physical
activity levels (Fortier et al., 2011).
Another study suggested that intrinsic motivation may not be the most important predictor
of engagement in exercise because maintenance of regular exercise behaviour is unlikely to
be supported by fun and enjoyment (Edmunds, Ntoumanis and Duda, 2006). Another
important finding is that in order to participate in intensive exercise behaviors, which
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necessitate considerable physical and mental exertion and stamina, individuals must place
some value on the exercise and recognize its importance in terms of health and well-being
(Edmunds, Ntoumanis and Duda, 2006). In general, active engagement in physical activities
is seen as dependent on the significance of the activity and its values and benefits on the
individual. Another classification is that new participants reported health benefits as their
reason for exercise adoption, while long-term participants reported enjoyment as their
principal reason for continuing (Edmunds, Ntoumanis and Duda, 2006).
Another study found that both intrinsic and extrinsic motivation are important to both
physical activity adoption and maintenance, and can be decomposed to reveal a complex
substructure of factors that are related to exercise stage of motivational readiness and
behavior over time (Buckworth et al., 2007).

2.2.2 Motivational Goals
A common theme emerging from the problem of lack of exercise concerns the role of
people’s reasons for exercising (Silva et al., 2008). Thus, perceived as dwindling motivation
are extrinsic motives such as weight control and doctors recommendation. While intrinsic
motives such as enjoyment and interest are perceived as enhancing the motivation (Silva et
al., 2008). Therefore, in regard to maintaining long lasting results, previous research has
concluded that an individual's motivational focus needs to shift from extrinsic to intrinsic
regulations (Silva et al., 2008; Edmunds, Ntoumanis and Duda, 2006).
Intrinsic motivation is also associated with sustained over time health promoting behaviour
as physical activities and exercise (Lonsdale et al., 2013). A study examining regular exercise,
found that intrinsically motivated people tend to report more regular physical activities,
including positive outcomes in exercise participation (Rodgers et al., 2010). There is a
tendency that regular exerciser would endorse intrinsic motivation more strongly than
extrinsic motivation (Rodgers et al., 2010; Kwan et al., 2011). Wilson and Rodgers (2004)
found that support from friends and social agents appears to endorse more intrinsic
motivation, which is further associated with intentions to continue exercising.

2.2.3 Exercise Variety
Another study found that variety in environment, social context and personal perceptions
has influence over motivation for physical activities (Sylvester et al., 2018). Authors
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concluded that intrinsic motivation is positively associated with exercise variety, especially
when the needs for autonomy, competence, and relatedness are satisfied. The study further
discussed that based on SDT people are growth oriented and have an innate propensity to
satisfy their basic needs. Thus, in the seek of diverse ways to satisfy people’s needs, variety
has a stronger relationship with exercise behavior via intrinsic motivation because a change
in activity diverts interest and attention in the short term, and offers potential to have one's
psychological needs satisfied (Sylvester et al., 2018). When focusing on the relationships
between SDT with frequency, intensity, and duration of exercise, it has been suggested that
some people may persist at sport and exercise despite being extrinsically motivated (Duncan
et al., 2010).

2.2.4 Social Media Engagement
Another more recent stream of research has focused attention to social media in the
investigation of motivation to physical activities (Jih-Hsuan, 2016). It has identified that
people are increasingly seeking health information and discussing health related topics on
social media (Li and Wang, 2018). Even more interestingly, “more than 40 percent of
consumers say that information found via social media affects the way they deal with their
health” (Li and Wang, 2018, p. 1). Even though many people would have some trust issues
associated with the validity of the information found on social media, there are a big
amount of people who would share ideas and seek support related to health care. Factors
such as information support, emotional support, and the satisfaction of one’s autonomy and
relatedness needs play an important role in people’s health-information-seeking intentions
on social media (Li and Wang, 2018).
Another study found that sharing physical activity content on Facebook can provide social
support through friends’ encouraging comments and can allow comparison of one’s own
results with others (Klenk, Reifegerste and Renatus, 2017). Despite of gender, social media
usage for posting of physical activities can reflect higher motivation for health-oriented
behaviour (Klenk, Reifegerste and Renatus, 2017). Some people also tend to use social
media for competition and challenge.
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Another study found significant relationship between need satisfaction for relatedness and
autonomy, and intention to like, comment and share exercise posts on social media. Their
findings “highlight the importance of elements of exercise posts, which in turn satisfy
viewers’ need for relatedness and autonomy” (Kim and Park, 2016, p.128). Their study has
proven implications to practise by recommending practitioners to design exercise activity
posts in ways that highlights the viewer’s role and their feelings of being appreciated and
connected (Kim and Park, 2016). This was seen as a possible way to boost patients’
motivation for healthier lifestyle.
Another study examined whether being part or not being part of online community can
have an effect on people’s motivation to physical activities. The findings point at the
tendency that participating in social media groups has positive effects for physical activity
levels, especially when the other members are highly physically active. Thus, relatedness
with other physically active people was found to increase motivation. Another interesting
insight from the study is that the density of the online community has negative effect on
people’s behavior for physical activities, as it is assumed that people can experience too
much pressure leading to reduction in motivation (Groenewegen et al., 2012).

2.3 Conceptual Model
Based on the theoretical framework of SDT and previous research conducted in the field of
physical activities and social media, this study developed a conceptual model (Figure 2). The
model illustrates that Basic Needs and Goals, which according to the theory have mutual
influence over each other, and further have an effect on the motivation. According to
previous research, intrinsic motivation would be a strong predictor of physical activities,
while extrinsic and amotivation would be weak or negative predictors of physical activities.
Additionally, this study found it beneficial to include personality identification to the
investigation of motivation, by including the Personality Trait model, which is external for
SDT (Digman, 1990). As Deci and Ryan (2015) put it “SDT is a motivational theory of
personality… that examines how social contexts and individual differences facilitate
different types of motivation”. Thus this study, in the seek to account for predictors of
motivation, saw a benefit in using the Personality Traits, which provide a general
classification of human personality and individual differences (Digman, 1990). Additionally,
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it is believed that the model would provide deeper insights into the human personality of
the actors, who are involved in the collected data (Iacobelli and Culotta, 2013). Personality
traits is also believed to be reflected in humans’ interactions and communications, and
therefore the social media texts was believed to contain those (Digman, 1990). Personality
detection from text has also been seen as useful for extracting behavior characteristics of
authors who has written the text (Agarwal, 2014). The personality traits model has fivefactors, namely Openness, Conscientiousness, Extraversion, Agreeableness and Neuroticism.
A description of each is provided in Table 3 (on page 35).
The conceptual model in Figure 2 illustrates that the three Basic needs of autonomy,
competence and relatedness and the intrinsic and extrinsic goal can be used as predictors of
the three types of motivation. Additionally, the five personality traits of openness,
conscientiousness, agreeableness, extraversion, and neuroticism are also used as predictors
of motivation. The conceptual model was not only used to provide a coherent
representation of the predictors of motivation, but it was also applied in the data analysis as
a classification model. This is further discussed in the methodology section.
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Figure 2. Conceptual Model

2.4 Implications of Motivation for Physical Activities
SDT has identified that the three Basic needs of autonomy, competence and relatedness and
the intrinsic and extrinsic goal can be used as predictors of the three types of motivation.
Additionally, think study included the five personality traits of openness, conscientiousness,
agreeableness, extraversion, and neuroticism as predictors of motivation. Previous research
examining predictors of motivation for physical activities has also applied other theories.
Among those were Goal-centered Self-regulatory Theory used in the investigation of
perceived goals (Lutz, Karoly and Okun, 2008), Self-Efficacy Theory used to examine quantity
of motivation that people have for conducting tasks based on the degree to which they feel
competent to do so (Silva et al., 2008). Theory of Planned Behaviour was another example.
The theory aligns with the examination of quantity of motivation conceptualization and has
been found to be consistently linked with physical activity behavior (Fortier et al., 2011).
However, all these theories treat motivation as an unitary concept focused on the quantity
of motivation people have for particular behaviour.
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However, the current study is interested in examining quality of motivation as a measure of
engagement for physical activities, and in this regard SDT is the theory that most precisely
outlines that. Academic research also support this choice of theoretical foundation because
they argue that SDT “is the only empirically-derived theory of motivation which posits that
autonomy is essential for maintained behavior change and because there are validated
psychometric instruments for each construct of the theory” (Silva et al., 2008). Also, SDT
represents a viable framework of an array of initiation and adherence issues within exercise,
and thus useful tool for investigating exercise motivation (Wilson, Mack and Grattan, 2008).
Even though previous literature has investigated motivation for physical activities in various
settings and contexts, it was highlighted that there is a need for further application of SDT,
especially in the physical activities aspects (Silva et al., 2008). Therefore, this study
employed SDT as the main theoretical framework for the investigation of motivation for
physical activities.
Another important outcome from the conducted literature review points at a gap in regard
of methodology. Despite of the numerous research examining motivation towards physical
activities, none had actually used social data analytics as a possible methodology.
All reviewed studies used predefined questionnaires and surveys for their examination
(Markland and Tobin, 2004; Godin and Shephard, 1985; Gillison et al., 2009; Sylvester et al.,
2018; McDonough and Crocker, 2007). A prominent example was the Behavioral Regulation
in Exercise Questionnaire (BREQ), which was used to measure motivation and assess the
reasons why people exercise (Brickell and Chatzisarantis, 2007; Fortier et al., 2011; Rodgers
et al., 2010; Sylvester et al., 2018; Sebire, Standage and Vansteenkiste, 2009;
Edmunds,Ntoumanis and Duda, 2006; Duncan et al,. 2010). Even though SDT has been
applied to many fields and has been useful and efficient in measuring motivation in the
physical activities context, in their review, Hagger and Chatzisarantis (2008) mentioned that
there is not a lot of variance in the use of measurement of SDT, explicitating that the
Association Test (IAT) and BREQ are the mainly used ones. Therefore, in order to assess
predictors of motivation, this study employed social data analytics. Before going to the
methodological consideration of this research, the next section emphasis and justifies the
need of applying social data analytics from both topic point of view and methodology point
of view.
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2.5 Impact of Big Social Data
Big social data refers to data produced through user-generated content often on social
media platform. Social media is often referred to as community provider because it provides
users with the possibilities to interact with people with similar interests, ideas and concerns
and give them a sense of belonging (C., K., 2016). Social media is also attractive to users
because they can broadcast their thoughts and opinions on the great variety of topics (C., K.,
2016). Social media and its mechanism for social support, social engagement, social
influence, social pressure and access to resources, are seen as an opportunity to promote
physical activities (Groenewegen et al., 2012). On social media, the users are encouraged to
generate and share content which includes text, images, videos and others.
Social media has also been defined as “scalable communications technologies that turn
Internet-based communications into an interactive dialogue platform” (Vatrapu, 2013).
Thus, in recent years, social media platforms have become popular not only for users, but
also for worldwide academic literature (Jih-Hsuan, 2016).

2.5.1 Big Social Data
Social media provides large volumes of unstructured social text, which is also just termed
“big data” (Vatrapu, 2013) or more specifically “big social data” (Vatrapu et al., 2016). Big
data has no rigorous definition, even some scholars believe that “big data is … a poor term“
(Boyd and Crawford, 2012). Though our common understanding of it, big data is related to
the volume of information that has grown so much that it has changed the traditional ways
of handling data. As a result, one of its definition emphasis on the size, thus “big data can be
defined based on large volumes of extensively varied data that are generated, captured, and
processed at high velocity” (Günther et al., 2017). Other scholars, emphasis on the analytical
part of it and define big data as “algorithm-based analyses of large-scale, disparate digital
data for purposes of prediction, measurement and governance“ (Flyverbom and Madsen,
2015).
Big data is also commonly described by three dominant characteristics, which are known in
the academic world as the Vs model (Lugmayr et al., 2017; Gandomi and Haider, 2015). Data
velocity refers to the rate data is produced and the speed at which it is analyzed and utilized
(Gandomi and Haider, 2015). Data volume refers to the size of the produced data. Data
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variety refers to the structural heterogeneity in a dataset, thus the use of structured, semistructured and unstructured data (Gandomi and Haider, 2015).
From a more technical point of view, big data is enabled by the processes of datafication,
which are taking “information about all things under the sun - including ones we never used
to think of as information at all, such as a person's location, the vibrations of an engine, or
the stress on a bridge - and transforming it into a data format to make it quantified” (MayerSchönberger and Cukier, 2013, p. 15). When quantified information is captured, then we can
refer to it as data.
Thus, in the realm of big data there is an important distinction between data, information
and knowledge. Data on its own is understood as the “raw material”, which is unprocessed.
Information on its own is understood as organized data in a way that there is a logic.
Knowledge is more than information, because it is understood as “data organized in a way
that has an effect”, which makes us take an action (Flyverbom and Madsen, 2015). In this
regard, data seen as raw material is only useful when it is stored, accessed and consequently
processes and analysed into information, which is interpreted and utilized into actionable
knowledge (Flyverbom and Madsen, 2015; Stubbs, 2014). The processing and analysing of
data is called data mining or data analytics.
2.5.1.1 Attributes of Big Social Data
Data coming from social media platforms is often textual data and considered unstructured.
With newer characteristics of the social media platforms, data is continuously becoming
more heterogeneous, unstructured, sparse and high dimensional (Aggarwal, 2012). All these
characteristics of social media data challenge the traditional data mining techniques
(Stubbs, 2014). These have become inefficient and therefore text mining technique are
preferred when working with social media data (Aggarwal, 2012).
As social media data is generated by user, the content reflects primarily on them, their
communication and their interactions (Günther et al., 2017). In general, big social data is a
result of electronic trace data, which is generated by two types of socio-technical interaction
(Vatrapu et al., 2016).
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The first one, social graph, represents the technology interactions in the form of what is
being done by the users. These interaction are associated with the technology itself, and
emerge from actions like using the Facebook’s webpage or app in order to like, post,
comment, share etc. These actions consists of users, their actions, their activities, and the
artifacts created through these interactions (Mukkamala, Hussain and Vatrapu, 2014;
Vatrapu et al., 2016; Hussain et al., 2014).
The second one, social text, represents the peers interactions in the form of what is being
said through user’s interactions with other users. This type consists of all communicative
and linguistic aspects of social media conversations. It involves the topics, keywords, and
sentiment communicated thought the content (Mukkamala, Hussain and Vatrapu, 2014;
Vatrapu et al., 2016; Hussain et al., 2014). These two types of data can provide measures of
motivation to physical activities through Facebook. This study is primarily interested in the
social text, as these interactions involve the communicative part, where content regarding
motivation can be communicated (Mukkamala, Hussain and Vatrapu, 2014).

2.5.2 Big Social Data Application in Academic Research
Big data is also defined as the “ability of society to harness information in novel ways to
produce useful insights or goods and services of significant value” (Mayer-Schönberger and
Cukier, 2013, p.3). The processing of user-generated content has helped many different
industries including health care to extract valuable knowledge for prevention purposes
(Mayer-Schönberger and Cukier, 2013, p.3). Big data used in research is believed to add
social value because it can improve our social well-being in regard to education, health care,
public services (Boyd and Crawford, 2012).
Therefore, the use of big data in academic research has been discussed widely in the last
decade. The availability of large volumes of data, better warehousing, advanced computing
power and software have made this concept widespread (Linoff and Berry, 2011). While big
data and analytics have been rapidly accepted by the industry actors, this has left no time
for the concept to mature in the academic world. Thus, there is a lack of coherent
understanding and terminology of the concept, leading big data and analytics as a research
method to be lacking behind in the academic studies (Gandomi and Haider, 2015).
In general, the use of big data and analytics in academic research can be seen as
revolutionary, because it reforms the way we think about data and the way we use data
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(Mayer-Schönberger and Cukier, 2013). Boyd and Crawford (2012) believe that by big data
analytics we refer not only to a large datasets and the advanced techniques and methods
used for analysing them, but also to a “computational turn in thought and research”. Thus,
the more advanced the tools and technique for analysing big data become, the better we
will be at conducting research.
With this in mind, the current study will challenge our understanding of motivation by
added a more quantitative measurement, which could better illustrate what is our
understanding of predictors of motivation to physical activities. The next section explains in
detail the methodological considerations undertaken for this study.

3. Methodology
This section reflects on the general methodological consideration, including research design,
research strategy, data collection and preparation, and data modelling and analysis.

3.1 Research Design
The current study employed pragmatic philosophy and a cross-sectional design in order to
examine motivation for physical activities leading to healthy lifestyle.
The purpose was to be able to discover how predictors of motivation for physical activities
can be derived from social media text, and afterwards to explore these insights. Lastly,
provide recommendations for the promotion of motivation for physical activities.
In order to find answers to the research questions, this study undertook an explorative
design, which helped gaining understanding and insights, and consequently a
comprehensive clarification of the topic of interest (Saunders, Lewis and Thornhill, 2009).
The research started at more abstract and broader level by conducting a systematic
literature review of self-determination theory, which is believed to be the foundation of
motivation. Afterwards, a more specific focus on physical activities and social media was
adopted in order to set the scope.
CRISP-DM, which is a data analytics methodology, was adopted as a research strategy
(Chapman et al., 2000). The unit of analysis was social media text generated by the users of
social media platforms. The data sources for this research were five Facebook public pages
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and three online forums. The data was collected and prepared for analysis with the help of a
tool called SODATO.
For data modeling and analysis, firstly a training set was randomly selected and manually
coded. Afterwards it was passed to a tool called MUTATO, where five different supervised
machine learning algorithms were used for text classification. A deductive quantitative
approach, founded in the theory was utilized for this step. The outcomes were visualized
with the help of Tableau and Excel, and represented in the results section.
The whole process is illustrated in Figure 3 and the next sections provide a detailed
verification and justification of each of these steps, starting with the research strategy.

Figure 3. Research Design - reflecting CRISP-DM in this study’s methodology

3.2 Research Strategy
Data analytics are based on mathematical algorithms. Thus, it is not a new term as it has
been existing even before the invention of the computers (Linoff and Berry, 2011). Though
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with the development of technology, big data analytics has also advanced and new
techniques has been founded. On its own the term data analytics refers to a “business
process for exploring large amounts of data to discover meaningful patterns and rules”
(Linoff and Berry, 2011, p.2).
Computational social science is one of the areas where big data analytics has its greatest
impact because of the potential to replace traditional strategy as surveys, sampling studies
and questionnaires (Mayer-Schönberger and Cukier, 2013). The need for new research
strategies has also been explicitated in the literature review, which concluded that other
strategies than questionnaire are highly needed for the study of motivation. Therefore, in
order to justify the use of data analytics, this study followed an industry accepted data
analytics methodology called CRISP-DM (Chapman et al., 2000).
CRISP-DM is usually applied by data mining experts, who use it in order to tackle industry
specific problems. CRISP-DM stands for cross-industry standard process for data mining
(Chapman et al., 2000). Fundamental for this strategy is the data mining life cycle illustrated
in Table 1 as consisting of six steps. The use of these steps in this study is illustrated in Figure
3.
CRISP always starts with (1) identification of the problem, which involves both determining
the research needs and the data analytics goals. In the case of this study, this initial step
involved the formulation of problem statement, research questions and scope. From more
technical point of view, this step also involved considerations about the data sources and
tools which can be used further on in the analysis. This was necessary because the different
data analytics techniques used for extracting valuable information from data depend on the
data format. For example, this study used social media text which is most often analysed
with text analytics techniques (Kannan et al., 2016). Text analytics employ different machine
learning models, which are provided with special abilities for mining dynamic data
containing poor and non-standard vocabulary (Kannan et al., 2016; Aggarwal, 2012). In this
regard, text analytics were applied in order to discover knowledge about the predictor of
motivation for physical activities from the collected data. Text analysis techniques are often
text classification and topic modeling. Text classification is used for organising textual data
into a set of categories or models (Mukkamala and Vatrapu, 2016).
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Next step was (2) Data Collection, followed by (3) Data Preparation. Here, considerations
about data understanding, selection, exploration and descriptions of the collected data took
place before data was prepared for analysis. Next was (4) Data Modeling and Analysis,
where manual text classification and supervised machine learning techniques were applied.
Finally, the data mining cycle ends with (5) evaluation of the model and results from the
data, and (6) considerations and application of the results in practise, which are reflected in
the discussion and conclusion sections of this study. Data analytics is a iterate process,
which involves going back and forth between the steps, which is also illustrated in the data
life cycle, available in Appendix 9.1.
Big data analytics is believed to be a valid and reliable method for measuring motivation,
because in order to understand what motivation is about, we need to be able to know what
motivated people versus not-motivated people say or write. This information can be
extracted unbiasedly from social media texts. Being able to recognize that language is
central to the study of motivation is something this study aims at providing (Grimmer and
Stewart, 2013).

Table 1. Data Mining strategy CRISP-DM (Chapman et al., 2000)
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3.3 Data Collection and Preparation
Data collection is a crucial step in the research process, where consideration about data
sources are taken into account. Having access to the right data sources would ensure valid,
reliable and more insightful results. The target for the data collection were forums and
Facebook public pages where motivation for physical activities was widely discussed.
Getting an overview and access to these sources was the starting point of the data
collection process in this study. Collecting data from these data sources also provides
another benefit, because the data is collected “passively while people do what they
normally do anyway” and in this way, it is ensured that “the old biases associated with
sampling and questionnaires disappear” (Mayer-Schönberger and Cukier, 2013).
In order to provide verification, the unit of analysis of this study was social text. All the text
associated and collected for this investigation is called corpus (Grimmer and Stewart, 2013;
Linoff and Berry, 2011). The corpus is comprised of .cvs files, called datasets. Each dataset
contained fields and records, which are any string of characters, usually separated by
semicolon (Linoff and Berry, 2011). The data was collected with the help of SODATO. The
following parts provide a detailed explanation of the data collection tool, data sources and
data preparation.

3.3.1 SODATO
SODATO is a Social Data Analytics Tools for data extraction, which was developed by the
Computational Social Science Laboratory at CBS. The main purpose of the tool is to sustain
fetching of data and preparing the data for analysis (Hussain and Vatrapu, 2014). SODATO is
“designed, developed and evaluated to collect, store, analyze, and report big social data
emanating from the social media” (Hussain and Vatrapu, 2014, p.4). Additional
documentation about the tool is available in SODATO (2018).
With the help of SODATO data from three forums and five Facebook pages were fetched.
SODATO also cleaned the data for missing values and duplicates. In order to ensure that the
tools for modelling and classification can read the data, all data files were saved as UTF-8
with the help of the Sublime Text software, and were also manually cleaned for any
additional spam texts.

Page 30 of 100

3.3.2 Sample Description
In regard to what is feasible with time of this project and compliant with the general data
privacy regulation (GDPR) in the EU, the study could get hold on data from three online
forums and five public groups on Facebook. The eight in total data sources were all social
media platforms. A full description of the data sources is available in Appendix 9.2, and a
summary in Table 2. This research has only considered these online communication
channels because data is produced at higher velocity and volume, and provides unbiased
data.
Moreover, only Danish forums and pages, written in mainly Danish language, were included
because the scope of this study was on local level of understanding.
The Facebook pages were selected on the basis on being public and users are allowed to
post, comment or like. After that they were evaluated on the basis of popularity - how many
followers there were and lastly whether they have been active on the long run.
The forums were selected with the help of Google search, questing for “motivation”,
“sports”, “fitness”. Forums were also selected on the basis of being public and any one can
read and write content.
The total corpus contains 55259 row of text in the form of posts, comments and replies. The
corpus is represented in Table 2 below.

Table 2. Data description - including name of data source and description of the source
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3.3.3 Data Preparation
A training set consisting of a total of 2000 randomly selected texts was comprise out of the
corpus. This was used as a training set, which was manually coded, and used to support the
supervised machine learning algorithm utilized for the data analysis. In order to provide
consistency in the training set, an equal proportion of Facebook and Forum data was
selected by assigning a random value to each record. Before collecting the training set, each
dataset was given an unique identifier column called “ID”, and all text fields were collected
under one column called “Text”. The data relationship diagram illustrates the process in
Figure 4 below. The next section explains the actual coding of the training set.

Figure 4. Data Relationship Diagram (PK - Private Key; FK - Foreign Key)

3.4 Data Modeling and Analysis
The data modelling and analysis of this study involved the incorporation of the conceptual
model identified in the background section with the collected data. The process involved
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two steps, manual text classification and automated supervised machine learning
classification (Mukkamala and Vatrapu, 2016).

3.4.1 Manual Text Classification
In the first step, the conceptual model was added to a list, where each individual model was
assigned a set of categories and a comprehensive description for each category. This is
shown on Table 3. The conceptual model is applied in the training set by manually classifying
each record with a category from the models (see Figure 4). An excel sheet was created and
the categories were added as lists in order to make sure that spelling and other errors are
omitted (Mukkamala and Vatrapu, 2016).
The validity and reliability of the categorization process was ensured by developing a set of
coding rules which were boned in the theory, and a comprehensive description of each of
the categories (Morris, 1994).
While classifying the data, it became apparent that some texts are not corresponding to any
of the category and therefore an “None” category was added to each of the models. In this
case “None” was used for records which were among others, commercials, irrelevant in
context, other discussions not concerning motivation to physical activities, blank, common
facts, notifications, or simply insufficient to determined the model.
The manual categorization process was inspired from content analysis. Content analysis is a
research technique applied to textual data for systematically inferences about intentions,
attitudes, values, sentiment, understanding of individuals in a specific topic (Morris, 1994).
The aim of content analysis is to systematically categorise the text into predefined
categories. This allows for the systematic coding on large volumes of text corpora
(Mukkamala and Vatrapu, 2016). During the process, memos and notes were written down,
and used later in the discussion of topics. After the training set was categorized, supervised
machine learning techniques were trained to classify the rest of the data.
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Table 3. Classification model based on the conceptual model

3.4.2 Supervised Machine Learning Techniques
The second step of the data modelling and analysis included supervised machine learning
techniques for building the predictive model. Multi-dimensional Text Analytics Tool
(MUTATO) was used for performing the five different algorithms for text classification. The
tools is developed by the Computational Social Science Laboratory at CBS. The overall
architecture of MUTATO is shown in Appendix 9.3.
The general representation of how the supervised machine learning technique works is
shown in Figure 5. The technique requires three inputs, namely a cleaned and prepared for
analytics dataset, fixed set of categories, and a manually coded training set. The machine
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learning technique would train with the help of the training set and as an output, it will
classify the dataset.

Figure 5. Supervised Machine Learning Method
As mentioned in the the research strategy, using data analytics for predictions is an iterative
process. Thus, after running the algorithms for the first time, it became apparent that there
is a need of merging some of the categories from the Basic Needs model, as illustrated in
Table 5 below. This means that categories that contained a combination of needs were
actually split. For example the Autonomy/Competence was split into two separate and the
each of the observation containing this category was classified both as Autonomy and as
Competence.
Additionally, the training set was over populated with categories of “None” for all four
models. This left the prediction of the rest of the categories to be very low in accuracy. In
order to improve the accuracy of the classifiers, there was a need for balancing the set. This
involved oversampling (also known as stratified sampling). This was done in order to
improve the overall performance of the classifiers. With oversampling a set which has an
equal number of records from the different categories was generated. This reduces the size
of the set but in the same time provides an equal representation of each category (Linoff
and Berry, 2011).
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Table 5. Category amendment after first round of text classification
For this study, Naive Bayes Multinomial Classifier, Linear Support Vector Classifier, Logistic
Regression Classifier, Passive Aggressive Classifier, and Support Vector Machine SGD
Classifier were used. The classifiers were trained by 75% of the manually coded observation,
and the rest 25% were used as a test set.
3.4.2.1 Naive Bayes Multinomial
Naive Bayes is a modelling technique used for predicting the probability of whether a data
point is or is not classified as a particular category (Linoff and Berry, 2011). The technique is
based on Bayes’ Theorem of conditional probabilities, and work on the Bag of Words
approach. Bag of Words (BOW) treats the dataset simply as a list of words by disregarding
grammar and word order (Linoff and Berry, 2011). The list contains the tokens representing
the single words and the frequency of how often the words appeared in the dataset. The
equation below illustrates how the technique works, given the inputs shown in Figure 5.
Here, P(d) is the probability of the dataset, and P(c) is the probabilities of the category, both
independent of each other. P(c|d) is the conditional probability of the category c given that
the dataset d occurred. Similarly, P(d|c) is the conditional probability of the dataset d given
that the category c occurred (Linoff and Berry, 2011).
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The technique finds the conditional probability of each word given the category. This way it
checks how often the category occurs given each word in the dataset. All this is done based
on the training set (Aggarwal, 2012). This techniques was used because it is quite simple to
apply, and in the same time it assumes that each category is of equal importance for the
model.
3.4.2.2 Linear Support Vector Classifier
This classifier uses the characteristics of the text to identify which category it belongs to
(Aggarwal, 2012). The Support Vector Machine (SVM) is a geometric method of separating
two categories of the same model by finding the best hyperplane that puts one category
above it and the other below (Linoff and Berry, 2011). A simple two-dimensional
representation of SVM is shown in Figure 6. The hyperplane is a decision surface, or simple a
line, that separated the two categories, and is illustrated with a dotted line in the middle.
The green category are separated to one side of the line and go one way, while the red
category are separated to the the other side, and go the other way. The boundary line are
called supporting hyperplanes, and the data points on these boundaries are the support
vectors. The support vectors have an effect on the support vector classifier, thus the same
of the algorithm. The distance between one support hyperplane to other is called margin.
The purpose of the SVM is to find the decision surface that maximizes the margin (Linoff and
Berry, 2011). Though, this study, used textual data, which is characterized as very
unstructured and heterogenous, leading the maximal margin hyperplane to be extremely
sensitive to change in a single data point (James et al., 2013). In order to get a greater
robustness to individual observation and to classify better the most of the training data
points, the classifiers used a Support Vector Classifier, which is also called soft margin
classifier. The margin is defined as soft because it can be violated by some of the training
data points (James et al., 2013). Simply put, the classifier could miscategorise few training
data points in order to better classify the remaining data points.
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Figure 6. Support Vector Machine - a one-dimensional line separating points on a twodimensional plane (Linoff and Berry, 2011).
3.4.2.3 Support Vector Machine (Stochastic Gradient Descent)
This classifiers has the same fundamentals as the Support Vector Machine introduced in the
previous classifier. Though here, Stochastic Gradient Descent (SGD) was applied, in order to
improve the efficiency, to better support the multi-class classification, and to provide more
tuning opportunities (Scikit-learn 0.19.1 documentation. 2018). SGD combines the
categories in a “one versus all” scheme. For each category, the classifier is trained to
discriminate between that category and any other category.
3.4.2.5 Passive Aggressive Classifier
This classifier was introduced by Crammer at al.(2006) as a simple online algorithm. In a
binary classification, the classifier predicts a yes/no (or +/-) outcome after each observation.
The algorithm uses the same function as the Support Vector Machine above (Bonaccorso, G.
2018). Once it has made a prediction, it receives a feedback from the training set indicating
the correct outcome. When the observation is classified on the correct side of the
hyperplane, the algorithm is passive. But when a misclassification occurs, based on the
feedback, the classifier may modify its prediction mechanism, in order to improve the
accuracy of the prediction for the remaining observations (Crammer et al., 2006). This
means that the algorithm becomes aggressive, because it is looking for a new margin which
is as close as possible to the previous one. With time the algorithm slowly forgets the
previous decision and learns from the new, that is why it improves its accuracy.
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3.4.2.4 Logistic Regression Classifier
The Logistic Regression are build on the bases of linear regression algorithm. While the
linear regression uses the equation for a straight line, which has no minima and maxima, the
logistic regression bends the regression line into more appropriate shape. The logistic
function takes the values between 0 and 1 (Linoff and Berry, 2011). This specific
characteristic of logistic regression makes it very suited for assigning categories to records.
Thus, it calculated the probability that a particular record belongs to one specific category.
At first logistic regressions, transforms the probability p into odds, by taking the ratio of p
over p - 1 (Graph 1). Odds and probabilities are similar, though probabilities are restricted to
the range from 0 to 1, while odds take values from 0 to infinity. By taking the log of the
odds, the function goes from negative to positive infinity.

Graph 1. Logistic Function - comparison between odds and log odds. (Linoff and Berry, 2011)

3.4.3 Performance of the Models
Identifying the classifiers for the machine learning technique is an important milestone in
this research because the choice is highly dependent on the type of data. It is also important
to remember that the different documents would yell different results in regard to use of
mining techniques (Linoff and Berry, 2011).
Analysing social data is still considered as a challenge because of it is often unstructured
(Aggarwal, 2012). In order to ensure that the method is applied correctly, because of the
complexity of natural language, a set of measures were used to assess the accuracy of each
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of the classifiers (Grimmer and Stewart, 2013). In Figure 7, the confusion matrix represents
the possible output from the classifier and the actual values from the training set.
Precision was used to measure the percentage of the observations which the classifier
detected and are in fact true positives. In this case true positive refers to accuracy of
detecting something that it fact is positive according to the training set.
Recall is used to measure the percentage of observations that are actually present in the
input and were correctly identified by the classifier. In other words, recall is the number of
true positive outcomes, divided by the number of positive results that should have been
returned (Yedidia, 2016).
F1 score is a combined measure of precision and recall, which weights the harmonic means,
or the weighted average of the precision and recall. The equation of F1 score is shown
below. F1 score reaches its best value at 1 and its worst at 0 (Yedidia, 2016). A more
detailed illustration of these measures is available in Appendix 9.4.

Accuracy is used to measure the percentage of observations that are actually present in the
input and were correctly identified or correctly rejected by the classifier. An overall score of
0.80 or higher is considered of a high accuracy.

Figure 7. Confusion matrix
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4. Results
The results from performed text classification were collected in log files, where the accuracy
of each classifiers per model was reflected. Additionally, the log files contained the words
with highest and lowest probability to identify the categories in the models. The information
from the log files was collected in Excel tables and visually computed with the help of Excel
and Tableau. The following section provides the results from the classifiers’ performance
based on models. Moreover, the results from the text classification are depicted with the
help of different graphs, where meaningful insights are easy to discover.
After the manual coding of the data and the results from the classification, it was apparent
that the None categories did not bring any meaningful and valuable insights to the
investigation of motivation to physical activities. These categories were additionally
assigned in order to cope with sorting out the text that was not representative for any of the
meaningful categories. Thus, the result below do not take None into considerations.

4.1 Performance of the Overall Model
This section represents the results considering the performance of the overall model,
followed by the results from each individual model and each individual category related to
the model.

4.1.1 Overall Model Performance
In order to report on the performance of the classifiers, the represented in the Methodology
(section 3.4.3) measures are used. For evaluating the models, it is important to look at the
accuracy measure for each classifier. The accuracy of all the classifiers for every model
ranged between 0.73 and 0.97. Based on the voted accuracy for each model, the Linear SVC
and the Passive Aggressive classifiers performed the best with accuracy score higher than
0.83 for each model. The classifiers that got the voted accuracy for the model were used to
classify the corpus. In Table 6, all classifiers for each model are presented with their
evaluation measures. The classifiers performing best are highlighted with grey background
color.
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Table 6. Total Model Performance (classifiers with highest accuracy score are in grey color).

4.1.2 Basic Needs Model Performance
For the Basic Needs model, the accuracy of the classifiers ranged between 0.75 and 0.83,
where the Passive Aggressive Classifier has scored highest. When looking more detailed in
the measurements, it becomes apparent that except from the None category, the rest were
not that well classified (the table is available in Appendix 9.6 ). The F1- score was under 0.80
for Autonomy, Competence and Relatedness. This might imply that some classifiers were
randomly assigning the three categories to the texts. Even the Passive Aggressive Classifier
score ranges between 0.71 and 0.79. Even though the manual classification of the model
was revised by merging the categories, which had in fact improved the overall performance
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of the classifiers, this was not enough to contribute to an higher acceptable accuracy score.
This is also reflected in the overall representation of categories, where Autonomy,
Competence and especially Relatedness were not representative in the population,
representing only 15.91%, 10.50% and 6.11% from the total amount of observations from
this model, respectively (see Table 7).
Additionally, when looking deeper into the work classification, it is apparent that there were
many words that have a meaningful relationship to the category but there were also many
words which added no value. Looking a level deeper in the classification by randomly
selecting observations, which represents the category, are presented in Table 8. The table
contain both examples from the texts categorized by the classifiers and examples from the
manually categorized training sets. Already in the training set, it become apparent that the
Basic Needs Model was harder to identify than the rest of the Models. This is mainly
because the texts did not include direct reflection of the needs.

Table 7 Basic Needs Categories in Percentage
In Figure 8, the words with highest probability to identify the model are presented on the
left side, followed by the words with lowest probability to identify the model, presented on
the right side. The bubbles were created based on most descriptive words mainly from the
best performing classifier but also as commonly identified by the rest of the classifiers in
order to evaluate whether other words were better representatives. Words like “she”, “he”,
“here”, “now”, “there”, “this”, “is”, etc. were excluded from the representation. While some
of the words did not reflect any meaningful insights, which is because of the low F1 score,
many of the words were valuable indicators of the categories. Size of bubbles reflect the
probability score. The bigger the bubble the higher the probability that the word can classify
the category.
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Autonomy was best predicted with word like burning, training experience, dadbod, bulk,
today, beginning, and others. On the other side of the spectrum lied January, bigger,
muscles, course of action, fastest, restart, remember.
For competence the words best predicting the category were program, injury, leg press,
breasts, chest, steroids, exercise, and others. The words with least probability were fun, day,
preferably, should, and others that do not provide any special implication.
Relatedness was best predicted by stretching, teams plan, atmosphere, holiday, chest, cool,
closer, the blog. The words with least probability for relatedness were Monday, excellent,
fit, training, motion, New Years resolution, problem, shoes.
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Figure 8. Basic Needs Model sorted by most probable vs. least probable features for each
category.
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Table 8. Random Examples of Basic Needs from both Training set and Corpus

4.1.3 Goals Model Performance
For the Goals model, the accuracy of the classifiers ranged between 0.85 and 0.98, where
the Passive Aggressive Classifier and the Linear SVC Classifier have scored the same highest
score. All classifiers have performed good in detecting all three categories except from the
Extrinsic category detected by Logistic Regression classifier (Appendix 9.6). The F1- score
was over 0.81 for all other classifiers and categories. The None category was again the most
dominant in the model, leaving Intrinsic and Extrinsic goals with 10.25% and only 5.27%
representation respectively (Table 9).
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Table 9. Goals Categories in Percentages
Figure 9 represents the probability words for this model, which were chosen based on all
classifiers, but the main focus was on the classifiers with highest accuracy.
For the intrinsic goals, the words that best predict the category were exercise, correct, train,
burning, again, fun, arms, gorgeous, advice, and others. The words with least probability
were break, hours, drive, muscles, sounds, ladies, new, problems, etc. Extrinsic goals were
best predicted by the words running injuries, training, weight loss, training program, goal,
hiit (high-intensity interval training), kg, and other. On the opposite side were the words
which lowest reflection on the category. These included recommend, high, km, knee, space,
run, easily and others. In order to reflect these observations, examples of intrinsic and
extrinsic goals were randomly selected from both the datasets and the training set and
shown in Table 10.
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Figure 9. Goals Model sorted by most probable vs. least probable features for each category

Table 10. Random Examples of Goals from both Training set and Corpus
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4.1.4 Personality Traits Model Performance
For the Personality Traits model, the accuracy of the classifiers ranged between 0.73 and
0.94, where again the Passive Aggressive Classifier and the Linear SVC Classifier have scored
the almost the same highest score, 0.96 and 0.97 respectively. All classifiers have performed
good, except from the Logistic Regression Classifier, where the accuracy was the lowest. In
regard to predicting the categories, only Passive Aggressive Classifier and the Linear SVC
Classifier were able to predict all categories. Openness has scored very low in regard to the
other categories for the Naive Bayes, Logistic Regression, and SVMSGD classifiers. This
model was also considered hard to predict because of the multiple categories. All classifiers
and categories are presented in Appendix 9.7.
In regard to the distribution of the categories, shown in Table 11, it is visible that None is
dominating also this model, with 77.96%. Openness and Agreeableness were coming after in
the rank, but still taking a small part in the model, reflecting on 8.33% and 9.94%,
respectively. Conscientiousness represented the model with 3.30%. While Extraversion and
Neuroticism were representing less than 1% each, with total number of observation of 119
and 137, respectively. Examples from the classified dataset and the training set are
presented in Table 12.

Table 11. Personality Traits Categories in Percentage
In Figure 10 it is represented that Openness was best predicted with words like hiit (highintensity interval training), motion, think, training experience, rest day and others. On the
other end, Openness was least predicted with nearest/almost, ride a bike, needle, extends,
good, headache, folks, and others.
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Conscientiousness was predicted with words like running injuries, train, dadbod, will, the
lust, and others. While the words with least probability were pace, lose, shoe, ladies, little,
weeks, test, gyno, muscles, and others.
Extraversion was best predicted with the words exercise, ladies, iceman, leg press,
stretching, know, steroids, transformation, humor and others. On the other end were the
words remember, large, better, beast, can, thanks and others.
Agreeableness was best predicted with words like personally, advice, drive, bad, fun,
willpower, beginners, and other. On the other end, the words with least probability to
predict the category were times, searching eat, map/short, the rest, strongly, cool, healthy
and others.
Neuroticism was mostly predicted by willpower, comes, possible, problems,bad, conscience,
after, operation, share and others. On the other end were words like wait, week, beter,
knee, hard, obese/cool, up, sleep and others.
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Figure 10. Goals Model sorted by most probable vs. least probable features for each
category
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Table 12. Random Examples of Personality Traits from both Training set and Corpus

4.1.4 Types of Motivation Model Performance
For the Types of Motivation model, the accuracy of the classifiers ranged between 0.76 and
0.97, where again the Passive Aggressive Classifier and the Linear SVC Classifier have scored
the almost the same highest score of 0.94 and 0.95 respectively. All classifiers had
performed good, except from the Logistic Regression Classifier, where the accuracy was only
0.76. In regard to predicting the categories, Amotivation has the highest F1-score of 1.00.
The F1- score was also high was Intrinsic and Extrinsic motivation, 0.92 and 0.98 respectively
(Appendix 9.8). The distribution of the categories in the types of motivation model (see
Table 13), showed that the None category was again the most dominant, representing
78.51%. Intrinsic motivation was categorized as 18.39% from the total observation. While
Extrinsic motivation and Amotivation were the minority, representing 3.03% and 0.07%,
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which corresponds to 1675 and only 38 observation in total, respectively. Example from
these categories from both the dataset and the training set are presented in Table 14.

Table 13. Types of Motivation Categories in Percentage
Taking a step further in the category classification, represented in Figure 11 are the words
for highest and lowest probability to predict the category. In regard to intrinsic motivation,
the words were metabolism, exercise, member, together, results, rest day, train, fun, work
out, advice, will, bike, training experience, and others. On the other end, were the word like
weeks, find, bigger, muscles, share, around, remember, which were least probable in
predicting the category.
Extrinsic motivation was best predicted by words like training programs, kg, running injuries,
breasts, hiit, motion, study, for free, leg press and others. The words predicting least the
category were km, rest day, right, direct, correct, diet, knee, thanks, and others.
Amotivation, was characterised with words like will power, heart, weeks, problems, beaten,
points, drop, bad, conscience, the doctor, operation and others. The words least predicting
the category were hard, self, today, correct, day, great, gyno, better, out, back and others.

Page 54 of 100

Page 55 of 100

Figure 11. Goals Model sorted by most probable vs. least probable features for each
category

Table 14. Random Examples of Types of Motivation from both Training set and Corpus
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4.2 Overall Distribution of Types of Motivation
In order to illustrate how types of motivation are related to the rest of the models, the
datasets were filtered from None categories. This was believe to provide a more relative
representation of how the prediction of motivation were connected. Therefore, the
resulting dataset contained a total of 5603 observations out of the 55259 observations from
the corpus. Intrinsic motivation category represented 4811 observations, extrinsic
motivation - 788 observations, and amotivation only 4 observations. Intrinsic motivation
category is six time more represented in the sample than extrinsic motivation. Amotivation
is rather considered a minority across the whole sample. The overall distribution of Types of
motivation is presented in Appendix 9.9.

4.2.1 Intrinsic Motivation
In Figure 13 below, the Intrinsic type of motivation is described based on the categories
from the other models. In regard to basic needs, autonomy is dominating the observation,
followed by competence and relatedness at last. Intrinsic goals are also more recently
connected to intrinsic motivation, than extrinsic goals are. Personality traits like openness,
conscientiousness and agreeableness were the most common ones. While extraversion and
especially neuroticism are not well presented in the corpus. It is also visible that the
combination of autonomy needs and having intrinsic goals is most often related to intrinsic
motivation. Other dominating relationships are between autonomy, intrinsic goals and
conscientiousness, and also between the need of competence, intrinsic goals and
agreeableness.
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Figure 13. Distribution of Intrinsic motivation
When looking deeper into what these combination of categories had in common based on
the most probable words to predict the categories, it became apparent that there were
many common words (Figure 14). Intrinsically motivated discussions included texts about
exercise being fun. Many texts also discussed physical exercises like running, biking,
spinning, workout, and gym training, cut and bulk training, burning fat, exercises.
Additionally, people were conversing about training programs, training experience, and
results from the training, or seeking advice for specific matters. In these categories the
words will, fun, and lust were mentioned multiple times. On the other hand, the words also
implied discussions about injuries, physical problems and advices for overcoming these.
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Figure 14. Common words between Intrinsic motivation and the rest of the categories
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4.2.2 Extrinsic Motivation
Extrinsic type of motivation is described based on the categories from the other models in
Figure 15 below. In regard to basic needs, it seemed like need of autonomy is also
dominating extrinsic motivation, followed by competence and relatedness at last. In regard
to Goals, extrinsic goals are more often present than intrinsic goals. Openness and
agreeableness are dominating the sample, followed by conscientiousness, extraversion and
neuroticism. From the sample below it is visible that extrinsic motivation is best predicted
by the combination of needs of autonomy, extrinsic goals and openness. Another common
combination was competence, extrinsic goals and agreeableness. This was followed by
autonomy, extrinsic goals and conscientiousness.

Figure 15. Distribution of Extrinsic motivation
These combinations for Extrinsic motivation led to the considerations of the probability
words, shown in Figure 16. The combinations for extrinsic motivation shared many words
with intrinsic motivation, mainly because the Basic needs and Personality traits were the
same. This pointed at the consideration that there are many common topics and discussions
which both extrinsically and intrinsically motivated people engage in. Specific for extrinsic
motivation was the focus on “kg” or “kilo”, and physical appearance, looking good, losing
weights, having a good bum, going something that is free of charge. These were also
reflected in the extrinsic goals. It seems that many of the topics were including new
beginners.
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Figure 16. Common words between Extrinsic motivation and Extrinsic goals. The rest of the
categories are the same as Figure 14.

4.2.3 Amotivation
Amotivation is the least representative category in the whole sample. After removing all
None categories, this led to only 4 observation having this category (Figure 17). As it is a
very small sample it is hard to generalize. Therefore, the Figure 18 provides a representation
of amotivation, while excluding only from None type of motivation, and including the other
None categories for Basic needs, Goals and Personality traits. This was done in order to
compare the findings and check whether there is a meaningful explanation of Amotivation.
In Figure 18, it is visible that the None Basic need category in combination with None goals
are most presentable. In both figures Neuroticism is most often associated with
Amotivation.

Figure 17. Distribution of Amotivation, when None is completely excluded
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Figure 18. Distribution of Amotivation, when None is included for Basic needs, Goals and
Personality Traits.
Even though the small number of observation, it was possible to depict Amotivation through
the common words and topics discussed in the data (Figure 19). One part of the text
discussed the inability of doing physical exercises because of “injuries”and “problems” or
being hard to work out “after operations”. Many people were dropping out of the trainings
because there lack of “willpower”, which eventually led to “bad conscience”.

Figure 19. Common words between Intrinsic motivation and the rest of the categories
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4.2.4 Motivation and Social Media Activity
The Facebook datasets provided an extra field measuring the type of activity and type of
post. This enabled a representation of the distribution of intrinsic and extrinsic motivation in
regard to activities. The most common activity for both intrinsic and extrinsic motivation
was a photo post, followed by a comment and link post.

Figure 20. Social media activity and motivation types across the sample

4.3 Datasets - Actors and Actions
This study found it interesting and intriguing to discover how the categories were
distributed in regard to the data sources. This was believed to show whether there were
some topics that were more specific to the particular data source. In order to provide a
more comprehensive representation, the findings were grouped in two categories. First, the
five Facebook pages because of their similarities in regard to fields. Second, the forums
were grouped together, in order to be able to reflect on their similarities but also possible
differences.

4.3.1 Facebook
The Facebook data did not contain any records from Abilica, which were not categorized by
None. This also reflected the overall purpose of the page, which was to promote sport
equipment, even though its description said that they are posting inspirational tips for
exercise. Similarly, the Fitness DK dataset contained only 13 records. The other 3 pages
contained more records. Figure 21 represents the same overall tendency of social media
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activity as represented in Figure 20, when controlling for type of motivation. Photo posts are
the most common action, which is followed by link posting and also commenting.

Figure 21 Social media activity on Facebook

4.3.2 Forums
For some of the forum data, there were also Topic field. Therefore, after the classification
these topics could be linked to the classified texts. It was possible to depict the top 10 most
commented topics, and consequently link them to types of motivation (Figure 22).
Amotivation was not among these topics, and there were few example of extrinsic
motivation. The topics classified as intrinsic dealt mainly with tips and sharing of experience
like “Running program”, “Spinning”, “Running/Cycling/Swimming”, and similar. Many of the
topics focused on putting one’s motivation up by “when does it become fun?”,
“remembering to complimenting yourself”, “what to do to keep motivated”, “finding the joy
for running”, “goal with your training”. Among the topics there were also some addressing
the need for support with the training like “eating”, “program”, “help”, “new beginners” and
generally tips for the different types of sports like running, spinning, cycling, bodybuilding.
Another category of topics arousing attention were “Stop smoking and cardio”, “Obesity”,
“anorexia”, “pain”, “restitution”, “sore muscles”, “knee problems”, which pointed at the fact
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that many people are looking for support or help from others with similar experiences.

Figure 22. Distribution of most popular topics divided by type of motivation

5. Discussion
The process of data analytics involves the collection, modelling and analysis of large
volumes of data, and deployment of findings, and this study went through these steps. At
the data collection step, this study had gained access to data. As Flyverbom and Madsen
(2015) stressed, data is like “raw material”, which is only useful when turned into
information and further on turned into actionable knowledge. The visualization of the
processed data was the step where the data started taking the shape of organized
information. But it is first in the discussion where the information is turned into a
knowledge which can be acted upon. Thus, this section aims at evaluating the data analytics
process and afterwards depicting the valuable insights uncovered from the data analytics
process. At last providing actionable guidance for the promotion of motivation to physical
activities.
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5.1 Evaluation of the Model
This research has identified that majority of previous studies of motivation tend to apply
one and the same questionnaire (Behavioral Regulation in Exercise Questionnaire) for the
investigation of motivation in the physical activity settings (Hagger and Chatzisarantis,
2008). On one hand, this has yelled many valuable and confirmed conclusions about this
phenomenon, which were also taken into considerations in this study. On the other hand
one should also consider the limitations of applying the same questionnaire, in regard to
biases, limited number of observations and participants, ethical considerations, participants’
errors, and the ability to uncover newer and richer knowledge. Therefore, in the seek to
uncover newer insights and actionable knowledge, which would have a more spread
application for the academic world and the practise, this study undertook a data analytics
strategy (Vatrapu et al., 2016). Even though data analytics is continuously fighting its way in
into the academic literature, there is still lack of predefined research designs and
approaches. In order to provide a reliable and valid results, CRISP-DM was utilized as a
research strategy, while having traditional quantitative research as a referential framework.
The study followed the outlined six steps and data analytics life cycle from CRISP-DM.

5.1.1 Review of the Process
This study had as an initial purpose to explore how predictors of motivation for physical
activities can be identified from social media texts. In order to answer this question, both
the research and the methodological consideration were used as starting point. Gaining an
understanding about the predictors of motivation was done with the help of literature
review of Self-Determination Theory. The theory has been applied to many different fields
among which physical activity and exercise was one. The theory postulated that there are
three different types of motivation, which are distinguished upon a continuum going from
autonomous, controlled to impersonal orientations. Types of motivation were further
differentiated between basen on three categories of basic needs and two categories of
goals. Motivation was explained to be affected by the social context on one hand, and the
individual’s differences on the other hand. This has led to consider that the three basic
needs of autonomy, competence and relatedness were directly dependent and influenced
from the social context, and the intrinsic and extrinsic goals were more personal (Deci and
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Ryan, 2015). In order to reflect on the individual differences of the persons, the personality
traits, which are external for the SDT, were considered as adding a supplementary value for
the investigation and thus included in the overall conceptual model of motivation. With the
help of SDT and already existing research in the field of physical activities, intrinsic
motivation was seen as the type of motivation most commonly associated with physical
activities.
The conceptual model was tested against the collected data, firstly by manually categorizing
the training set and secondly by applying text classification with the help of five supervised
machine learning techniques. The classified models were quality evaluated based on
precision, recall, F1 score and accuracy. The overall performance of the Passive Aggressive
and Linear SVC Classifiers was satisfactory in regard to accuracy, scoring over 0.83. The
classifiers also identified a set of 20 words which had highest probability to predict a
category, and 20 words which had the lowest probability to predict a category.
The current study was able to apply data analytics and obtain highly acceptable accuracy
score, and this is how motivation was derived from the texts. Moreover, this strategy was
also seen as an advantage for the study because it avoided participants bias by collecting
data from relevant pages, where participants did not know that they might be subjects of
investigation. This was beneficial because they would discuss the topics of interest as they
will discuss it anyways and their use of language was as what they will normally use in order
to describe their opinions, feeling, experiences, etc.

5.1.2 Ethical Considerations
This study was also reflective in regard to ethical considerations involved with personal and
sensitive data that might be disclosed in the texts, or tracked down to the persons behind
the texts. This study also took into account that the used examples from the texts can be
Googled and can eventually lead to the username behind the text. Anyhow, it is also worth
noting that usernames are publicly available and the texts can be Googled despite of this
study. Thus, this study has no way of harming or undermining the privacy of the users.
Moreover, with the coming into force on 25th May 2018 General Data Privacy Regulation
(GDPR) many of the previously available data about the data subjects became unavailable
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and the study respected this. Unfortunately, the scandal with Facebook and Cambridge
Analytica forced Facebook to straighten its privacy policy even more. This led to
anonymising the data subjects’ names by replacement them with the name of the page they
were posting in, and consequently made it impossible to report on number of unique or
returning users. Only the forum datasets had the usernames of the users which were
registered on the page, and those who were visiting were blank or called “guest”.

5.1.3 Dataset Limitations
Apart from not being able to link the texts with the usernames, there were a limited number
of other fields available in the datasets. Those provided information about date of the
activity and type of activity. During data collection, all texts on the pages were selected,
without applying any filters. This allowed for unbiased selection of data subjects, meaning
that these pages were all public and anyone would be able to read, like, post and comment.
Furthermore, the training set comprised of 2000 texts was also randomly selected, in order
to provide an unbiased sample for the training.
The five Facebook dataset did not include that many records. Some of them only included
200 records in total. Also, the five Facebook pages range differently in regard to the purpose
of the page. For example Abilica and Fitness DK were more of business promoting pages.
Even though in their description they mentioned that they are posting motivational and
inspirational tips for physical activities, there was mainly marketing content. These pages
also allowed users to post, comment and like but these texts were rather a minority.
The other three Facebook pages were more of user created public page where usergenerated content was prevalent. This allowed for the exploration of wider scope of topics
discussed between the users.
The forums provided with even wider ranges on topics, but they were more centered
around the overall discussion of motivation to physical activities. These dataset
characteristics made it harder to generalize, but in the same time this provided a wider
overview, which was believed to provide wider range of insights.
The following discussion takes a step deeper into the text classification process, and
provides reflection on the valuable insights and actionable knowledge extracted from the
text classification.
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5.2 Turning Data into Information
The conducted classification of the social text has also enabled a more overall presentation
of how the predictors of motivation are related to each other. This help the analysis with
identifying the common connections between the categories and the common word that
predicted them

5.2.1 Predictors of Motivation
This study benefited from a theory based conceptual model of motivation, which had guided
the data modelling and analysis. The conceptual model was also backed by previous
literature in the field of physical activity, which has proven multiple times the relationship
between the categories of Basic Needs and Goals, and the types of motivation (Lonsdale et
al., 2013; Kwan et al., 2011). The finding from these study were also an illustration of the
widespread establishment of SDT in the field of physical activities because it was used as a
tool to measure motivation (Hagger and Chatzisarantis, 2007). This study was able to find
support for the strong relationship between intrinsic motivation and physical activities.
More than 85% of the total observations were classifier as intrinsic, leading to the
assumption that intrinsically motivated people are more likely to be conducting physical
activities than extrinsically motivated people, which represented only 14% on the sample.
This finding support the postulation that more intrinsic motivation has been linked to more
representation of physical activity (Fortier et al., 2011). Also, the findings support the
tendency that intrinsically motivated people are more interested in reporting their activities,
which was reflected in the content (Rodgers et al., 2010). This was also illustrated in Figure
20, where intrinsic people are more active than extrinsic. Amotivation has also been proven
to have weakest and even negative association of physical activities, which is also reflected
in the sample where less than 1% of the texts were classified as amotivation (Lonsdale et al.,
2013).
When computing the relationship between the three types of motivation and the other
models (section 4.2), it was shown that the most common predictors of extrinsic and
intrinsic motivation in regard to basic needs were autonomy and competence. Even though
the accuracy of classifiers for this model were under the desirable level, it was possible to
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spot the relationship between the words that were common for basic needs and types of
motivation. As the theory postulated, the three basic needs are highly dependent on the
social environment, which acts as either satisfying or thwarting the normal functioning of
the human. It is in our human nature to satisfy these needs, and that is how motivation to
act in regard to physical activities is boosted. Thus autonomy and competence are
predictors for both extrinsic and intrinsic motivation (Deci and Ryan, 2000). The need of
relatedness was also a predictor of intrinsic and extrinsic motivation, even though it was not
well presented in the observations. The texts classified as relatedness, involved sports like
biking, running and working-out in fitness, which are not necessary team sports. This might
be a reason why relatedness was not often reflected in the results. People who are looking
for relatedness would probably engage in more team oriented physical activities like team
sports, where the social setting would enhance their need of relatedness (Silva et al., 2008).
Other words predicting relatedness were “team plan” or “blog”, “closer”, which reflect on
the desire to be surrounded with others, follow each others development and feel
connected with them (Ryan and Patrick, 2009).
Also common predictors of intrinsic and extrinsic motivation were the personality traits for
openness, agreeableness and conscientiousness. Openness was the most common predictor
for both types of motivation, which reflect that people have a broad range of interests and
are willing to trying something new in regard to training. This also implies that they are
willing and open to new ideas which would provide various training opportunities.
Conscientiousness was more common for intrinsic than extrinsic motivation, which also
reflects that intrinsically motivated people would be more structured and more determined
to achieve their goals connected to physical activities. A lot of people were looking for
support and advice, and there were also many that were there to help and cooperate. This
was reflected by the agreeableness trait, classified as a predictor for intrinsic and extrinsic
motivation.
It seemed that the only difference between these two types of motivation in regards to
predictors were the goals. Intrinsic motivation was best predicted by intrinsic goals, while
extrinsic motivation was best predicted by extrinsic goals (Deci and Ryan, 2008; 2015). The
findings also reflected that intrinsic goals would aim at the satisfaction of the basic needs
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and also the prediction of intrinsic motivation. The intrinsic goals reflected discussions about
exercise that is fun, about desire for personal progress and self-acceptance through
exercise. Extrinsic goals, on the other hand are were descripted by topics of weight lost and
obesity, which are not necessary satisfying the basic needs and can eventually lead to lack of
internationalization of the inspirations. These goals can be triggered in the desire to be
socially accepted, which might not sustain long-term physical activity.
In the few observations representing the relationship between amotivation and
neuroticism, a set of common words were identified. In support with the literature, the
findings also pointed out that the discussions involved bad conscience, which had a
diminishing effect on ones motivation. People were mentioning that it was hard to get out
and go the gym. Another stream of topics reflected on the physical inabilities to satisfy the
basic needs which also led to lack of motivation (Ryan and Patrick, 2009). Ryan and Patrick
(2009) had also concluded that amotivation is complex in its nature because there are
multiple reasons for why people would experience lack of motivation for a specific action.
The findings support that bad consciousness of dropping or skipping a training was seen as
one of the reasons. Health issues, physical inabilities, and recent operations were also seen
as obstacles for the motivation, and were rather a fact that can't be done so much about.
People were seeking support and tips from experienced and other in their situation, in order
to find a solution that would fix or improve their situation. One of the user simply put it
“...can’t imagine myself to train”. If this is a common understanding, then amotivated
people will not be participating in online discussions about physical activities. They will not
show up on these page, mainly because of lack on interest to physical activities. This
understanding was also supported by the finding where a max of 38 records were classified
as Amotivation.

5.2.2 Commonly Identified topics
Language was central for this investigation because of the use of many different words and
expressions. These offered a representation of wide range of opinions, discussions and
concerns motivated and not that motivated people shared with each other. Language is
seen as the medium of information because information is produced, distributed and
communicated with the use of written and spoken language. This is considered beneficial

Page 71 of 100

for this study because language can provide a wide range of insights especially with the
availability of big social data (Grimmer and Stewart, 2013). This part of the discussion
focused on extracting information from the data by reflection on the topics that emerged
from the analysis. The topics are discussed in regard to the words identified by the
classifiers, topics identified through the manual coding and previous literature.
5.2.2.1 Physical Injuries
Physical activities are seen as advantage for our health but in some cases, they can also have
side effects. In cases where people are not experienced and competence in for example
running, cycling and doing body building, there seem to be a common symptoms of knee
injuries, back and arm pains. Even for intrinsically motivated people that would be seen as
an obstacle and possibly reduce the enjoyment associated with the activity. It seemed like
many were frustrated from their physical inabilities and previous injuries that were arousing
from their current training. For both intrinsically and extrinsically, these seemed to be
common topics.
The fact that people are actively and autonomously looking for advice and tips implies that
they are encouraged and goal-orientated about their training, which was also reflected in
the personality traits. Additionally, it seemed that many would ask for advice in the social
community instead of consulting with practitioner. This might be because of the trust that
there are other people that had similar injuries and experiences, and they can relate to each
other. In a lot of the texts in the training set there were discussions about knee problems
and that running shoes is one of the most common reason for that. This led to discussions
about products, brands and stores where people can get more personalized products that
would solve their problems.
5.2.2.2 Bodybuilding
Mainly from the Muscle Zone forum, the main conversations included the use of
supplements, steroids, drugs and others that are used for muscle gain, quick fat loss and
improvement of the body. These topics would include discussions about specific low fat and
high protein diets that are combined with specific type of training. It seemed that many of
these conversations were marked with extrinsic motives, aiming at being attractive,
improving one’s appearance, being socially accepted, and being ego-centered. As suggested
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from the model, these were also people open to try and experience with new things.
Therefore there were many that used online sources to gain information and purchase
supplements that were not necessary legal to use. In the same time, these people were very
structured and goal-oriented, which was reflected in their strict training programs and their
will to train six times a week. In the seek to achieve their goals, it seemed like there is a high
idealization and look-up into professional bodybuilders, involving following their blogs,
videos and guidance. Also, people were supporting each other with feedback on training
programs and diets, and with advice of how to do specific types of exercises. This type of
behaviour was mainly reflected a more agreeableness.
Another stream of conversations were related to the side effects of the intake of the
supplements and steroids/drugs. Leading many people to experience headache, lack of
sleep, and even undertaking surgeries for the adjustment of Gynecomastia (enlarged male
breasts due to imbalance of hormones), for example. Again, there were few cases where the
people seeked support from the doctors, but still many were seeking advice from the
community before going for a professional check-up.
5.2.2.3 Advice Seeking
Acting possibly out of the need of relatedness there were a lot of discussions addressing the
seek of advice. Among the topics about injuries and help for training programs and diets,
there also were inquiries for feedback about where to train, which gym were better than
other, and what classes to choose from. In regard to weather conditions and very cold
temperatures in the winter, many seeks advice about appropriated outdoor outfit.
New beginners were also common participants in the conversations. They mainly seeked
support from those with training experience about how to reach their goals. Especially,
when people were motivated to lose weight and to get in shape they were seeking advice,
ideas and suggestions for suitable training and diet that would let me achieve their goals as
fast as possible. These topics might have also been inspired by the seek of positive feedback
and acknowledgement of one’s efforts, which would eventually enhance their motivation
(Ryan and Deci, 2000). Sustained physical activities can also be enhanced by the seek of
social support which is underlined by the needs of relatedness (Wilson and Rodgers, 2004).
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5.2.2.4 Encouraging Tips
Figure 22 shows the most common topics from the forums. Many people were interested in
tips about how to keep one’s motivation up. Some of the advices included the use of making
plans one day at the time and trying to keep to them as much as possible. Also, the setting
up of feasible goals was better than big goals, which might bring bad conscience and have
the reverse effect.
As SDT postulated, having intrinsic motivation into particular physical activity, would require
that one have an interest. Finding a training that brings positive emotions or is seen as
enjoyable would increase the sense of intrinsic motivation. The corpus reflected the overall
Danish culture and the understanding of “hygge”. The topics reflected that by implying that
training needs to be “hyggeligt”, meaning that you have to feel pleasure, comfort and
coziness by the activity. Having fun and having lust for the training is another factor
predicting intrinsic motivation, and is especially applicable in the danish context.
On the other hand, more extrinsically motivated people would mean that exercise is only
meaningful when one gives all that it takes, “No pain, no gain” was mentioned at least four
time in the dataset.
Seem more of a shared goal was the desire to live healthier, which was reflected in texts
about how to get in shape, how to get in good condition, both of which would eventually
lead to good appearance. Some texts were expressions of motivational experiences from
people that have previously been obese but had managed to get into the desired shape.
Fighting obesity seemed to be a common goals for many, especially for mothers that have
just given birth. Some of these texts included photos illustrating the progress one made,
which was the main social media activity in the corpus. In this regard, people sharing
experience were also encouraged others to be patient because it takes time to see the
results and one needs to remember that.
Another approach to keeping motivation up was by setting up a milestones. Conversations
about how to achieve the necessary skills for running a marathon, or participating in a
competitions, where one need to prepare for many months. These would involve
discussions about active days where one would exercise, and passive days, where one would
rest and restiturate the body.
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Discussions also included the need for variety in the exercise in order to keep the thrill and
joy of physical activities. For the body builders these included exercising different body part,
while for others it involved trying new classes at the gyms, or trying new sports (Sylvester et
al., 2018).

5.3 Turning Information into Actionable Knowledge
This part of the discussion reflects upon the identified topics and thus provides guidelines,
which practitioners, health care organisations or sport centres could employ in the
promotion of motivation for physical activities.

5.3.1 Being Present When People Need Support
The finding pointed at the assumption that many people would find health care information
regarding injurings and health problems from online sources or by asking others for advice.
This tendency was rather more popular than the tendency of seeing the doctor or talking
with a practitioner. However, one of the reasons for amotivation was actually the fact that
people could not be physically active because of injuries or physical inabilities. In order to
provide timely support and professional advice that would benefit the individuals in their
motivation to be physically active, it is important to be there, where the people are. Timely
support can actually prevent the occurrence of injuries caused by the lack of exercise
competence.
People seeking advice online, should be able to get hold on professionals also online. Thus
the promotion of motivation would require the availability of online community of
specialists, where people can get professional guidance in order to avoid injuries and get
advice of what exercise and training technique are beneficial for their specific body, goal
and lifestyle. A page on Facebook or a forum sustained by professional staff might promote
a enhancement of motivation for physical activities by preventing side effects of exercise (Li
and Wang, 2018).

5.3.2 Turning Extrinsic into Intrinsic Motivation
This research was able to identify the differences between extrinsic and intrinsic types of
motivation, when looking at the predictor of each. The results have proven that both types
of motivation are related to physical activities, and that it is important to reassure the
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sustainability of intrinsic motivation (Buckworth et al., 2007). Previous research has found
that maintained and long-lasting physical engagement is highly dependent on turning
extrinsically motivated people into more intrinsically motivated (Silva et al., 2008;
Edmunds,Ntoumanis and Duda, 2006). Therefore learning from what intrinsically motivated
people do to satisfy their needs and achieve their goals is central for the promotion of
physical activities (Lonsdale et al., 2013).
Another point to consider is that intrinsically motivated people might not necessary be
doing physical activities because of the perceived enjoyment from the exercise, but because
of them being very goal-oriented and persistent. This assumption is supported by the
relationship between intrinsic motivation and conscientious personality trait, which is one of
the dominating in the sample. The data reflected on this point with topics that contained
tips for how to keep yourself motivated by setting up small goals, to be proud of the small
achievements and to be patient. These factors are important to consider for new-beginners,
whose goals are more extrinsic than intrinsic (Edmunds, Ntoumanis and Duda, 2006). In the
Danish context, it seemed that enjoyment and fun related to the exercise needed to be
sustained and promoted in order to boost one’s motivation and engagement with physical
activities (Edmunds, Ntoumanis and Duda, 2006).

5.3.3 Social Media Engagement
Another important fact in the promotion of motivation is that the different types of
motivation would be exhibited differently in regard to online activity. The findings point at
the tendency that highly motivated people would be also interested in being active in
sharing their experiences online. In the seek of social support reflected from the satisfaction
of relatedness, social media can be seen as the medium to satisfy one’s needs of autonomy,
and competence. Social media is often related to the overall understanding of online social
community, where people benefit from social support, social interactions and social sharing.
The study has proven that participating on social media has a positive effects on the physical
activities, especially when others are also physically active (Groenewegen et al., 2012).
Sharing everyday experiences and seeking of advice from others with the same interests can
eventually contribute to the need to be part of a community, give a sense of belonging and
increase one’s connectedness to the activity itself. In the same time a social support and
feedback from the online community can be seen as boosting one's motivation and
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encouraging their intentions as there is a sense of competition and challenge, and sense of
idealizing what the others are doing.
Previous research has also concluded that intrinsically motivated people are more often
online, which also reflected the idea that social media participation can boost one’s
motivation. On the other hand, the findings suggested that amotivated people would not be
participating in discussion about physical activities, simply because they do not have interest
for these. Therefore, amotivation was hardly presented in the corpus. Though, it suggestions
that amotivated people are not part of these specific pages, but they are still on Facebook.
Thus, attracting their attention and gaining their trust would possibly enable them to
reconsider their intentions to physical activities. Promoting motivation to physical activities
would then require to get amotivated people to participate in conversation about physical
activities in order to get inspired and satisfy their needs. Attracting the attention of
amotivated people can possibly be done by sharing inspirational photos, videos, content of
others who overcome their amotivation and reached their goals. The findings also reflected
that many photo post were connected to intrinsic motivation. Learning from motivated
people would also lead the way to helping amotivated into physical activities. Social media is
already bombarded with target marketing, then maybe motivational advertisement content
would promote the physical activities (Li and Wang, 2018).
In regard to relatedness, social media can also be seen as the medium for receiving a
positive feedback. The facebook data indicated that there is a majority of photo and link
posts done by intrinsically motivated people. This implied that sharing experiences and
getting “likes” on social media can be beneficial for one’s motivation. Therefore, the findings
support the believe that positive feedback enhanced the feeling of competence and led to
increase in motivation (Ryan and Patrick, 2009). Previous research has also reflected that
sharing physical activity content provides social support through friends’ encouraging
comments, which for open and conscientious people would mean new challenges and
stimulation for achieving goals (Klenk, Reifegerste and Renatus, 2017). The sense of
competition and challenge can be used for promoting motivation for physical activities by
creating engaging posts on social media (Kim and Park, 2016).
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5.4 Reflections, Limitations and Future Research
As any other study, this one also had its limitations. The use of social data analytics in
academic research suggest new innovative ways for the search of ideas, concepts, and
processes previously undiscovered. This also implies considerations about data subjects’
right to privacy and ownership. For publicly available data, it is important to take into
considerations about data quality, and why this data is available.
In regard to identifying predictors of types of motivations, this study was not able to analyse
deeper into the distinction of the four subcategories of extrinsic motivation. This would
have provided a further discussion on what possible recommendation that can be in order
to turn extrinsically motivated people into intrinsically motivated.
The use of both Facebook and forum data was on one hand beneficial for getting hold on
many different topics regarding motivation, but it also made it harder to generalize. Abilica
and Fitness DK Facebook pagers were more of a marketing tools rather than motivation
promoting content, despite the fact that their description said so. Involving them into the
investigation did not benefit the research because there were very few observations where
motivation could be predicted. The other three Facebook pages, were anonymized, while
the forum data did not contain fields about actions, and that made it impossible to add
more coherent representation of socio-technical interactions into the paper.
This study only focus on the Danish context, which according to the WHO has one of the
highest numbers of physically active people. However in order to fight the overall problem
of promoting motivation, it would be beneficial if future research compare these findings
against eastern counties, where according to WHO people’s lifestyles is under the
recommended level for physical activity. Additionally, it would be beneficial to involve
demographic data into the research. Gender, age, location etc. can be used to compute
possible differences in people's motivation and physical activity behaviour. Another
beneficial source of information would be lifestyle factors as job, income, education and
similar, where the lifestyle and personality of the people can be better extracted.

6. Conclusion
This study considered motivation for physical activities as a public health care parameter for
the prevention of sedentary lifestyle diseases. Through the framework of Self-Determination
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Theory and previous research in the fields of physical activities and social media, a
conceptual model was developed. Based on it, motivation for physical activities can be
predicted through the effects from the social environment emphasised by the basic needs
for autonomy, competence and relatedness, on one hand. On the other hand, motivation is
also predicted by more personal influences such as intrinsic and extrinsic goals. SDT is a
motivational theory of personality and development, therefore the conceptual model also
employed personality traits of openness, conscientiousness, agreeableness, extraversion
and neuroticism for the exploration of personal differences. The unit of analysis of the study
was social text, which was collected from Facebook and online forums, discussing physical
activities. A random sample of 2000 texts were manually coded with the help of content
analysis. Thereafter, the training set was passed to Supervised machine learning techniques,
among which Linear Support Vector Classifier and Passive Aggressive Classifier were used
for automated text classification of the 55259 texts.
The findings point that supervised text classification is an efficient method for deriving
predictors of motivation from social texts, where the classifiers scored higher than 0.83 in
accuracy. With the help of the words identified by the classifiers, content analysis of the
training set and previous literature, the study found consistent support that intrinsic
motivation is most often associated with physical activities. Intrinsic motivation was also
most often related to intrinsic goals and the needs of autonomy and competence. Intrinsic
people were also most often related to open, conscience and agreeable personalities.
Furthermore, the classifications of the models led to a deeper exploration of the
relationships between the categories and consequently to the extraction of common topics
among the texts. Among others discussions about physical injuries, bodybuilding, advice
seeking, and encouragement tips were the most often topics expressed by intrinsically
motivated people. Based on these insights it was concluded that practitioners, health care
organisations or sport centres can promote motivation for physical activities by being
present when people need support. Additionally, an effort into turning extrinsically
motivated into intrinsically motivated people would ensure a regular and sustained
motivation for physical activities. Finally, engaging on social media is another guideline for
catching the interest of the people and helping them into the pursue of interest toward
physical activities.
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9. Appendix
9.1 CRISP-DM - data life cycle (Chapman et al., 2000)

9.2 Data Source Description
Dindebat.dk - forum

It is a platform where users can read news, have email account, play games, chat and
debate. The forum consists of a wide range of topic, separated into different categories. The
category used in this study was “Lifestyle/ Health/ Training and motion”. Under it there
were more than 3200 different sub-topics at the time of fetching the data. The platform
does not have a dedicated Facebook public page for more discussions.
The fetched dataset contained a total of records 24517 records, which were divided into
3200 unique topic categories, and written by 2780 unique users. Data was created in the
period between June 2004 and November 2017.
Musclezone.dk - forum

It is a forum for discussing training, exciting articles, inspiration and help with diet and
training. The forum is specializing in fitness and it is helping with tips for getting in a better
shape by trying harder. The forum provided a small statistics insights, and on the time of
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collection there were a total of 103791 posts, a total 8722 topics, and a total of 9193
registered members.
The fetched dataset contained a total of 1908 records, which were divided into 960 unique
topic categories and 356 unique users. Data was created in the period between May 2012
and February 2018.
Motion-online.dk - forum

It is an online forum created only for discussion of healthy lifestyle, training, diet and sports.
There is unfortunately no information and history about the forum. The topics are divided
into 11 different categories, which had a total of 819522 comments at the time of data
collection. As described on its Facebook page, the forum is “Denmark’s biggest forum for
discussion of training and health”.
The fetched dataset contained a total of records 32240 records, which were divided into
2804 unique topic categories and created by 3145 unique users. Data represents the period
between July 2002 and April 2018.
MotionOnlinedk - Facebook page

It is the social media page of the above mentioned forum. In its description, it says that it is
mainly for discussing how to become stronger, healthier, faster, lose weight or just become
more informed about these topics. At the time of the collection, the page had a total of
4519 Likes and total of 4389 follows. No information about when the page was founded.
The fetched dataset contained a total of records 200 records, and represents the period
between January 2001 and April 2018.

Træning og Motivation - Facebook page

It is a Facebook public page for the purpose of discussing training and motivation,
bodybuilding, fitness and sports. At the time of the collection, the page had a total of 9916
Likes and total of 9744 follows. The page was founded in January 2012. The fetched dataset
contained a total of 1434 records, created in the period between January 2013 Marts 2018.

Træning og kost - Facebook page

It is a Facebook public page, which discusses training and diet as main topics. It als also a
place where people would find information about training tips and good diet advice, which
can inspire and help others to achieve the best possible results. At the time of the collection,
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the page had a total of 3614 Likes and a total of 3580 follows. The page was founded in
2013.
The fetched dataset contained a total of records 323 records, representing the period
between February 2013 and January 2016.

Abilica Online - Træning med mening - Facebook page

It is a Facebook public page which discusses weekly motivation and inspiration for “training
for a purpose”. It is focused on training inspiration in the busy everyday. At the time of the
collection, the page had a total of 5863 Likes and a total of 5806 follows. The page was
founded in 2007. It has additionally a online webshop which sells sports equipment.
The fetched dataset contained a total of 480 records, which were created in the period
between October 2008 until February 2018.

Fitnessdk - Facebook page

Fitnessdk is one of the competing fitness centers around the whole of Denmark. This is their
social media Facebook public page. It is aimed at providing training which is fun and
challenging, and giving the users the best experience. At the time of the collection, the page
had a total of 47332 Likes and a total of 45346 follows. The page was founded in 2001. The
fetched dataset contained a total of 1121 records, created the period between October
2008 and February 2018.
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9.3 MUTATO Architecture
(Mukkamala and Vatrapu, 2016)
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9.4 Detailed Confusion Matrix
F1 - score, Precision and Recall (Yedidia, 2016).
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9.5 Total Basic Needs Model Performance
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9.6 Total Goals Model Performance
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9.7 Total Personality Traits Model Performance
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9.8 Total Types of Motivation Model Performance
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9.9 Motivation and its Predictors
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9.10 Distribution of Categories Across Datasets
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