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In the new healthcare transformations, individuals are encourage to maintain
healthy life based on their food diet and physical activity routine to avoid risk
of serious disease. One of the recent healthcare technologies to support self
health monitoring is wearable device that allow individual play active role on
their own healthcare. However, there is still questions in terms of the
accuracy of wearable data for recommending physical activity due to
enormous fitness data generated by wearable devices. In this study, we
conducted a literature review on machine learning techniques to predict
suitable physical activities based on personal context and fitness data. We
categorize and structure the research evidence that has been publish in the
area of machine learning techniques for predicting physical activities using
fitness data. We found 10 different models in behavior change technique
(BCT) and we selected two suitable models which are fogg behavior model
(FBM) and trans-theoretical behavior model (TTM) for predicting physical

activity using fitness data. We proposed a conceptual framework which
consists of personal fitness data, combination of TTM and FBM to predict
the suitable physical activity based on personal context. This study will
provide new insights in software development of healthcare technologies to
support personalization of individuals in managing their own health.
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1. INTRODUCTION

Wearable technologies are devices and applications [1, 2] that popular nowadays for monitoring
physical activities and prevention of diseases. The devices and applications are designed specifically to
motivate individuals in monitoring their health, for example, diet tracking, weight control and physical
activity tracking. The wearable devices synchronize with applications to generate daily fitness data such as
number of steps, heart rate, calories burned, sleep tracking and distance of walking. In recent years, people
are encourage to tracking their fitness data and maintain healthy diet to stay healthy and avoid risks of critical
disease [3]. Some wearable devices and applications not only tracking fitness data but the applications also
able to recommend a general physical activity to stay healthy. For example, adult aged 18-64 should do at
least 150 minutes per week of moderate intensity aerobic physical activity in order to reduce the risk of
chronic disease and depression [4]. Several initiatives have been explored in recent years to encourage
physical activity with wearable technologies, particularly smartphones [5-7]. A study on adaptive physical
activity promotion accessories had been conducted by Ledgers and McCaffrey reported that more than 50%
of people who bought wearable devices had stop using their wearable application after 6 months [8]. The
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researchers concluded that behavioral science methods are poorly implemented in the strategies to motivate
people in using the wearable technologies, but the methods are effective and crucial to long-term engagement
commitment [8]. Choe et al. studied how people reflect on self-monitoring fitness data and found that
different wearable devices have generated different results for calculating the average of physical activity [9].
This indicates that there is still some concerns in terms of the accuracy of data for physical activity due to
massive fitness data generated by the wearable devices [10]. One of the main concerns is the unique health
personal context data that are captured in the wearable devices are not been considered for recommending the
suitable physical activity [11, 12] such as age, weight and height. For example, a wearable application
recommends an individual who is 70 years’ old, weight 78kg to walk 10.000 steps per day. This example
indicates that the health personal context data are not taking into account for recommending the physical
activities.

In this study, we review literature on machine learning techniques to predict suitable physical
activities from fitness data. As we reviewed the literature, we observed 10 models in behavior change
technique (BCT). We select two suitable models which are fogg behavior model (FBM) and
trans-theoretical behavior model (TTM) with the eventual goal of predicting physical activity using personal
context and fitness data. As first step towards this goal, we construct a framework called fitness
personalization that consists of TTM and FBM. This framework describes the process to predict the suitable
physical activity based on personal context and fitness data. The remaining of this paper is organized as
follows: Section 2 describes the related work and section 3 describes the results of literature review.
In section 4, we discuss the importance of findings from the literature review, followed by the proposed
framework in section 5. Finally, we conclude and suggest future work in section 6.

2. RELATED WORK
2.1. Techniques

Developments in machine learning combined with emergence of low-cost processing or communication
hardware technologies have led to ever-growing developments in computing and Internet-of-Things (loT).
There are two techniques that can be used for this study which are clustering and behavior change technique.
Clustering process is for identifying contextual user groups and typical daily activity patterns within each
contextual user group. BCT, the effective components of an intervention aimed at modifying existing
behaviors or triggering new one. With innovations in online video, social networks, and metrics, the tools for
creating persuasive products are becoming easier to use. As a result, across technology networks, more
individuals and organizations will develop environments that they hope can affect the behaviors of people. In
this study, we focus on BCT to predict the suitable physical activity from fitness data and personal context.

2.2. Model

In this section, we reviewed studies that discussed the BCTs based on fogg’s behavior model, social
cognitive theory (SCT), TTM, theory of planned behavior (TPB), I-change model, behavioral change wheel,
activity theory, protection motivation theory, motivational interviewing, and health action process approach
(HAPA) [6].

2.2.1 Trans-theoretical

Prochaska and DisClemente developed performance change model using TTM [13, 14] based on the
assumptions that no single theory can account for the complexity of behavioral change because behavioral
change is a multistage process that unfolds over time, stable and open to change, and specific processes and
principles of changes that should be used at specific stages to maximize the effectiveness of behavior change.
A study by [15], focused on to test people who are not under medical treatment but may have risk factors that
can lead to chronic illness with pre-existing medical conditions. The main goal of the study is to increase
their level of physical activity in their daily lives in order to meet the standard recommendations of health
[4]. This study distinguishes four specific context categories which are time, location, activity and identity.

Time consists of day or night and weekdays or weekend. Location whether at gym or home. Details
of activity consists of number of steps, burned calories, types of activity. Lastly, identity consists of gender,
age, heart rate, blood pressure. Pre-contemplation, contemplation, preparation, action and maintenance are five
different stages of an individual behavioral change in TTM [16]. Firstly, the individual does not intend to
change his or her behavior in the near future in the pre-contemplation phase. Awareness rises in the stages of
reflection and planning and the person takes first steps to change his or her actions. Phases of action and
maintenance defines the phases where the new task is conducted and continued for a long time afterwards.
This study used TTM to introduce a definition of context-conscious framework for encouraging physical activity.
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2.2.2 Protection motivation theory

Regarding public health, protection motivation theory (PMT) is important to understand how
and why people act to protect their health [17, 18]. One of the most commonly used public health methods
for analyzing individual health habits is PMT [19], for instance, for assessing cancer prevention, healthy life
style, and environmentally friendly activities [17, 18]. A study by [20], test the motivational interviewing
effects of regular physical activity on the attitude and the intention of obese and overweight women guided
by the PMT. In the study, 60 overweight and obese women attending health centers were selecting using
convenience sampling. Weight was measured using a digital scale to the nearest 0.1kg, with the women
dressed in light clothing. Height was measured using a height rod without shoes to the nearest millimeter.
The waist circumference was measured in a standing position at the midpoint between the lower costal
margin and the edge of the iliac crest. Body mass index (BMI) was the weight ratio (kg) to height square (m).
The questionnaire has been designed and developed using seven PMT theory constructs which are
sociodemographic characteristics, perceived sustainability, perceived severity, self-efficacy, perceived
response efficacy, intention and attitude towards PA. Participants’ academic status has been divided into four
levels which are primary, intermediate, secondary and college. Present occupation has been listed as
housewife, working, unemployed, retired or others (such as nongovernmental organization). Classification of
marital status such as married or single. The results showed that anthropometric changes in the motivational
interviewing group were more stable than those in the control group. In conclusion, findings suggest that PMT
constructs may be successful in predicting the purpose of daily PA among women with overweight and obesity.

2.2.3 Motivational interviewing

A study by [21], examine the initial effectiveness of motivational assessments and cognitive
behavioral therapies for long-term physical activity in adults with chronic conditions of health using
motivational interviewing (MI). Information on age, gender, employment statues and health conditions was
collected. Weight (kg) has been measured in each center using calibrated scales. Clinical significance for
weight was 5% loss from baseline weight [22]. The BMI based in height and weight was calculates.
Participants with stable conditions were randomized into a three-moth motivational interviewing and
cognitive-behavioral group or usual care after completing a physical activity referral scheme. The results
showed that the motivational interviewing and cognitive-behavioral group maintained kilocalorie expenditure
at three and six months. Exercise barrier self-efficacy, physical and psychological physical activity
experiences were increased at three months only.

2.2.4 Social cognitive theory

SCT claims that both culture and personal cognition affect human actions [23]. SCT describes
human behavior as the triadic, complex, and reciprocal relationship between personal factors, actions and the
environment [24]. A study by [25], evaluate the predictors of physical activity (PA) behavior among obese
and overweight women in Borazian district us, south of Iran using SCT. Based on Pearson’s correlation
study, SCT concepts like self-efficacy, self-regulation, outcome preferences, and perceived family and friend
social support are linked to actions of physical activity and energy expenditure. Information was collected
including age, level of education, marital status, occupation and disease status. Education level are divided
into four group which are elementary, high school, college, advanced degree. The seven day physical activity
inventory questionnaire developed by Salis et al. was used to assess physical activity. The semi-structured
interview form is used, in order to complete questionnaire. The question was asked during the interview
about the PA that had taken place over past seven days based on duration, severity, type of activity. The
results showed that physical activity were significantly related to employment status, education and marital
status. Participants who were working, who were not married displayed a higher average daily energy
expenditure by physical activity (TDEE) than other participants.

2.2.4 Fogg behavior model

A study by [26], discusses behavioral change management approaches aimed at promoting users’
physical activity at various stages of the process of behavior change. There are three elements of fogg’s
model required in order to perform a target action [27] which are motivation, ability and trigger [28].
For example, healthy adults would put moderate to high on the exercise ability scale. Although there are
obstacles such as lack of time, lack of money (to join a gym or take up a sport), or the weather, most people
might find some time to do some kind of physical activity during their day if they wanted to [29].
More sophisticated features could add more data, such as heart rate and blood pressure to monitor changes in
the measured values. While other factors such as gender and age have been shown to affect user acceptance.
The approach helps to identify the health and fitness programs built for different types of user [26].
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2.2.5 Behavior change wheel

Behavior change wheel (BCW) has become a popular choice for researchers seeking an intervention
development guide [30]. The BCW structure was used to define behavior, identify roles for intervention and
pick content and option for implementation [30]. Such variables help to understand “what needs to change.”
By placing behavioral determinants at its core, the BCW starts by identifying the factors that are most likely
to cause behavioral change [31]. A study [32], to explore the attitudes of young women about health in the
preconception era and the situational factors that affected everyday health behaviors. A researcher showed
that young women in this urban African township understood the importance of a healthy diet and physical
activity but lacked knowledge about the health and disease effects of overweight and obesity. Capability,
opportunity and motivation are three rules of BCW in regulating behavior. Information including age, gender
and ethnicity was collected. In addition, the model states that an individual must have the necessary skills and
intention to perform a behavior, as well as no environmental constraints to prevent that behavior. The results
indicated an obesogenic environment in which structural and social factors had a strong influence on the
health choices of young women and restricted their ability to change behavior.

2.2.6 I-change model

A study by [33], perception precedes a person’s motivation process and the impact on actions of
pre-motivational factors are partly mediated by motivational factors by using I-change model (ICM) in order
to understand motivational and behavioral change. Information were used are gender, age, height, weight
and highest completed education level. Physical activity was measured in the international physical activity
questionnaire (IPAQ). The IPAQ evaluated the frequency and the duration of walking, moderate-intensity
activities and vigorous intensity activities. All three measurement points physical activity was measured
and all analyzes were conducted for physical baseline activity. The results indicate that when tested
separately, the associations of cognition, perception of risk and behavioral indications were fully mediated by
motivational factors. The results suggest that pre-motivational factors are important to motivate, however,
do not affect behavior directly. Table 1 shows that seven different models which are suitable to predict
physical activity based on purpose and fitness data that had been used in their research.

Table 1. Difference between the types of models based on purpose and fitness data

Model

Purpose

Fitness data

Trans-theoretical

Protection
motivation theory

To test people who are not under medical treatment but may
have risk factors that can lead to chronic illness with pre-
existing medical condition.

To test the motivational interviewing effects of regular
physical activity on the attitude and the intention of obese and
overweight women.

Time, location, activity, identity

Weight, height, waist, BMI

Motivational To examine the initial effectiveness of motivational Age, gender, employment status,
interviewing assessment of cognitive behavioral therapies for long-term health condition, weight, height,
physical activity in adults with chronic conditions of health. BMI
Social cognitive  To determine the predictors of physical activity (PA) behavior ~ Age, level of education, marital
theory in obese and overweight women in Borazian district, south of  status, occupation, disease status.
Iran.
Fogg behavior  To discuss behavioral change management approaches aimed ~ Age, gender, heart rate, blood
model at promoting users’ physical activity at various stages of the  pressure
process of behavior change.
Behavior change To explore the attitudes of young women about health in the  Age, gender and ethnicity
wheel preconception era and the situational factors that affected

I-change model

everyday health behaviors.
To understand motivational and behavioral change postulates
that a period of perception precedes a person’s motivation.

Gender, age, height, weight and
highest  completed  educational

level.

3. RESULTS

Figure 1 below shows one way to visualize the FBM. As the Figure 1 shows, the FBM has two axes.
The vertical axis is built for motivation. A person with low motivation would register low on the vertical axis
to perform the target behavior. High on the axis is highly motivated. The horizontal axis is for ability as
shown in Figure 1. An individual with low ability to perform a target behavior would be identified on the left
side of the axis. High ability is the right side. There is an arrow in Figure 1 that stretches diagonally across
the plane from the bottom left to the top right. This arrow shows as an individual has improved motivation
and ability, the more likely he or she is to perform the target activity. A behavior occurs when the user
is sufficiently motivated, is capable of performing the behavior and is triggered to do so.
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Motivation Behavior
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Low High
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Figure 1. Fogg behavior model

The TTM defines an individual’s behavioral change as a cycle in which he or she will move through
five stages of change over time to transition a desired behavior. Individuals are believed not to change their
behavior at once but they change it step by step or incrementally. Figure 2 shows that in order to change
behavior, five stages of the TTM must be passed. Firstly, user in the pre-contemplation phase are inactive and
unaware of the need for change. User step forward to the stage of contemplation and preparation stage when
they became aware of the risk and plan to change their behavior. When user start a new behavior and keep it
for a long time, user move to the action and last to the maintenance stage.

Pre-contemplation

Contemplation

Preparation

Action

Maintenance

Figure 2. Five stage of TTM

Change processes consist of activities and strategies that help one progress in SOC and consist of
two main stages. First, a cognitive process related to the thinking and feeling of individuals about unhealthy
behavior. Second, behavior processes that lead to changes in unhealthy behavior.

a. Cognitive
—  Motivational strategies (sparks)

Visualizing the benefits of improving physical activity such as improvements in the case of
cardiovascular diseases, regular high blood pressure and diabetes, the current level of risk and the health benefits.
— Ability strategies (facilitators)

Showing, everyday life incentives for physical activity. Guidelines for the first step would minimize
the brain cycles and instructions on how to integrate physical activity into the everyday routine.
—  Triggers

Physical activity prediction using fitness data: challenges and issues (Nur Zarna Elya Zakariya)
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Monitoring of daily activity and physiological measurements such as body fat and weight.
The ongoing engagement with the current situation gives the consumer’s need for improvement and helps
build awareness of risk.

b. Behavioral
—  Motivational strategies (sparks)

Reward the user, even though small changes of the style of life towards physical activity. Rewards
can be physical or in the form of digital points and milestones, such as financial rewards. Within social
groups, being rewarded for physical activity can also be used to encourage other members to see their own
success and ranking.

— Ability strategies (facilitators)

Knowing when the right time to do sports, where to do sports and how the right way to do sports
and help to fit the right appliances for sports can improve people do physical activity. It through scheduling
practices and prevents fallbacks such as missing training days.

—  Triggers

Reminders that unhealthy behavior should be interrupted. It concentrated on everyday habits that
can be modified quickly, but they are unified into everyday task. It requires specific calls for action to
encourage the person to do something when the user mostly sufficient motivated but the change in behavior
does not require considerable.

4. DISCUSSION

As mentioned by [34], a theoretical framework is lack in many research projects to predict physical
activity. It may be better to use the combination of TTM and FBM to include behavior change theory
in development software projects for predicting physical activity. TTM and FBM are two models that
describe different aspects behavior change. The role in the behavior change process can be defined with
the TTM, while the FBM discusses that psychological causes are discussed for behavior change. TTM
originates from the field of psychology and is used in the context of behavioral change to distinguish
user types into different stages. TTM consists of five different stages of positive behavioral change which
are pre-contemplation, contemplation, preparation, action, maintenance. Next, FBM is used to incorporate
techniques for operational intervention. This combination helps in the identification of the formed.
Motivation, ability and effective trigger are three elements in order to perform a target behavior.
In conclusion, the combination between FBM and trans-theoretical behavior model (TBM) helps to predict
suitable physical activity designed for various types of user based on their fitness data.

5. PROPOSED FRAMEWORK

In this study, we construct a framework called fitness personalization. This framework consists of
features, combination two models which are TBM and FBM. The two models are used to predict suitable
physical activity based on fitness data and personal context collected from user. Figure 3 shows the fitness
personalization framework.

Input Output

Trans- Fogg
theoretical  |Behavioral

Model Model

Figure 3. Framework

As described previously, the fitness data such as age, gender, heart rate and disease does not provide
direct insight into the behavior of the user. Significant user knowledge needs to be extracted. Health analysis
analyzes the health status of users and assesses whether current behavior has a positive or negative impact on
wellbeing. This study will use combination model between trans-theoretical and fogg behavioral model
(FBM). There are three principal factors for FBM which are motivation, ability and triggers. In brief, the
model asserts that for a target behavior to happen, a person must have sufficient motivation, sufficient ability,
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and an effective trigger. All three must be present at the same instant for the behavior to occur.
As researchers, the purpose of the FBM is to help think more clearly about behavior. Recent meta-analyzes
suggested that TTM-based approaches are successful in encouraging physical activity and that processes of
change and self-efficiency mechanisms are the TTM’s most significant moderators in physical activity.
In order to generate precise recommendations for physical activity, the guidelines from WHO are used [4].
For specific user based on the background details, guidelines on cardiovascular and muscular activity were
selected. The synthesis of these strategies provides an overview of the user’s current state of health as well as
specific guidelines for changes in behavioral.

6. CONCLUSION

The purpose of this study is to review research papers about machine learning techniques
in predicting physical activities from fitness data. Currently, there exist so many techniques for predictions
in machine learning, but we observed 10 models that most appropriate for predicting physical activities using
fitness data. We also identified few parameters and features that most appropriate to be used in predicting
the suitable physical activity based on personal context. We found two models that considered important
parameters in their process for predicting physical activities not only using fitness data but also using
personal context data. We believe there is a need to develop an application for predicting suitable physical
activities using fitness data and personal context data, and have taken a first step towards this goal by
constructing the framework called fitness personalization, which consists of combination of TTM and FBM.
The framework describes the process to predict suitable physical activity based on fitness data and personal
context collected from the users. We are currently working on developing fitness personalization application
for predicting physical activities that suitable based on features of individual. The fitness personalization
application will predict based on personal context such as age, and fitness data are collected from wearable
devices, such as number of walking steps and heart rate. It is hoped that this application will encourage
people to continue maintaining their health with suitable physical activities according to their personal health
context.
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