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Structured abstract

Background: With considerable advancements in the field of technology, it is now more convenient
and easier to acquire biomedical signals. These signals not only can be used in the evaluation of physical
wellness but also may be helpful in the assessment of mental health if applied properly and precisely. With
psychological measures to track mental wellness, and searching for relevant physiological parameters to
reveal the underlying physiological bases of mental health, it may be possible for individuals to be healthy
both physically and mentally in order to achieve full health and high life expectancy in an ageing society.

Objectives: This study investigated whether six dispositional psychological measures, Frequency of
Flow Experience, Trait-Coping, Self-Image, Self-Awareness, Will for Meaningful Life, and State-Trait
Anxiety are associated with physiological parameters of diurnal heart rate rhythm. Psychological measures
are evaluated by questionnaires related to the psychological attributes of a person that can be based on
either the experienced sampling method or the dispositional method. The dispositional approach, as the
main focus of this study, is designed to quantify one’s personality with a long-term psychological nature
whereas the experienced sampling approach is for short-term measures to quantify the psychological state
of a person during specific short activities. These methods have different questionnaires with experienced
sampling using nine items for Frequency of Flow Experience while the dispositional method is only
containing four items.

Methods: The association of four physiological parameters of diurnal heart rate rhythm—24-hour and
12-hour periodic component amplitudes, diurnal heart rate range over a day and autonomic switching rate
with six dispositional psychological measures were analyzed. The physiological parameters were
extracted using conventional double cosinor rhythmometry and smoothing of splines methods from heart
rate data continuously recorded at one-minute intervals by a wrist device. The double cosinor method is a
well-known signal processing technique in heart rate variability. The spline method was considered an
alternative approach to capture a more detailed trend pattern of the heart rate diurnal change and address
the multicollinearity issue in heart rate parameters. The experiment was conducted on 20 healthy Japanese
engineers aged 25-60. Four physiological datasets (weekday only, weekday and weekend data each with
mean and median values) were used.

Results: The dataset containing weekday-only data with median values gave better results. One reason
was that median values were generally suitable for small-size sample. The main reason was that circadian
rhythm showed a regular pattern on weekdays since participants spent most of their time in desk work or
indoor meeting which corresponded to mental activities. However, during the weekends, there were
inconsistent patterns heart rate patterns due to extreme physical activities. Therefore, eliminating the effect
of extreme physical activities was important for an accurate mental health assessment. The Spearman
single regression analysis revealed a significant correlation (p < 0.05) of Frequency of Flow Experience,
and Trait-Coping, a trend of significant correlation (p < 0.1) of Self-Awareness, Will for Meaningful Life,
and State-Trait Anxiety while showing no correlation (p > 0.1) of Self-Image with spline-based parameters.
The regular single regression analysis revealed a significant correlation of Frequency of Flow Experience,
Trait-Coping, and Will for Meaningful Life, a trend of significant correlation of Self-Image, while showing



no correlation of Self-Awareness and State-Trait Anxiety with spline-based parameters. The only negative
psychological measure; State-Trait Anxiety showed a negative correlation in both Spearman and regular
single regression analyses. The regular multiple regression analysis showed a significant correlation of
Frequency of Flow Experience, Trait-Coping, and Self-Image, a trend of significant correlation of Will for
Meaningful Life, while showing no correlation of Self-Awareness and State-Trait Anxiety with cosinor-
based parameters. Principal component analysis extracted one to three orthogonal components with which
single component regression analysis showed a significant correlation of Frequency of Flow Experience,
Trait-Coping, and Self-Image, a trend of significant correlation of Self-Awareness, Will for Meaningful
Life, and State-Trait Anxiety with cosinor-based parameters. Finally, multiple components regression
analysis yielded better scores by showing a significant correlation of Frequency of Flow Experience, Trait-
Coping, Self-Image, and Will for Meaningful Life, a trend of significant correlation of Self-Awareness,
while showing no correlation of State-Trait Anxiety. Generally, cosinor-based physiological parameters
gave better scores in regular multiple regression and multiple principal components regression analyses
since more heart rate parameters were used to improve the correlation results. Therefore, for regular single
regression and Spearman analyses, spline-based heart rate parameters are to be considered as they are a
more detailed representation of heart rate change.

Conclusion: Dispositional psychological measures were associated with physiological parameters of
diurnal heart rate rhythm introduced by this study, representing long-term characteristics of autonomic
nervous activity. Integrating such psychological measures and heart rate parameters may lead to a
comprehensive understanding of the psychological characteristics of people. The research outcome may
be applied to the development of ubiquitous healthcare monitoring systems that integrate both
physiological bio-signals and psychological measures.

Keywords: dispositional flow experience, positive psychological measure, mental healthcare, heart
rate variability, biomedical signal processing.



Chapter 1: Introduction

The Internet of Medical Things (IloMT) and the Internet of Things (loT) with cloud-based services
have been at the centre of attention over the past number of years [1]. The significance of continuous
monitoring of health during routine physical activities has also been extensively recognized to counter
physical health problems such as diabetes, cardiovascular disease, sleep apnea, and certain cancers [2, 3].
In addition, nowadays, wearable devices are considered an efficient way to acquire biomedical data for
the evaluation of physical health at home or office as these devices are easy to operate and often don’t
require much training time [4]. As a result, data from bio-signals can be transmitted to a cloud system for
future evaluations by a professional medical staff to provide appropriate treatments to the patients [5, 6].

In the past few decades, people have been persistently having difficulties in maintaining a balance
between their physical and mental health states. According to a report conducted by the Ministry of Health,
Labor, and Welfare in Japan, more than 55% of Japanese workers have been suffering from mental stress
each year [7]. An unhealthy mental state is mainly caused by complications in the social environment and
a considerable amount of stress felt during daily work activities [7]. Moreover, the annual rate of suicides
in the past decade has been over 20,000 due to acute mental stress and an unhealthy mental condition [8].
To sustain a healthy life in an ageing society, it is required to be healthy, both physically and mentally.
The Health Adjusted Life Expectancy (HALE) is an important index to be tracked in the field of global
healthcare [9]. In HALE estimation, the years of healthy life lost due to disability have also been used to
adjust the life expectancy for measuring the life span with “full health”. Therefore, to achieve a high
HALE index, in addition to maintaining physical wellness, holding mental wellness is also to be
considered.

This study introduces psychological measures to track mental wellness and searches for relevant
physiological parameters to reveal the underlying physiological bases of mental health. Psychological
measures are evaluated by questionnaires related to the psychological attributes of a person. These
questionnaires can be based on either the Experienced Sampling Method (ESM) or dispositional studies.
On the other hand, the physiological criterion is acquired by a Holter ECG device through the time-domain
index and frequency-domain index of the RR interval introduced in Heart Rate Variability (HRV) [10].
However, wearable devices are an alternative for obtaining such biomedical data because they are
significantly cheaper, easier to use, and sometimes have an accuracy level close to that of a clinically used
Holter ECG device [11, 12].

Psychological Flow is defined as an optimal state of experience in which a person is entirely immersed
in a particular activity without reflective self-consciousness but with a profound feeling of control [13].
Various measures of Flow related personal psychological characteristics such as Trait-Coping, Self-Image,
Self-Awareness, Will for Meaningful Life, and State-Trait Anxiety are important elements to characterize
the Flow experience [14-18]. There are two types of psychological Flow studies. One type is to assess
Flow characteristics during a certain activity period. Another type is to measure the general tendency to
experience Flow. The questionnaire used for studying the first type is called the state version questionnaire,
whereas the questionnaire used for the second type is called the dispositional Flow questionnaire [19].



There is the same distinction for other Flow-related psychological measures. Our research focuses on the
dispositional psychological nature of people.

Recently, studies associating the Flow experience of the first type with physiological data such as heart
rate, respiration, and skin conductance, which quantify the autonomic nervous activity, have emerged [20—
24]. Among them, HRV, an established non-invasive quantitative index for probing the autonomic
nervous activity, has received increasing attention. In analyzing HRV, frequency domain parameters are
typically used, and the key parameters are high-frequency band power (HF; 0.15-0.4 Hz) representing the
parasympathetic activity and the ratio of low-frequency band power (LF; 0.04-0.15 Hz) to HF (i.e.,
LF/HF) associated with the sympathetic nervous activity [25, 26]. They are short-term parameters
characterizing HRV during a certain activity period. However, research that relates the second type of
dispositional Flow tendencies and related psychological characteristics to physiological data is still rare
[27].

This study, thus, examined whether dispositional Flow and related psychological measures are
associated with HRV. To that end, physiological parameters that indicate the long-term characteristics of
HRV must be introduced. Four parameters—24-hour and 12-hour periodic heart rate rhythm amplitudes,
diurnal heart rate range, and the newly defined parameter named the autonomic switching rate that
represents the transition speed of autonomic nervous activity—were extracted from diurnal heart rate time
series and utilized in this study. Our research question was whether the average rhythm pattern that reflects
the sensitivity of autonomic nervous activity over a sufficiently long period is associated with dispositional
psychological characteristics.

For heart rate data acquisition, continuous heart rate recordings at a sampling interval of one minute
were obtained using a wrist device connected to the cloud data system. By introducing such an 10T device
for continuous monitoring of heart rate, this research envisions the development of an integrated
ubiquitous healthcare system that continuously monitors physiological data using loT devices and
psychological measures using web-based questionnaires at prescheduled appropriate times to provide
timely feedback of the analysis results to users.

Fig. 1.1 outlines this dissertation, which consists of seven chapters; Introduction (chapter 1) highlights
the importance of mental health, previous psychological flow-related studies, and the use of HRV in
mental health. Experimental schemes (chapter 2) describes participants and tools used during trials.
Methods (chapter 3) which covers the description of each psychological measures, reviewing previous
studies regarding psychological measures and the relevant questionnaires, signal processing techniques
used to extract physiological parameters, and the accuracy of the loT device used in this study. Analytical
results (chapter 4) will show a series of correlation and statistical analyses for psychological measures and
heart rate parameters. Discussion (chapter 5) will describe important findings, future directions, strengths,
and limitations of this study. Finally, concluding remarks are in Conclusion (chapter 6).
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Chapter 2: Experimental scheme
2.1 Participants and experiment

Twenty healthy Japanese employees (12 males, 8 females aged 25-57 years) from an IT and software
development company in Tokyo (ISID-AO Co. Ltd., Tokyo, Japan), with no signs of physical or mental
disorders and taking no medications (sleeping pills, anti-depressants, B-blockers), volunteered to participate
in this study. They were asked to answer six questionnaires once at the beginning of the study. The
questionnaires were on dispositional Flow proneness and five other measures related to psychological well-
being characterizing the dispositional personality of the participants. The questionnaires and their scoring
methods are provided in the Appendix. The study period was four weeks, including 20 weekdays and 8
weekends for continuous heart rate measurement to extract nominal long-term heart rate rhythm parameters.
During this period, the participants’ main activities were routine desk work and indoor meetings. This study
investigated the association between dispositional psychological measures and diurnal heart rate rhythm
through a series of correlation analyses. This study was approved by the Ethics Committee of the Biological
Experiment carried by Professor Mitsuhiro Kimura, Hosei University, Japan (Approval Number: 2019-9).
All human participants provided informed consent for participation in the experiment.

2.2 Heart rate seguence acquisition

The heart rate data of each participant were continuously recorded every one minute using Fitbit
Charge 2 smartwatch (Fitbit, LLC., San Francisco, CA, USA). The device was wrapped around the arm
and collected heart rate data continuously at one-minute intervals for four weeks, except for the battery
charging period of approximately 10-20 minutes. Battery charging is necessary once every few days. The
charging time is not strictly specified. However, such occasional short-term missing data will not affect
the estimation of the parameters of interest, i.e., long-term diurnal heart rate rhythm. Data recording was
not restricted to controlled normal daily activities, but was restricted to weekdays when the participants
were mainly engaged in desk work i.e., mental tasks, to avoid the heart rate changes by physical activities.
Note that studies of long-term dispositional psychological characteristics are often conducted in an
uncontrolled environment by its nature [28]. The total measuring time was 20 days for each subject.

The heart rate measurement accuracy of Fitbit Charge 2 has been validated previously [29-31]. In
one of the studies, Fitbit Charge 2 shows a mean absolute error of 5.96% in the measurement of 24-hour
data for heart rate compared to the measurement based on the standard ambulatory electrocardiograph
(ECG) monitoring system [29]. Another study evaluated the estimation accuracy of the double cosinor
curve, which we utilized in this study, based on the wrist device measurements [30]. It found a relative
error of 3.9% compared to the estimation by the clinically used Holter ECG device. Fig. 2.1 shows the
graphs of heart rate sequence measured by the Fitbit charge 2 device. Whenever a subject disconnects the
device (upper trace), the missing data will appear for that specific period. In addition, when a participant



performs a physical activity (lower trace), heart rate changes will be more apparent. Such variations in
heart rate sequences were used to investigate the accuracy of Fitbit Charge 2 in comparison to a Holter
ECG device in this study which will be described in chapter 3 in detail.
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Figure 2.1 Sample heart rate sequences measured by Fitbit Charge 2.

In addition to heart rate sequences, Fitbit can generate graphs for the number of steps and sleep stages.
In regard to sleep measurement, four stages are supported by the device. In this study, we also used step
data to analyze the severity of physical activities in relation to mental health assessment. Fig. 2.2 shows
different recordings of physiological data by the wearable device.
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Figure 2.3 A raw heart rate and step data provided by Fitbit Charge 2 in Microsoft Excel (Microsoft,
Co., San Redmond, WA DC, USA).
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Chapter 3: Methods

3.1 Dispositional Flow and related psychological
measures

The primary tools designed for discovering and examining Flow were intended at investigating the
psychodynamic features and the variability of the incidences of Flow-related experiences. During the early
stages of the Flow research studies, qualitative tools were employed, such as the Flow questionnaire items,
which furnished rich explanations and calculations of various experiences related to Flow [32]. Such an
instrument with its universal and subjective characteristics made it possible to describe the optimal
experience.

Another medium that has been focal and extensively used in Flow-related research study development
is the ESM [19]. This approach is a considerably interesting method since it makes it possible for the
frequent measurement of a participant’s activity and the relevant psychological states in a more normal
diurnal setting. On the other hand, there is a major downside to this instrument as the activity has to be
disrupted in order to fill in the dairy-related items. In addition, it must be collected in a randomized fashion
across several days due to its nature [19].

A particular research study made the preliminary effort to construct a compounded questionnaire that
would eliminate some of the restrictions of the current tools and could be utilized with a central approach
for special research studies [32]. As a result, the Flow State Scale (FSS) questionnaire was developed in
order to measure Flow in specific activities mainly during sports and exercises [32]. This type of
questionnaire is conducted at the end of a sport-related experiment, to reveal the sensation of Flow in the
task that the athlete has just completed. FFS scales Flow-related experiences and describes their peculiar
features in quantitative settings in regard to the following nine items that have been proposed by a study
conducted by Csikszentmihalyi in 1990 [13]: (Item 1) The balance between skill and challenge:
individuals view the situation as breath-taking or challenging but they realize that their resources are
sufficient and balanced for the current circumstance. (Item 2) The association between activity and
conscience: individuals® sense that they are completely immersed in the activity. During this situation,
automatizations allow individuals to supply a more solid execution, without neither the realization of a
sudden notion nor the realization of an attempt. (Item 3) A transparent set of purposes: obvious, clearly
described, and scalable goals deduce from genuine information which considerably enhances motivation.
(Item 4) Straightforward and prompt feedback: during the action, individuals obtain a timely and vivid
set of feedback from the actual situation. This allows them to monitor constantly how they’re performing
during the activity. (Item 5) Concentration on the task at hand: precision is merely centralized on the
ongoing activity. Hence, there must be no room for any unessential information. (Item 6) Feeling of
control: individuals have the sensation of automatic and involuntary control. (Item 7) Absence of self-
consciousness: individuals feel to be a portion of the activity they are doing. The energy derived from the
psychological angle is completely centralized on the activity and individuals feel free to function without
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others’ opinions. Moreover, an increased sensation of Self-Awareness is felt. (Item 8) Alternation of time:
The sensation of time in regard to Flow is transformed: in some instances, people feel the time is passing
quickly, while in others it is viewed as slowed down. (Item 9) An experience that is autotelic: this concept
is about the internal euphoria that an individual has when performing a task, regardless of the anticipated
outcomes. Intrinsic euphoria appears from the administration of the task at hand, without considering the
need to receive a reward in return.

The FSS is mostly considered in academic research studies as well as sports psychology [33]. The 36-
item questionnaire scales nine dimensions of Flow dimensions in detail. The questions in this instrument
are based on a 5-point Likert scale ranging from Strongly Disagree (1) to Strongly Agree (5) and are
commonly either operated by asking the subject to recall a particular Flow-related experience or as post-
activity Flow evaluation [33]. A few sample questions are shown below:

1) 1 was challenged, but I think my skills would let me meet those challenges.
2) My attention was focused completely on what | was performing at that time.
3) I was really pleased with the experience.

4) 1 felt I was worthy enough to meet the high demands of the task.

5) 1 was not worried about how | was presenting myself.

6) My skill and the challenge were at an equally high level.

7) | performed things automatically without thinking.

8) | have a feeling of self-consciousness.

9) Even though the goals are challenging, they are clear and reachable.

To improve the quality of the Flow measurement method, Jackson and co-authors have also designed
another questionnaire that, instead of evaluating Flow in the here-and-now situation, can measure the
preparedness and pre-disposition of individuals to discover Flow as a constant representation of their
personality. This instrument is called the Dispositional Flow Scale (DFS) [27]. The ultimate versions of
DFS and FSS have been released by a research study conducted in 2008 [27]. Both instruments were
legitimized in two versions: short and long. Thirty-six questions are available in the long version,
portioned equally based on nine items defined by Csikszentmihalyi [13] while the short version is
composed of nine questions, representing one question per item. Over the last decade, both DFS and FSS
measurements have been validated and provided in various languages. In addition, they were employed
in a variety of cultural grounds, particularly with samples taken from the sports sessions [32]. Such
research studies revealed the cross-cultural reliability and practicality of the questionnaires. There were
also other studies that exclusively utilized DFS in other types of experiments, such as study, outdoor
activity, and online gaming, showing that this scale can be used for situations other than sports.

Since its initial making, FSS has been adjusted to increase its sufficiency to scale particular dimensions,
resulting in the shorter version of FSS, also known as FSS-2 as well as the Dispositional Flow Scale (DFS).
In our research, we used a shorter version of DFS (DFS-2) which measures Flow using a 4-item
questionnaire based on a 7-point Likert scale [34]. All three of the instruments hold up considerably well
as psychometrically authentic and trust-worthy Flow questionnaires [33].
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The purpose of our research study is to first investigate the psychometric characteristics of the Japanese
version of DFS and to propose a unique method that can be helpful both in cross-cultural experiments as
well as in research studies related to the development of healthcare systems for the evaluation of both
physical and mental soundness with the introduction of physiological parameters of heart rate rhythm. We
are also measuring other psychological measures such as Trait-Coping, Self-Image, Self-Awareness, Will
for Meaningful Life, and State-Trait Anxiety based on the dispositional scaling methods that were
specifically designed for each psychological measure. Another purpose of this study is to show that
dispositional questionnaires, which are mainly used for psychological studies during sports, are also
beneficial to be applied in other areas of research especially when planning to measure the subjects’
various psychological tendencies during a day regardless of what activity they are performing. For these
very reasons we were significantly precise in the translation of the questionnaire items from Japanese into
English, and we utilized a considerable number of Japanese employees for the validation procedure.

3.1.1 Frequency of Flow Experience

The Frequency of Flow Experience was used as the dispositional Flow scale to measure how often
participants experience Flow during daily activities [35]. This dispositional measure was proposed by
Csikszentmihalyi [35, 36] who originally introduced the notion of Flow, and has been adequately validated.
The measure has been widely adopted in Flow studies [34, 37-39]. The questionnaire consists of four
questions, asking how often a participant experiences one of four types of typical Flow states. The answer
to each question is rated on a 7-point Likert scale from 1 (several times annually) to 7 (several times daily).
The measure of Frequency of Flow Experience is obtained as the average score of the four questions.

Psychological Flow takes the positive mental state of being thoroughly absorbed, concentrated, and
involved in an activity at a particular time, as well as deriving pleasure from being involved in that activity.
Being involved can be described as a state of concentration in which an individual is completely absorbed
in a task. The concept of the Flow state, also known as being “in the zone”, was first described and
popularized by Csikszentmihalyi in one of the earliest points of Flow research [35]. This concept became
of interest to Csikszentmihalyi as a positive psychology scholar when he was checking the creative process
during the 1960s. Watching artists at their job, Csikszentmihalyi became curious by their single-minded,
unique concentration, and tenacity to continue with the dancing, painting, or musical play, despite any
inconvenience, exhaustion, hunger, and boredom. It turned out that the Flow experience was brought about
by two major key things: purpose and feedback [35].

First, an optimal state of Flow was developed when individuals coped with challenges that they figured
out to be at only the right level of severity for their actual skill sets. Simply put, the challenges were neither
too difficult nor too simple as to be boring. Second, they had unequivocal short-term goals and gained
immediate feedback on their improvement. This helped them to be informed of their actual progress and
allowed them to change their actions accordingly. Throughout the whole experience, people considered
Flow as an extremely enjoyable state of mind. They were pleased for being in control of the task at hand
mainly due to the continuous feedback they acquired [40]. It can be said that they realized whatever they
were performing to be considerably rewarding. In reality, the feeling of reward and happiness is associated
with the Flow experience even though the activities that people do to enter this state might be different.
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Naturally, the next stage of fondness for positive psychologists became how the Flow state could be
made, controlled, and perceived in relation to other characteristics of the self that let people prosper. The
concept of Flow became interesting to positive psychologists already looking at feelings, performance,
ingenuity, purpose orientation, attention, and motivation. In addition, Flow has been viewed as a great
part of modifying the human experience for its role in Will for Meaningful Life [17]. This is a life in which
people use their virtues and capabilities for something much bigger and spend less time being anxious
about the mundane and invalid things. Perceiving how to feel the Flow experience, and keep it, hence, is
considered a significant way to be pleased about engaging activities.

The Flow state is often described autotelic experience. An experience is called autotelic if it is
enjoyable and significantly motivating [34]. To easily understand Flow as an autotelic experience, it is
better to look at the nine dimensions of the Flow state developed by Csikszentmihalyi. According to
Csikszentmihalyi, Flow experience includes the meaningful examples in life that make it worth living and
enjoyable. Humans can enrich their lives by getting involved in things they love doing. In other words,
instead of doing boring tasks, or getting tired by over-complex challenges, doing the things they highly
enjoy within the Flow zone allows them to enter into a meaningful life. There is also another term called
autotelic personality which is sometimes used to highlight distinguished potency to experience Flow at
work. Compared with other research studies about the concept of Flow [37-39], measuring Flow at work
is considered less popular and there are a few research studies about it. Basically, an autotelic personality
explains the propensity of people to engage in tasks for reasons relevant to internal motivation. As a result,
those individuals may derive more pleasure from the activity itself instead of being driven by a future goal,
and simply be able to concentrate on an activity without much effort at hand [20].

In the Flow Experience Model, there are eight different zones as shown in Fig. 3.1. The main
dimensions to pay attention to can be seen in the axes of the chart-understanding the balance between
skill and challenge. When these two are at an optimal-high level, conditions are suitable for feeling the
Flow state. The description of each dimension is as follows: (Apathy) there is no interest, people are
apathetic. (Boredom) people are bored and maybe run-down. (Relaxation) people have a feeling of
calmness, but also lack of excitement. (Unrest) if peoples’ focus is on worry, their problems grow and
become harder. (Control) — people have a feeling of dominance. Their activity is hard, but they are in
command of the situation. (Nervousness) — if people are anxious, they may freeze or shut down. (Arousal)
in this state people approach their surroundings more attentively. (Flow) people focus completely on the
task or activity, leading to the most successful results.
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Figure 3.1 Flow experience model.

Experiencing the Flow state of mind can be performed in various ways, and everyone has different
triggers and tasks that they are quite skilled in or love doing. The triggers which Flow can be driven from
are mainly (1) Psychological (deep concentration, obvious goals, instant feedback, and skill-challenge
balance), (2) Environmental (rich surroundings and deep visualization), and (3) Social (serious focus,
oriented and shared goals, communication, and creativity). The benefits of Flow are increased creativity,
skill development, improved performance, greater motivation, happiness, and fulfilment. Popular physical
activities to feel Flow are playing a musical instrument, doing yoga, swimming, jogging, and mountain
climbing. People who have experienced the state of Flow reported the following cases:

1.

No ook~ own

8.

| appreciate the Flow state because it encourages me to deal with challenges in a unique way.
Flow allows me to experience like | am at one with my surroundings.

Allows me to share wonderful moments with others.

| often find myself in this state when | am alone.

| enter the Flow state when | focus on something deeply.

| feel Flow when my heart beats faster or adrenaline is pumping.

Flow happens when everything around me is beautiful and without effort.

| lose myself in the activity as hours pass by.

When it comes to exercises, sports, or doing tasks at the office, the comprehension of the actual mental
state, skills, challenges, and performance are all associated with Flow theory. To deal with the negative
characteristics of performers and workers’ experiences, such as stress and anxiety, many psychologists
have been centralizing their attention around the positive conditions that can improve performance during
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sports or work activities, and therefore, Flow is considered one of the solutions [40]. In a detailed
experiment on the predictive features of Flow on athletes’ performance, there are two major factors: the
balance between the realized difficulty of the sports activity against the performer’s realized skill set, and
the existence of clear, and oriented goals. When it came to workers enjoying the activity itself, it is
significant that they become completely immersed in an autotelic experience to further increase their
pleasure and productivity. It can be said that task-oriented office workers are more likely to have a more
positive experience in terms of Flow dimensions which generally leads to a greater sense of focus and
control over certain work-related activities.

According to Fig. 3.2, if people are too bored, they cannot enter the Flow state because their arousal
level is not high enough. Conversely, if they are anxious or stressed for whatever reason, it means they
are in an over-aroused state and again the chances to get into the Flow-state are quite low. Practically, it
seems that performance anxiety and being in the Flow state can exist simultaneously. Flow proneness (the
ability to get into Flow) is associated with lower levels of performance anxiety. This also makes sense. In
Flow state, musicians experience a smaller number of disturbing thoughts. So, they sense stage fright less
frequently as well as less intensely.
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Figure 3.2 The relationship between Flow and physiological arousal under stress.
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3.1.2 Trait-Coping

Trait-Coping refers to one’s capacity to reconcile with and persevere in the face of stressors [41]. A
Japanese Resilience scale was used to measure participants’ psychological Trait-Coping [42]. It consists
of 21 questions rated on a 5-point Likert scale, ranging from 1 (not applicable) to 5 (true). Trait-Coping
and four other Flow-related measures; Self-Image, Self-Awareness, Will for Meaning Life, and State-Trait
Anxiety, were selected from Comprehensive List of Psychology Measures I, 11, V and VI [43-46]. The
book series includes more than 300 psychology measures validated by rigorous criteria of reliability and
efficiency. The books are widely recognized by the psychological research community. The Trait-Coping
scale has also been validated by another study [47].

The term coping or resilience is sometimes mentioned on its own to show overall coping and
adjustability to the situation, but it can be broken down into four different categories: (Psychological
Coping) This is about the ability to adapt to challenges, stressors, and uncertainties mentally. It is often
referred to as Mental Resilience or Mental Coping. Individuals show demonstrate psychological resilience
build up coping skills and abilities that allow them to stay calm and concentrate during hardship and
continue moving forward without thinking about long-term negative outcomes too much. This version of
coping was adopted in this research study. (Emotional Coping) There are different grades of how well an
individual copes emotionally with catastrophic events. For instance, some individuals are sensitive to
change by nature which may unleash a flood of emotions. People who are emotionally resilient realize
what they are experienced or feeling. They utilize a sense of pragmatic optimism which may help them to
be proactive in using both inner and outer resources. This allows them to manage stressful situations
effectively and control their emotions to stay positive and healthy. (Physical Coping) This is about the
physical body’s ability to adjust itself to challenges and maintain increased strength and stamina to recover
fast. It mainly happens when a person recovers from disease, accident, or some physical solicitations. This
kind of resilience plays a significant role in healthy aging since individuals usually face physical stressors
and medical problems during life. Building up physical coping is possible through making good
connections with others, deep breathing, participating in enjoyable activities, having a healthy lifestyle,
and spending time for recovery. (Community Coping) This type of resilience refers to the ability of several
individuals within a group to tend to and recover from a stressful situation such as an economic crisis,
violence, and natural disaster within the community. It involves connecting with other people and working
together in order to solve problems and overcome difficulties that may have an impact on people both
individually and collectively.

Trait-Coping is considered as the process and result of prosperously adapting to hardships or
challenging life events, especially through passionate, mental, and behavioral flexibility as well as
adaptation to both internal and external demands [14]. A challenging life event or stressor can be basically
the death of a loved one, financial problem, divorce, disease, loss of job, and natural disaster. There are a
number of key factors which contribute to how well individuals adapt to difficulties such as the ways in
which they see and engage with the world, certain coping techniques, and the quality and accessibility of
social resources. Psychological research studies demonstrate that the skills and resources related to the
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more positive adjustment, in order words a greater sense of resilience, can be promoted and rehearsed
which ultimately leads to greater response and performance [41]. It can be said that Trait-Coping is some
kind of psychological quality that let some individuals be affected by the stressors of life and come back
at least as powerful and solid as before. Rather than allowing hardships, stressful events, or failures to
overcome them and pull out their purpose or intention, extremely resilient individuals discover a way to
change the course of action, emotionally meditate, and continue moving toward their purposes.

Traumas and hardships do not necessarily make people less resilient. In fact, people who have
experienced trauma at some point in their lives can be often highly resilient. However, in some instances,
traumatized individuals may often bring up malformed and abnormal coping techniques such as drug use
that can have a negative effect on them and as a result, undermine their capabilities to cope with future
hardships. There are several factors that can define Trait-Coping such as luck, experiences at the early
stages of life, and genetics [48]. These factors cannot be modified but there are some particular coping-
development techniques that can be learned such as finding the benefits in life, past challenges and failures
as well as stopping negative thoughts through different cycles of life. Psychological resilience is not a
constant trait. Tenacity, adjustability, and flexibility can aid people to enter this mental state by changing
specific behaviors and thoughts. There are basically five factors that can describe Trait-Coping:
acceptance, acknowledgment, sympathy, forgiveness, and meaning [41].

Building Trait-Coping is both complicated and personal. It consists of a combination of internal
resistance and external resource. All individuals are different, for example, one person might develop
symptoms of sadness or anxiety following a stressful event, while another person might not report any
symptoms at all. As mentioned previously, there is a combination of factors that contribute to developing
this psychological trait. In one specific research study, protective factors for young individuals at risk for
anxiety, for instance, family solidarity, positive self-assessment, and pleasant interpersonal relations, were
related to resilient outcomes in adolescents. While people deal with trauma and stressors in various ways,
there are particular protective measures that aid in developing Trait-Coping by enhancing coping
strategies. Such factors are:

1. Social Assistance: social systems that prepare support and aid in times of hardship or trauma may
build up resilience in people. Social assistance can also be support from a family member,
community, friend, and place of work.

2. Pragmatic Planning: this is the ability to make and carry out realistic schemes in order to help
people meet their strengths and concentrate on achieving their goals in life.

3. Self-Image: a positive psychological sense of control and self-confidence in own abilities and
strengths.

4. Increased Optimism: optimistic people usually feel more in control of the consequences. To build
up optimism, it is very important to identify problem-solving steps before facing the actual
challenge.

5. Coping Strategies: problem-solving techniques to help strengthen an individual who has to work
through a stressor and overcome difficulties.

6. Communication Abilities: being able to communicate effectively and efficiently allows people to
pursue support, organize resources, and take the necessary action. Maintaining, and strengthening
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current social connections as well as finding opportunities to build new ones would be helpful as
well.

7. Emotional Arrangement: the valence to administer potentially overwhelming feelings or seeking
support to deal with them which may help individuals maintain concentration when overcoming a
trauma.

8. Self-Awareness: knowing how to typically deal with a stressor is the first step toward learning
more adaptive techniques. It first begins with the understanding of both weaknesses and strengths.

Trait-Coping is what gives people the emotional stability to cope with trauma, stressor, and difficulty.
Resilient individuals use their resources, abilities, and skills to deal with challenges and work through
barriers. On the other hand, those who lack this trait are more likely to feel devasted and rely on unpleasant
coping strategies for example substance use, elusion, and isolation. In the study [48], it was suggested that
people who had tried suicide had considerably lower resilience scores compared to those who had never
tried suicide. It is clear that resilient people do experience stress and hard emotions. However, they utilize
their strengths and seek support from the system or relatives to overcome difficulties and find a way
through problems. Therefore, Trait-Coping strengthens them to accept and adjust themselves to a situation
and continue moving forward. A complete model of psychological resilience includes connection,
competence, confidence, character, coping, contribution, and control [41]. Fig. 3.3 depicts that numerous
psychological factors (relating to a positive personality, motivation, confidence, focus, and perceived
social support) protect the individuals from the potential negative effect of stressors by influencing their
challenge appraisal and meta-cognitions. These processes promote facilitative responses that precede
optimal sport performance.

Trait-Coping

- \
e
Faith |:> eb <:| Focus Boosted

response and

Stressful

. Meta optimal
life events y .
Decisive Awareness : performance
) Incentive
self Mind
 Mhisniall |

. /

Figure 3.3 A grounded theory of psychological coping/resilience and optimal sport performance.
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3.1.3 Self-Image

Positive traits such as confidence, honor, and note-worthiness are attributed to people who develop
Self-Image [15]. It is a measure of how much individuals appreciate and value themselves. Rosenberg’s
Self-Image scale with 10 items was used to evaluate this psychological trait [49]. Participants rated each
item on a 5-point Likert scale, ranging from 1 (not applicable) to 5 (applicable). The scale of Self-Image
has been validated by some studies [45, 50].

In the field of psychology, the word Self-Image, also known as Self-Esteem, Self-Regard or Self-
Report is used to describe an individual's overall subjective feeling of personal worthiness or value. In
other words, it may be defined as how much people appreciate and like themselves regardless of the
situation. Many factors are responsible for defining Self-Image such as self-confidence, identity, sense of
security, belonging, and competence. Self-Image tends to be the lowest amount possible during childhood
and it gradually increases during adulthood, ultimately reaching a considerable amount. There are many
reasons why Self-Image is very important. It can have a great impact on decision-making skills and
improve emotional wellness as well as overall health. It also can have an effect on motivation which helps
people to positively view themselves and understand their capabilities when taking on challenges. Usually,
people with a healthy amount of Self-Image have some characteristics such as a firm comprehension of
their actual abilities and skills, being able to have a healthy and stable relationship with other people,
having expectations that are suitable and realistic, and understanding their needs and be able to discuss
them.

Individuals with low Self-Image tend to doubt their skills and may be unsure about their decision-
making capabilities. They may not be motivated to attempt new things because they don’t think that they're
qualified for achieving their goals. Moreover, they may have problems with relationships and discussing
their needs. Gradually, they are going to lose self-confidence and feel they are not worthy. Self-Image
should be at an optimal or healthy level. For example, people with an extremely high amount of Self-
Image may overestimate their skills and may feel entitled to succeed, even without the skill to back up
their thoughts and beliefs. They may also have difficulties in their relationships with others and deny
themselves personal improvement since they are almost certain to see themselves as perfect human beings.

Only with an optimal level of Self-Image people can be motivated and work toward reaching their goals.
Such individuals can set boundaries in their relationship, keeping it healthy with others. In general, Self-
Image can be affected by age, disability, genetics, disease, physical skills, and social status. It is also
suggested that racism and discrimination can negatively affect Self-Image [15]. Factors related to genetics
are considered a major factor to shape an individual’s personality but experiences during life are also
important for Self-Image. For instance, people who frequently receive negative and critical judgments
from their family members or friends, are most likely going to experience a low amount of Self-Image.

Detailed characteristics of people with a low Self-Image:

1. They may think or believe that others are better than them.
2. They may find it difficult to express their needs.
3. Focusing on their weaknesses all the time.
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Constantly experience fear, anxiety, and doubt.

Lack of control over life.

Sever fear of failure.

Having difficulties accepting positive feedback from others.
Lack of confidence.

Feeling extreme depression and anxiety.

10 Having suicidal thoughts.

© o N R

Detailed characteristics of people with an excessive Self-Image:

May concentrate on being right all the time.

May think they must not fail.

Are preoccupied with being a perfect individual.

Believing that they are better than others in terms of skills or abilities.
Inability to accept criticism from others.
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Detailed characteristics of people with an optimal Self-Image:

Avoid thinking about past bad experiences.
Believing that they are equal to everyone.
Expressing their needs and opinions clearly.

Have the self-confidence to make decisions.

Have a positive view of life.

Have realistic expectations.

Maintaining secure and honest relationships.
Accepting their strengths and weaknesses.

An accurate view of oneself.

10 More resilient, be able to counter stress and setbacks.
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There are several ways to address the problems with Self-Image and be able to improve it over time.
Individuals should become more informed about negative thoughts and beliefs. It is also important to
counter negative patterns of thinking by having realistic and positive thoughts. In addition, practicing self-
talk and self-compassion can be useful in improving Self-Image by reciting positive affirmations, learning
from past mistakes, and moving forward with a new plan.
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3.1.4 Self-Awareness

Self-Awareness reflects confidence in the ability to control one’s own social environment, motivation,
and manners, and increases the desire for achievement [16]. Consequently, people can effectively perform
necessary actions if they have faith in their ability to face challenges. The trait Self-Awareness scale which
consists of 23 questions rated on a 5-point Likert scale from 1 (I do not think so) to 5 (I think so) was used
[51]. The scale of Self-Awareness has been validated by some studies [43, 52].

Self-Awareness or Self-Efficacy is referred to individuals’ belief in their ability to be successful in a
certain situation. It basically determines how they think, behave, and feel. Self-Awareness can play a major
role in not only how people feel about themselves, but whether or not they accomplish their goals in life
successfully. The concept is closely related to the concept of social cognitive, which focuses on the role
of learning through observations, social experience, and mutual determinism in personality development.
Self-Awareness is considered an essential part of the self-system containing a person’s orientation,
cognitive skills, and abilities, allowing them to understand different situations and behave in response to
those situations.

According to the study [16], Self-Awareness is the belief in one’s abilities to arrange and perform the
courses of action necessary to manage futuristic conditions. It can have an effect on everything from
psychological states to motivation and attitude. In addition, it determines what goals people choose to
follow, how they go about reaching those goals, and how they reflect upon their own performance on the
way. Implicitly all individuals can identify goals they want to reach as well as things they would like to
modify in life. On the other hand, most of them may also perceive that putting their plans into action is
not quite as easy as they expected it to be. An individual’s Self-Awareness plays a key role in how goals,
activities, and challenges are approached.

Characteristics of people with a low Self-Awareness:

Avoiding challenging and difficult activities

Thinking that challenging tasks are beyond their skills
Focusing only on negative outcomes

Quickly lose confidence in their own personal capabilities
Giving up fast

Having extreme feelings of depression and anxiety

Less resilient individuals overall
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Characteristics of people with a high Self-Awareness:

Developing a deeper enthusiasm for the tasks they participate

Forming a strong and steady sense of commitment to their tasks
Quickly recover from setbacks and failures

Considering challenging tasks as opportunities to be mastered

5. Improving their health by working hard and following recommendations
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Self-Awareness also plays a significant role in health psychology and how people maintain their
wellness in regard to nutrition and disease. For instance, having a strong sense of Self-Awareness trait can
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aid people to stick to their plans when trying to quit cigarettes [43]. Controlling a weight loss, managing
severe pain, giving up alcohol drinks, showing commitment to an exercise schedule, and following a
healthy diet can all be affected by an individual’s levels of Self-Awareness. Since people with a good level
of Self-Awareness look at hardships as challenges instead of threats, they tend to be more naturally
interested in the activities they follow. These individuals believe that difficulties and failures don't
necessarily mean defeat and therefore, they increase the number of their endeavours and seek new ways
to overcome.

People start shaping their sense of Self-Awareness during childhood by dealing with a wide range of
experiences, activities, and conditions but the growth of Self-Awareness does not end during young age
but rather continues evolving throughout personal life as individuals gain new skills, experiences, and
thoughts. It can be identified from the several sources: (Mastery Experience) This is perhaps the most
effective and efficient way of a strong Self-Awareness development. Doing activities successfully makes
the sense of Self-Awareness stronger but failure to deal with challenges can undermine it. (Social Modeling
and Encouragement) Seeing other people performing and completing a task successfully can build a strong
sense of Self-Awareness. By doing so, the observers may think that their skills are equivalent to the
performer’s abilities and hence, it makes them think that they have the necessary capabilities to complete
the task and succeed. Receiving positive feedback from others helps individuals to overcome doubts and
fully concentrate on the task at hand. (Psychological Response) Peoples’ responses and emotional
reactions to circumstances also be important in developing a sense of Self-Awareness. Things such as
psychological moods, emotional expressions, physical responses, and stress can all have an impact on how
individuals feel about their personal skills in response to a certain situation. For example, an individual
who becomes extremely anxious before a public-speaking event may develop a weak sense of Self-
Awareness. However, it is not the absolute severity of physical and emotional responses that are important
but instead how they are understood and interpreted by people. By learning how to control the progression
of stress and elevate psychological moods when facing a challenging event, people can reach a good level
of Self-Awareness. (Celebrating success) Mastery experiences play a major role in the development of
Self-Awareness. This is identified as the single most effective method to build a strong sense of self-belief.
When people succeed at something, they can create a powerful thought in their own abilities. On the other
hand, failures and disappointments can weaken such feelings, particularly if individuals are still in the
early stages of developing a sense of personality. However, it can be said that the ideal types of successes
are not particularly those that come easily. For instance, if people experience a lot of easy successes, they
may find themselves giving up more easily when they finally face a failure. Therefore, working on setting
goals that are reachable, but not necessarily easy is very important. (Looking for positive affirmations)
Listening to positive feedback and encouragement from other individuals can also help build a strong
sense of Self-Awareness. It is also essential to try to avoid asking for feedback from those who generally
may have a negative or critical view. In general feedback from family members, friends, supervisors,
doctors, and people whom an individual respects, can help increase self-confidence. It can be said that
social feedback alone is not sufficient to create a sense of self-belief, but it can be a helpful war when
people need a little extra encouragement in their life.
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Self-Awareness is different from Self-Image and Self-Regulation though they all have some similar
properties. Self-Image is considered a type of general sensation of one’s worth or value that is more
focused on “being”, for example feeling that you are perfect while Self-Awareness is conceptualized more
on “doing”, for example feeling that you can take a challenge. Self-Regulation is about a person’s self-
generated beliefs, emotions, and actions that are shaped to have an impact on learning systematically. On
the other hand, Self-Awareness is more related to a person’s realized and understood abilities. Self-
Regulation is considered a strategy to achieve goals in life especially when learning is involved but Self-
Awareness is the belief that a person has to succeed. Both Self-Regulation and Self-Awareness can be built
simultaneously. Fig. 3.6 briefly explains how to build up the trait of Self-Awareness.

» Positive and negative experiences
can have an impact on the ability of
people to do a certain activity. If
they have done a task well in the

past. they are more likely to feel

competent and do well at similar
tasks in the future.

» People can develop low or high
Self-Awareness through other
individuals® performance. They
can compare own their
competence with other people’s
competence.

» People’s performance is
influenced by wverbal
encouragement and
discouragement.

Self-Awareness

» Individuals experience
feelings from their
bodies. The sensational
arousal influences their
thoughts in regard to
Self-Awareness.

Figure 3.6 Factors that can contribute to the increase of Self-Awareness trait.
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3.1.5 Will for Meaningful Life

Will for Meaningful Life is the desire for self-preservation, normally coupled with expectations for
further improvements in a person’s social life [17]. It can also be related to either an individual’s attempt
to survive or find meaningful ways to continue life. The Will for Meaningful Life scale was used, and it
consists of 10 questions rated on a 4-point Likert scale, ranging from 1 (No) to 4 (very much so) [53]. The
scale of Will for Meaning Life has been validated by some studies [44, 53].

Satisfaction with life is a multidimensional topic that depends on a lot of subjective and objective
characteristics such as emotional state, physical status, and cognitive function. Generally, it can be said
that people with anxiety tendencies always show considerably lower degrees of satisfaction with life
compared to those who are not anxious regardless of their cognitive state [17]. In addition, individuals
who share their decisions and whose opinions are important for daily life decisions reported significant
levels of life satisfaction. According to the study [17], various health problems demonstrated a low level
of correlation with life satisfaction while personality, independent life, physical activities, and satisfaction
with friends showed a high level of life satisfaction. Alongside the traditional medical goals for the
identification, prevention, and treatment of medical problems, it is also important to simultaneously
concentrate on the quality of life, autonomy, and functional independence in order to achieve a good level
of satisfaction in life.

Amongst the factors that have an impact on the satisfaction of life in individuals are memory
complaints and cognitive functions. Various research studies have shown that the spread of memory
complaints among individuals ranges from 20% to 60% and is mainly associated with dementia and a low
level of education which ultimately leads to having distressful life with feelings of uncertainty, isolation,
fear, loss, loneliness, and worthlessness [53]. Physical activity is an important factor in determining life
satisfaction. This is due to the fact that maintaining a physical function will increase individuals’ capacity
for moving independently, using daily tools, and performing other self-care activities to maintain health.
Fulfilling such functions independently represents autonomy which is sometimes reflected in people who
are studied with their lives.

Another factor that affects satisfaction with life is sharing in the decision-making and remarks of one’s
decision regarding his/her action toward a healthy life [53]. Making such a decision in regard to health is
considered one of the most difficult processes that can greatly have an impact on satisfaction with life
because it is normally accompanied by conflicting feelings such as anxiety, depression, shock, stress, fear,
and resistance during life events. Reaching a considerable level of comfort with a health-related decision
and maintaining life satisfaction of people with their coping and adaptation to the new environment is a
very hard challenge. Hence, detailed studies and extensive knowledge are needed about these factors that
are contributing to the growth of life satisfaction.

The frame of subjective well-being has been mentioned as consisting of two major components:
emotional and cognitive components. The cognitive component has also been referred to as Will for
Meaningful Life which is closely related to life satisfaction. Even though the sensual component of
subjective well-being has gained a considerable amount of attention from various research studies, Will
for Meaningful Life has been relatively neglected. It was basically designed as an instrument to measure
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the cognitive component of subjective well-being. It is a well-validated, reliable, and predictive tool to
measure satisfaction in life [39]. Moreover, the high isotropy of self and peer-reported scales of subjective
soundness and life satisfaction provide powerful evidence that subjective wellness is a relatively universal
and constant phenomenon, not just a transient judgment based on fleeting effects.

Will for Meaningful Life was designed to scale the satisfaction with the respondent's life in general.
This measurement tool does not measure satisfaction with life domains related to health or finances but
allows respondents to integrate and weigh such domains in whatever way they prefer. It also shows good
convergent validity with other psychological such as Frequency of Flow Experience and Trait-Coping
instruments and with other kinds of evaluations of subjective well-being [54]. It is always measured to
demonstrate a degree of temporal consistency and durability with enough sensitivity to be potentially
noteworthy to identify changes in life. In addition, the measurement tool shows discriminant validity from
sensational well-being measures. Will for Meaningful Life is often recommended as a complementary tool
to measure psychopathology factors or emotional wellness since it can measure a person’s CONSCious
evaluative notion of life employing the individual’s own criteria. According to Fig 3.7 ideally, individuals
should look for ways to live their life in quadrant 3, in which they are happy, and they are living with
integrity. Quadrant y is basically a bad zone: people may feel miserable, and they are living without
integrity. Where it gets complicated is when they have to choose between quadrants a and 6. If they want
to live a meaningful life, they would choose quadrant a: living with integrity, even if this has negative
consequences for them.

Grief Satisfaction

Integrity Ol B |

Psychosis |

w2
O

Figure 3.7 Quadrants of Will for Meaningful Life.
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Will for Meaningful Life contains three basic characteristics: goal, understanding, and mattering.
Having and attempting to achieve goals are considered important factors to each life satisfaction. It is also
essential for people to have the belief that their existence is valuable, and they should make sense of their
life events. If life turns out to be meaningful for people, then they will experience the following benefits:

1. Having meaning in their lives finally makes them healthier

Increased vitality and energy

Easily being able to cope with stressors which makes them more resilient
Can become more productive

Their self-confidence increases and makes them feel better about themselves
Their ability to each the Flow state increases significantly

They will satisfy their human need for value

May have a longer life expectancy

NGOk~ wWDd

Will for a Meaningful Life has coherence, significance, and purpose which can be achieved in several
ways: (Making life meaningful by having a goal) Begin by identifying strengths and weaknesses, focusing
on strengths, and using them in a way that will benefit oneself as well as others. (Reframe the view on
occupation) Taking greater pride in occupation, having more responsibility for work-related results, being
able to handle stress effectively, and being highly motivated. (Choosing friends wisely) Humans are social
beings, and how they feel about themselves is often impacted by the way in which others treat them.
Therefore, to have a meaningful life, it is important for an individual to surround himself/herself with
people who are worthy and respectful. (Maintaining the balance between meaning and happiness)
Happiness sometimes involves doing things that make the person feel good in that particular moment.
However, meaningful tasks often involve making sacrifices because they are accompanied by joy and toil.
The key is to discover the balance between enjoying moments and going on to each a crucial goal despite
discomforts and hardships. (Being able to express oneself) Many people pretend to be someone they are
not since the pressure to fit in and adapt can be powerful. If people do not let themselves be who they are,
then they cannot reach satisfaction in life. It is important for them to think of the goals they are currently
focusing to accomplish. If those goals are difficult to reach, then they must be changed. It is essential that
people reach a meaningful life by focusing on the goals that allow them to express who they are.
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Figure 3.8 Importance of the quality of life and satisfaction of life to reach the ultimate happiness.
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3.1.6 State-Trait Anxiety

A modified version of Spielberger’s scale of State-Trait Anxiety was used to measure individuals’
internal tendency to generate anxiety in stressful conditions [55, 56]. It consists of 20 items and
participants rate the questions on a 4-point Likert scale, ranging from 1 (not at all) to 4 (quite so). The
scale of State-Trait Anxiety has been validated by some studies [45, 56].

State-Trait Anxiety is considered both a physical and mental state of a negative outlook. Psychologists
describe it as an emotion determined by feelings of tension, worried intentions, and physical changes such
as high blood pressure [18]. It can turn into a mental health problem that leads to extreme nervousness,
panic, and worry as well as a physical health problem through ill-sorted activation of multiple systems of
the body in order to respond to an unfamiliar peril whether imagined or real. State-Trait Anxiety basically
alters how an individual processes feeling and behaves. It can be either mild or severe, affecting day-to-
day activities and it is the most common mental illness in every country, especially among young people
[45].

In the middle of the curve in Fig. 3.9, there is “eustress”. It’s the low-to-moderate amount of stress that
leads to anxiety. In this context, anxiety doesn’t mean a kind of erotic excitement. Rather, it’s the
combination of stress and motivation that propels people to accomplish a task or rise to a challenge. Some
may experience it less as a strain and more as attentiveness galvanized by a crackle of positive energy.
This type of good stress is a powerful engine for performance, all the way up to the very top of the chart,
where people reach the optimum level. If individuals’ stress tips beyond the sweet spot, they enter “distress”
—a high-potency agitation that arises due to emergencies, physical threats, overly demanding work,
trouble at home, or procrastinating until the do-or-die moment. While useful in an emergency when people
need to act quickly, distress can degrade their performance and well-being the more acute it becomes and
the longer it sticks around. Throttle down their stress, and they reach “sustress”. This is the low-potency
stress they feel when for example, they have a deadline that’s several weeks out.
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Figure 3.9 Relationship between State-Trait Anxiety and performance.

A majority of children and adolescents are diagnosed with Anxiety every year [7, 18]. One of the main
reasons for the universal growth in State-Trait Anxiety is the burden of doubt in almost every part of
modern life, in response to an array of cultural and economic changes [7]. In fact, doubt doesn’t cause this
negative psychological state, but instead, it furnishes breeding grounds for it. Anxiety is the body’s natural
response to the occurrence of stress, a generalized term for various disorders that cause anger, dismay,
presentiment, and anxiousness. Such disorders have an influence on how people feel and behave.
Moderate anxiety is ambiguous whereas high anxiety can seriously affect the person’s overall mental state.
It is crucial to understand the distinction between normal anxiety and anxiety disorder that needs medical
treatment. Experiencing normal anxiety in life is normal. Ever since the earliest stages of mankind, the
approach of incoming perils has set off alarms inside the body and let a person take the necessary
precautions. Such alarms become notable in the form of increased heartbeat, breathing rapidly, difficulty
falling asleep and excessive sensitivity such as sweating. These days, anxiety rotates around the workplace,
financial, family, and health issues that require an individual’s attention without particularly needing the
reaction [7]. On the contrary, individuals with anxiety disorder constantly have severe, extreme, and
continuous worrying thoughts and horror about events every day. Most of the time, anxiety disorder
involves panic attacks, increased blood pressure, nausea, and phobia.

The causes of both anxiety and anxiety disorder aren’t completely understood. Common causes can be
drug misuse, alcohol withdrawal, severe pain, trauma, depression, poor quality of life, and social isolation.
If both anxiety and anxiety disorders are not prevented soon enough, they will cause some catastrophic
incidents such as suicidal thoughts which is a major problem in many developed counties especially in
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Japan [8]. Other symptoms are restlessness, uncontrollable emotions, high irritability, difficulties in
concentration, and sleep problems. Getting aid early means the person can start to get sedation and recover
fast. There are some useful treatments for Anxiety, from cognitive-behavioral therapy (CBT), e-mental
health tools using 10T devices to relaxation methods, and medicines [57]. Other approaches such as
visiting a psychologist, doing exercises, answering questions related to anxiety, learning ways to handle
challenges, and talking to family members can be influential as well.

Anxiety disorder which is caused by the increased feeling of anxiety has several types. It includes
several diagnoses: (Generalized Anxiety Disorder) It is considered a severe disorder involving long-
lasting feelings of nervousness and worrying thoughts. (Panic disorder) Sudden panic attacks due to
intense tension or terror, usually happen due to long-lasting stress or experiencing something frightening.
Such attacks can cause shaking, dizziness, nausea, and difficulties in breathing. (Specific phobia) It is an
inconsequent fear and avoidance of a certain situation. A person with this type of phobia considers fear as
something extreme and cannot control emotions. (Agoraphobia) The fear and avoidance of places such as
leaving the house, using an elevator, or public transport. (Separation anxiety) Increased level of anxiety
after separating from an individual or a place, especially those which provide a sense of security. It is
often accompanied by panic symptoms. (Selective mutism) This type of anxiety is very common among
children who do not want to talk in particular places such as schools, or public events even if they have
excellent communication skills.

Several strategies are helpful to manage the level of anxiety: (Breathing slowly) When people are
anxious, their breathing becomes quicker and sophomoric. These individuals should intentionally slow
down their breathing to gradually decrease the level of anxiety. (Maintaining a healthy lifestyle) Being
active, eating healthy foods, going out into nature, spending some time with a partner, family members,
and friends, reducing the level of stress, and performing activities which are enjoyable. These are all
influential in decreasing anxiety and maintaining both physical and mental wellness. (Practices to replace
negative thoughts with positive ones) It is important to create a mental image of successfully facing and
overcoming a difficulty as well as thinking about reachable goals to reduce anxiety. (Managing stress)
Learning how to manage stress can aid in restricting potential triggers. It is essential to organize future
pressures and deadlines, break big tasks into manageable sub-tasks, and commit to taking some time off
from stressful activities.
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Figure 3.10 The dimensional elements leading to the formation of anxiety.
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3.2 Physiological parameters of diurnal heart rate
rhythm

We adopted diurnal heart rate rhythms that reflect the long-term nature of autonomic nervous activities
for this study. The mean and median of heart rate rhythm parameters derived from four weeks of continuous
heart rate recording were used as nominal values. The heart rate rhythm parameters of each day were
extracted by two conventional methods of signal processing; double cosinor rhythmometry and smoothness
of splines. As a result, four physiological datasets were acquired for analysis: (G1) Average weekday only
data, (G2) Median weekday only data, (G3) Average weekday and weekend data, and (G4) Median weekday
and weekend data.

3.2.1 Double cosinor rhythmometry method

The double cosinor method was used to extract the heart rate rhythm parameters to be studied [58].
The method was applied to the heart rate sequence continuously recorded at one-minute intervals At over
one day. The heart rate sequence Hnat) was fitted by two sinusoids, as shown in the following equation.

H(nAt) =M +cA,, (cos Zﬂ%(nAt—tM)j-FCA&Z [cos Zné(nAt—tlz)j (3.1)

where M is the average heart rate; cA»4 and cAzz are the 24-hour and 12-hour periodic component amplitudes,
respectively, of the heart rate rhythm; T is the fundamental diurnal period, i.e., 24 hours; and to4 and ti»
specify the phase shift of 24-hour and 12-hour periodic components, respectively. The parameters were
estimated using the least-squares method to minimize residual variance. Typical examples of a fitted cosinor
curve are shown in Fig. 3.11 for a person during a 24-hour period as well as in Fig. 3.12 for several
participants.
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Figure 3.11 Double cosinor decomposition of the diurnal heart rate changes. Continuously recorded heart
rate time series sampled every one minute is decomposed by 24 and 12-hours periodic components into
two sinusoids.

37



=160 ~160
£ 140 Subject #3 & 140 Subject #5
2 a2
€120 g 120
=) =
3 100 3 100
g 8ol & 8o}
= 2
g 60 K é 60
™ 40 40
0 5 10 15 20 0 s 10 15 20
Time (Hour) Time (Hour)
__ 160 _ 160
= . = :
Z 140 Subject #9 F 140} Subject #13
= 120 %120}
2 g
=100 =100}
ot 3
‘é 80 k. é 80
=
= 60 5 60 by
2 , L
T 40 T 40
(0] S5 10 15 20 0 B 10 15 20
Time (Hour) Time (Hour)
__ 160 _ 160
- ; S .
£ 140 Subject #16 £ 140} Subject #20
£ 120 £
2
< 100 &
3 ot
e &
5 60 5
R 3
T 40 T 40
0 5 10 15 20 0 5 10 15 20
Time (Hour) Time (Hour)

Figure 3.12 Double cosinor parameters measurement of random participants (Thick solid line: double
cosinor fit, Broken line: 24-hour periodic component, and Dotted line: 12-hour periodic component).

After applying the double cosinor fit to the heart rate sequence, two more parameters were introduced in
addition to cAx4 and cAz2. They were heart rate diurnal range amplitude over one day (cA) and a newly
defined parameter called the cosinor autonomic switching rate (CASR). CASR represents the switching speed
from the parasympathetic dominant state to the sympathetic dominant state as shown Fig. 3.13. Such state
transition typically occurs when waking up in the morning. It is defined as the maximum value of the
derivative of the cosinor representation of the heart rate that shows autonomic responsiveness, as shown in
the following equation and Fig. 3.14.

CASR = max[d(1)], P(t) = % HU) (3.2)
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Figure 3.13 Shift of the autonomic switching rate from parasympathetic state to sympathetic state.
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Figure 3.14 Cosinor heart rate rhythm parameters used in the analysis. Four heart rate diurnal rhythm
parameters; cAz4, CA12, CA, and CASR, are extracted by the double cosinor heart rate data decomposition.
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3.2.2 Smoothing of splines method

As an alternative to cosinor-based parameter extraction, the spline-based method was introduced [59].
The spline-smoothed heart rate signal s(t) is obtained by minimizing the following equation.

d?s(t)
dt?

@1—A)D " (s(nAt) — H (nAt))? + A j ( J dt (3.3

where the smoothing parameter 2 e[0,1]specifies the balance between the smoothness and the goodness of

fit. As 4 approaches one, the weight of the smoothness; that is, the second term of the equation, increases.
The parameter value was set at 0.002, which minimizes the mean square error between the spline-smoothed
heart rate estimate and the cosinor curve. The cosinor-based heart rate rhythm parameters and spline-based
parameters are differentiated by the respective attached prefixes “c” and “s”. Parameters s4 and sASR are
obtained as the range of spline-smoothed function s(f) and as the maximum value of the numerical
derivative of s(f), respectively. s424 and sA412 are derived as the amplitude of the fundamental and second
harmonic components of the Fourier series expansion applied to s(¢). Fig. 3.15 shows a typical example of
the fitted spline-smoothed curve. Fig. 3.16 shows the optimal 4 value to perfectly align the spline and
double cosinor curves for the extraction of spline-based physiological parameters.

’E i T T T T ]
:8: 150 Spline curve
=
P 100
(34
~
1=
3
:I: 5() i | 1 | | ]
0 5 10 15 20
Time (Hour)

Figure 3.15 Fitted spline curve applied to the double cosinor curve and the original heart rate sequence.
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Figure 3.16 Perfectly fitted spline and double cosinor curves.

Four techniques to acquire the optimal 4 value is provided by this research study: figures observation,
single regression analysis, multiple regression analysis, and multicollinearity analysis.

3.2.2.1 Figure observations

Figs. 3.17 (a) and (b) are showing the double cosinor curve (red) and the correspondent spline curve
(blue) generated by five 4 values for two participants. In Figs. 3.17 (a), it is clear that A = 0.002 is the
optimal value since both curves are perfectly fitted. However, in Figs. 3.17 (b), it is complicated to
determine the optimal 4 value since there is competition between 4 = 0.002 and 4 = 0.005. Other 4 values
can be discarded at this point.
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Figure 3.17 (a) Finding optimal 4 value.
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3.2.2.2 Single regression analysis

One way to solve the previous problem, is to extract the spline parameters from the heart rate recordings
of all participants and perform a single regression analysis to investigate the correlation results between
psychological measures and spline-based parameter. Fig. 3.18 shows the scores of six psychological
measures and the value of spline-based physiological parameters based on five 1 values. As mentioned
previously, we only need the dataset of 2 = 0.002 and /4 = 0.005 to perform the regression analysis methods
from now on. Results of single regression are shown in Fig. 3.19. Four psychological measures, i.e., Trait-
Coping, Self-Image, Will for Meaningful Life, and State-Trait Anxiety gave better correlation results by 4
=0.002.
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1 2 3 4 & 6
5 53 26 60 16 57
13 89 39 2 33 40
4 ! 31 81 21 40
8 72 31 77 23 65
2 61 22 62 2 59
6 63 26 91 36 47
5 71 27 59 24 54
7 44 27 67 15 54
5 55 20 46 18 70
6 83 42 85 27 32
3 48 22 57 15 56
11 83 33 68 30 45
6 73 33 69 27 50
14 82 40 88 29 38
3 73 32 68 24 64
3 64 29 73 26 47
2 =0.0005 2 =0.001 7 =0.002
SubjNo.| sA SASR | sAy | sAy SubjNo.| s4 SASR | sAy | sAp SubjNo.| sd SASR | sdy | sdp
3 1885 | 220 5.39 3.09 3 2125 | 293 5.42 4.05 3 2351 | 376 537 493

3237 393 1248 523 4 31.78 4.94 12.86 5.88 4 32.11 6.21 13.15 6.79
5 24.61 3.78 9.54 4.40 5 2428 4.73 9.72 5.10 5 2424 6.07 9.83 5.83
6 21.55 288 795 3.70 6 21.63 3.84 8.09 441 6 24.84 491 821 5.26
7 19.08 2.83 735 385 7 19.66 3.55 748 449 7 21.64 453 7.57 529
8 20.61 3.09 8.38 4.65 8 22.79 423 8.54 5.46 8 25.53 5.58 8.66 6.97
9 9 9

17.16 2.58 7.20 2.61 19.00 3.37 1.75 3.28 20.78 4.07 7.79 426

10 20.69 2.19 5.74 3.59 10 23.33 295 6.45 422 10 27.84 3.89 722 47
13 2473 330 888 5.10 13 26.89 431 897 6.09 13 28.88 552 9.06 7.37
14 37.44 4.16 938 6.16 14 39.10 472 944 7.26 14 43.66 6.35 10.03 10.48
15 28.34 3.68 8.96 4.66 15 2839 448 895 525 15 27.95 5.49 9.00 6.06
16 38.01 477 14.55 5.01 16 35.95 5.73 14.84 5.70 16 36.15 6.94 15.14 6.83
17 1975 236 733 323 17 21.63 3.06 7.02 4.15 17 2299 3.95 754 4.86
18 23.35 3.16 8.41 3.68 18 22.90 3.89 8.57 4.09 18 2292 486 8.77 464
19 2234 3.41 8.75 442 19 22.60 454 8.80 552 19 26.73 5.81 8.53 6.42
20 18.68 228 6.81 271 20 20.94 3.20 7.04 3.56 20 20.68 432 7.19 440
2 =0.005 2 =0.01
Subj No.| s4 SASR | sAy sAyp SubjNo.| s4 SASR | sAy sAy,
3 25.55 5.17 5.29 5.71 3 21.71 6.23 5.65 5.98
34.37 831 13.40 747 4 35.68 10.18 13.52 7.80
5 27.66 852 9.90 6.86 5 30.97 10.73 993 7.46
6 2593 6.26 8.31 629 6 28.61 7.23 8.35 6.86
7 2461 621 7.66 5.88 7 26.66 7.64 7.70 6.51
8 29.34 172 8.81 842 8 32.12 9.41 8.88 9.04
9 20.43 5.21 8.09 5.55 9 2231 6.33 820 5.99
10 31.30 491 1.74 5.44 10 32.28 6.24 8.16 5.84
13 30.80 7.37 9.16 8.81 13 32.38 9.06 921 944
14 44.00 179 9.97 9.97 14 45.17 9.83 9.96 12.17
15 29.25 142 9.08 717 15 30.85 9.26 9.13 7.88
16 38.51 8.89 15.36 7.30 16 40.55 10.75 15.44 799
17 25.63 5.61 7.64 5.79 17 2727 717 7.68 6.24
18 24.80 6.66 8.88 5.63 18 26.99 8.46 8.92 621
19 28.51 8.12 8.81 743 19 3040 | 10.30 8.87 7.89
20 23.09 594 6.52 5.02 20 25.23 727 6.53 529

Figure 3.18 Psychological data and spline-based physiological data of 16 participants (1 = Frequency of
Flow Experience, 2 = Trait-Coping, 3 = Self-Image, 4 = Self-Awareness, 5 = Will for Meaningful Life,
and 6 = State-Trait Anxiety).
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Figure 3.19 Single regression analysis between psychological measures and spline parameters and two
candidates of optimal 4 values (R? = coefficient of determination, Reorr = adjusted/corrected value of R?, p
= significance level/p-value).
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3.2.2.3 Multiple regression analysis

In addition to single regression, multiple regression analysis was performed using two and three spline
parameters. Since Frequency of Flow Experience and Trait-Coping were highly correlated with spline-
based parameters in the previous analysis, they were used with 2 and 3 spline-based parameters to further
increase the correlation. Figs. 3.20 (a) and (b) shows the results of multiple regression analysis when 2
and 3 splines-based parameters are used. In this analysis, Frequency of Flow Experience and Trait-Coping
gave better correlation results by 4 = 0.002 again.
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Figure 3.20 (a) Multiple regression analysis between two psychological measures and two spline
parameters.
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Figure 3.20 (b) Multiple regression analysis between two psychological measures and three spline
parameters.
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3.2.2.4 Muulticollinearity among spline parameters

From the previous methods, we can almost conclude that 2 = 0.002 is the optimal value for our spline-
parameters derivation. One final solution to ensure that 2 = 0.002 is optimal is to analyze the
multicollinearity among spline-parameters when A = 0.002 or 2 = 0.005. For this analysis, Variance
Inflation Factor (VIF) must be calculated for each spline parameter. Many researchers suggest the VIF
score of below five while others may debate that VIF scores below 10 is still acceptable. Since our research
is promoting the development of medical systems and application for mental health assessment, we took
a stricter approach and considered (VIF < 5) as the standard. TABLE 3.1 shows the VIF score of each
spline-based physiological heart rate parameter with two different /1 values. Since the VIF scores of
parameters with 1 = 0.002 are smaller than five, we can conclude that they are independent variables and
hence, must be selected as the final spline parameters for the analysis of psychological measures and
physiological parameters

TABLE 3.1 Multicollinearity analysis for two candidate 4 values.

Score of VIF
Spline-based physiological parameters
SA24 SA12 SASR SA
0.002 2.46 2.51 2.31 2.72
0.005 4.67 6.34 4.83 5.93

49



3.2.3 Accuracy of Fitbit Charge 2

As mentioned in chapter 2, the heart rate data of each participant were continuously recorded at every
one-minute interval using a Fitbit Charge 2 smartwatch. All previous studies [29-31] suggested that the
wrist-worn device is sufficient for implementing ambulatory measurement of cardiac activity and the
accuracy can be further improved by tightening the sensor placement of a wrist. In addition, we decided
to compare the recordings from a Holter ECG device and Fitbit Charge 2 by evaluating their accuracies
for the derivation of cosinor-based parameters during two recording modes: activity and normal. The
activity mode had a sampling interval between one to three seconds whereas the normal mode had a
sampling interval between five and 15 seconds. An example of the original heart rate recording of each
device is shown in Fig. 3.21 for Fitbit Charge 2 (upper trace) and a Holter ECG device (lower trace).
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Figure 3.21 Heart rate sequence recording using Fitbit Charge 2 (upper trace) and Cardy 303 (lower
trace, Suzuken Co. Ltd., Nagoya, Japan).
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For Cardy 303, the interval between R waves (RRI) was calculated from the ECG signal to calculate
the instantaneous heart rate, and spline smoothing was performed to obtain equally spaced heart rate data.
When measuring the instantaneous heart rate from the RRI, the reciprocal of the RRI was taken. However,
since RRI is unevenly spaced data, it is necessary to make it into evenly spaced data by the smoothing of

splines method. The actual operation is shown in Fig. 3.22.
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Figure 3.22 Reconstructed instantaneous heart rate using spline interpolation method for the heart rate
data obtained from the Holter ECG device.
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We found a relative error of 3.9% compared to the estimation by the clinically used Holter ECG device.
Fig. 3.23 (a) is the heart rate recording and fitted double cosinor curve from Fitbit Charge 2 during activity

and normal mode. Fig. 3.23 (b) shows the corresponding heart rate time series reconstructed from the
Holter ECG record and fitted double cosinor curve during the same modes.
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Figure 3.23 Double cosinor fit to the heart rate sequence recorded by Fitbit Charge 2 (a) and Cardy 303
during activity mode and normal mode.
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The relative cosinor curve error of the circadian rhythm due to activity mode is 0.0235 (0.023 + 0.017),
which is considered to be a very small error but during normal mode, it is 0.039 (0.039 + 0.018). Figs.
3.24 (a) and (b) show the variations in curve fitting during activity and normal modes respectively. The
relative error of the circadian parameter is also about 10%, and the error is smaller in the activity mode.
One of the major causes of such an error is the weak tightening of the device belt. The prominent error
caused by the rough belt coupling occurs during the exercise. On the contrary, errors are small during
sleep.
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Figure 3.24 Variations in curve fitting during activity mode (a) and normal mode (b). The solid line and
broken line represent the recordings by Cardy303 and Fitbit Charge 2 respectively.

It is worth pointing out that the circadian rhythm of the wrist device in activity mode at a sampling rate
of one to three seconds, matches Holter ECG well compared to normal mode at a sampling rate of five to
15 seconds as shown in TABLE 3.2. Both devices are useful in healthcare-related research studies.

TABLE 3.2 Circadian rhythm parameter estimation errors.

Modes M CA24 CA12 cA CASR

Activity 0.021 +0.02 0.119 +0.103 0.118 + 0.096 0.072 = 0.06 0.09 + 0.089

Normal 0.04 +0.021 0.153+0.071 0.087 + 0.06 0.117 + 0.06 0.101 + 0.055
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3.2.4 Physiological parameters processing

All cosinor and spline-based parameters for each participant were calculated by MATLAB R2022b
numerical analysis software (MathWorks, Inc., Massachusetts, USA). The mean and median value of each
physiological parameter was assessed in 16 out of 20 participants. Four participants who never had any
Flow experience (questions 1-4 for Frequency of Flow Experience) were excluded from the analysis.
Some extreme values of the parameters were observed as a result of disconnecting the smartwatch for a
long time (more than two hours) by a few participants. Those extreme values (typically for one to three
days at most) were also excluded from the analysis. Fig. 3.25 shows such extreme values observed in
cosinor parameters of one participant.

Subj No. Day cA cASR cAay iz
1 Day 1 3537 | 499 17.61 2.65
1 Day 2 206 | 459 8.98 5.03
1 Day 3 3627 | 7.09 15.83 6.52
1 Day 4 3456 | 754 11.61 9.13 160
1 Day 5 4165 | 8350 16.68 10.32 _
1 Day 6 5035 | 1243 25.17 14.11 z L
1 Day 7 3855 | 656 14.81 8.57 = 120
1 Day 8 3083 | 5.10 14.97 2.71 2
1 Day 9 325 | 7.10 10.61 863 g0
1 Day 10 3171 | 753 7.55 1139 ~ 0
1 Day 11 2503 | 530 837 7.33 E
1 Day 12 3591 835 9.76 11.97 = 60
1 Day 13 3798 | 636 18.66 3.92 40
1 Day 14 3418 | 664 15.62 6.85 0 5 10 15 20
1 Day 15 15.74 3.66 414 522 Time (Hour)
1 Day 16 3868 | 826 15.17 1020
1 Day 17 1597 | 298 7.25 239 -
1 Day 18 5070 | 7.06 18.71 10.78
1 Day 19 3261 | 738 10.61 10.24 =140
1 Day 20 52215 | 9499 250.63 75431 E -
1 Day 21 0.00 0.00 0.00 0.00 . | &
1 Day 22 3598 | 7.19 8.88 11.83 3 100
1 Day 23 2582 | 524 1033 6.37 &
1 Day 24 2427 [ 493 10.79 5.24 g 5
1 Day 25 4807 | 858 17.70 11.55 = 60
1 Day 26 2396 | 474 10.07 442
1 Day27 | 2477 | 266 1221 1.07 Vs % 1 1
1 Day 28 5165 | 1072 17.09 14.99 Time (Hour)

Figure 3.25 Examples of missing data during weekends. Grey boxes in the datasheet represents
weekends.
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Figure 3.26 An example of perfectly recorded heart rate sequence (top), still acceptable heart rate
sequence with small periods of missing data which happened during battery charging of the wearable
device (middle), and unacceptable heart rate sequence due to long missing data (bottom).

We restricted the heart rate measurement to weekdays (G1 and G2 datasets) when participants were
mainly engaged in desk work i.e., mental tasks, to avoid the heart rate change by physical activities. This
was for keeping the general condition during the measurement period and it is general practice in the study
of such long-term dispositional psychological characteristics [27, 28]. Figs. 3.27-3.29 show the step
graph and the corresponding heart rate graph of three random participants during a weekday and weekend.
It is apparent that these individuals were more active during weekends based on the total number of steps.
Hence, we can conclude that they performed some sort of extreme physical activity during weekends such
as exercising. Since extreme physical activities can cause an increase in the amplitude of heart rate and
affect mental health assessment, it is better to exclude the physiological parameters recorded during
weekends.
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Figure 3.27 A random participants’ step data and corresponding heart rate sequence during a weekday

(total number of steps: 8812) and a weekend (total number of steps: 14117).
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Figure 3.28 A random participant’s step data and corresponding heart rate sequence during a weekday

(total number of steps: 17495) and a weekend (total number of steps: 25360).
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Figure 3.29 A random participant’s step data and corresponding heart rate sequence during a weekday
(total number of steps: 7123) and a weekend (total number of steps: 16537).
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Figure 3.30 More participants’ step data and their corresponding heart rate sequence during weekends.

Total number of steps are 17987 for (1), 24802 for (I1), and 16493 for (111).
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Figure 3.31 Box-plot analysis for the comparison between step data during weekdays (blue) and
weekends (yellow) for nine random participants. The median value of the steps during weekends is
generally higher than weekdays. This means that more physical activities were performed during
weekends and may cause an increase in physiological parameters.
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Figure 3.32 Comparison between cosinor parameters during weekdays (blue) and weekends (yellow) of
one participant. The median value of the parameters during weekends was generally higher than
weekdays.
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Figure 3.33 Comparison between spline parameters during weekdays (blue) and weekends (yellow) of
the same subject. The median value of the parameters during weekends was generally higher than
weekdays.
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Subj No.| Day cA cASR cAy cAp Subj No.| Day sA sASR 54y, sdp
20 Day 1 32.53 7.52 7.84 10.50 20 Day 1 25.11 6.74 7.54 6.25
20 Day 2 31.82 6.86 11.18 8.11 20 Day 2 25.52 6.22 10.58 5.66
20 Day 3 4537 9.89 11.15 15.64 20 Day 3 43.61 6.86 10.26 12.16
20 Day 4 20.84 485 385 8.10 20 Day 4 29.30 324 4.24 5.29
20 Day 5 25.65 5.84 6.59 787 20 Day 5 24.16 4.62 6.26 6.22
20 Day 6 61.70 11.38 28.12 8.66 20 Day 6 57.02 9.18 27.18 543
20 Day7 3343 7.53 9.52 9.86 20 Day 7 26.32 6.60 9.71 5.75
20 Day 8 18.87 347 8.64 2.66 20 Day 8 21.59 438 8.30 2.57
20 Day 9 20.40 3.40 982 1.79 20 Day 9 19.76 328 8.27 1.39
20 Day 10 17.65 388 2.76 6.92 20 Day 10 22.67 3.40 294 5.53
20 Day 11 28.15 5.03 12.77 323 20 Day 11 27.35 5.03 11.95 2.90
20 Day 12 16.37 249 8.13 1.01 20 Day 12 15.29 3.70 7.74 1.06
20 Day 13 33.52 7.58 9.59 10.06 20 Day 13 | 2734 7.21 8.99 6.11
20 Day 14 | 35541 10.90 2297 987 20 Day 14 | 48.26 927 2233 5.72
20 Day 15 39.08 6.61 9.60 12.34 20 Day 15 58.89 1.73 10.39 11.65
20 Day 16 16.17 3.08 3.74 5.36 20 Day 16 19.35 3.05 353 431
20 Day 17 | 20.25 4.04 8.08 3.78 20 Day 17 17.67 441 7.73 2.85
20 Day 18 18.00 4.21 3.98 6.08 20 Day 18 14.94 4.26 3.45 4.48
20 Day 19 16.09 3.05 6.87 344 20 Day 19 15.21 3.25 6.65 249
20 Day 20 38.49 8.70 10.71 11.49 20 Day 20 30.39 7.68 10.47 7.16
20 Day 21 66.29 1191 30.21 7.98 20 Day 21 62.74 10.09 29.31 4.80
20 Day 22 15.51 3.28 5.31 3.62 20 Day 22 13.80 3.89 5.12 239
20 Day23 | 2063 5.05 2.92 8.20 20 Day 23 15.49 444 2.68 542
20 Day24 | 2586 5.31 11.34 5.75 20 Day24 | 24.05 4.57 11.03 4.56
20 Day 25 12.96 3.03 2.87 437 20 Day 25 10.70 3.46 2.63 3.13
20 Day 26 33.24 4.06 16.38 2.04 20 Day 26 33.84 5.29 15.84 1.99
20 Day27 | 33.24 4.06 16.38 2.04 20 Day 27 19,49 343 9.44 1.48
20 Day28 | 23.19 4.38 9.91 342 20 Day 28 | 20.97 3.55 9.57 2.03

Subj No.| A cASR | cAn | cAn Subj No.| s SASR | sdy | sdp
3 19.94 387 543 6.72 3 23.51 3.76 $.37 493

4 35.08 7.18 13.75 8.18 4 32.11 6.21 13.15 6.79
5 30.12 6.53 9.89 8.34 5 2424 6.07 9.83 5.83
6 27.14 5.67 8.45 7.66 6 24.84 491 821 5.26
7 25.17 5.48 7.53 7.12 7 21.64 453 7.57 5.29
8 30.88 6.52 8.98 9.77 8 25.53 5.58 8.66 6.97
9 23.22 5.30 831 6.34 9 20.78 4.07 7.79 4.26

10 23.63 5.12 7.88 6.97 10 27.84 3.89 7.22 4.7
13 30.86 6.72 9.34 10.53 13 28.88 5.52 9.06 137
14 36.74 7.83 9.95 11.74 14 43.66 6.35 10.03 10.48
15 29.07 6.60 9.72 8.75 15 27.95 549 9.00 6.06
16 4223 8.44 15.44 10.37 16 36.15 6.94 15.14 6.83
17 25.00 487 7.66 6.86 17 2299 3.95 7.54 4.86
18 27.25 5.70 8.87 6.87 18 2292 4.86 8.77 4.64
19 2892 6.03 8.63 8.50 19 26.73 5.81 8.53 6.42
20 20.33 4.13 7.48 5.56 20 20.68 4.32 7.19 4.40

Figure 3.34 Cosinor and spline parameters extracted for one participant, in this case Subject No. 20
during 28 days of continuous heart rate recording (upper trace). Final physiological data after data
cleaning of 16 participants used as G2 dataset (lower trace).
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Chapter 4: Results
4.1 Overview of data acquired

The basic characteristics of the obtained psychological measures and physiological parameters were
examined. The mean (M) and standard deviation (SD) of all dispositional psychological measures and
physiological heart rate rhythm parameters are shown in TABLE 4.1.

TABLE 4.1 Distribution of psychological measures and physiological parameters of heart rate rhythm.

Psycho-physiological indicators M SD

Freq. of Flow Experience 6.31 3.57
Trait-Coping 67.81 13.24
Self-Image 9.21 2.41
Self-Awareness 8.14 1.73
Will for Meaningful Life 28.47 5.96
State-Trait Anxiety 6.00 1.24

CA24/ SA24 9.21/8.94 2.41/2.35

CA12/ SA12 8.14/5.94 1.73/157

CA/SA 28.47 [ 26.90 5.96/6.11

CASR / SASR 6.00/5.14 1.2470.99

As mentioned in previous chapters, four physiological datasets were used in this research study to see
which one gave better correlation results. The multicollinearity among all parameters for different datasets
were analysed. TABLE 4.2 and TABLE 4.3 show the VIF value of cosinor and spline-based physiological
parameters for four datasets. Results shows that the physiological parameters of G2 dataset have lower
VIF scores.

63



TABLE 4.2 Multicollinearity analysis of cosinor parameters for four datasets.

Score of VIF
Cosinor-based physiological parameters
Dataset
CA24 CA12 CASR cA
Gl 414 27.3 17.0 106.4
G2 8.9 6.9 14.2 22.4
G3 514 34.3 9.1 152.1
G4 7.9 4.9 22.0 36.1
(G1: average weekdays only, G2: median weekdays only, G3: average all days, and G4: median all
days)

TABLE 4.3 Multicollinearity analysis of cosinor parameters for four datasets.

Score of VIF
Spline-based physiological parameters
Dataset
SA24 SA12 SASR SA
Gl 3.1 4.1 3.5 4.0
G2 2.5 2.5 2.7 2.3
G3 3.0 4.0 2.8 4.2
G4 2.8 3.6 2.3 4.5
(G1: average weekdays only, G2: median weekdays only, G3: average all days, and G4: median all
days)
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4.2 Principal component analysis

The principal component analysis (PCA) method was applied to determine the appropriate
dimensionality of the parameter space and to extract the orthogonal parameters effective at associating
physiological parameters with psychological measures. TABLE 4.4 shows the contribution ratios of four
orthogonal principal components. X{ and X; (k = 1, ..., 4) denote the k-th principal components for the
cosinor and spline-based original parameter sets, respectively. The first and second principal components
showed a cumulative contribution ratio close to 100% (99.55% for the cosinor and 98.50% for the spline-
based parameter set).

TABLE 4.4 Contribution ratios of four double cosinor and spline-based PCA components.

Contribution ratio (%)

k X§ b ¢

1 95.54 91.36
2 4.01 7.13
3 0.34 1.37
4 0.11 0.13

Eqgs (4.1) to (4.4) for cosinor-based orthogonal components and Eqgs (4.5) to (4.8) for spline-based orthogonal
components are listed below:

Principal components for cosinor parameter set:
X$=0.330 * cAzs+ 0.217 * cA12+0.900 - cA+0.184 - cCASR  (4.1)
X§=0.728 - cA2- 0.676 + cA12- 0.089 + cA-0.073 - cASR (4.2)
X$=0.577 * cA2+ 0.648 - CA12-0.422 + cA+0.263 * CASR  (4.3)

X4=-0.169 * cA2-0.275 * CA12- 0.065 - CA+0.944 - cASR  (4.4)

Principal components for spline parameter set:
X3=0.253 + cAza+0.214 * cA12+0.936 - cCA+0.117 - CASR  (4.5)
X5=0.922 + cAzs-0.150 - CA12- 0.247 * cA +0.257 - cASR (4.6)
X5=-0.064 * CAza+ 0.835 - CA12- 0.235 * CA +0.494 - CASR  (4.7)

X3=-0.285 * CAzs- 0.484 + cA12+0.085 * CA+0.823 - CASR  (4.8)
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TABLE 4.5 shows four datasets that gave the best correlation result in each regression analysis
methods conducted in this research study to display the relationship between psychological measures and
physiological parameters of diurnal heart rate rhythm. Results show that cosinor and spline parameters
from G2 dataset gave the highest results. Therefore, in the following sections, the regression result of this
specific dataset will be shown. This is the dataset where we removed weekend data to eliminate the effects
of extreme physical activities on mental health assessment.

TABLE 4.5 Datasets that gave the best result in each correlation analysis method.

Cosinor parameter datasets Spline parameter datasets
Applied methods
Gl G2 G3 G4 Gl G2 G3 G4
Regular single regression o o
Regular multiple regression (x2) [ ([
Regular multiple regression (x3) o ] o
PCA single regression ( o
PCA multiple regression (x2) o o [
PCA multiple regression (x3) [ ] o o o
Spearman regression ® {
Total Score (#@) 0 7 0 0 4 5 1 1
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4.3 Relationship between psychological measures

Fig. 4.1 shows the scatter diagrams of Frequency of Flow Experience and other psychological
measures. Positive psychological measures comprising Trait-Coping, Self-Image, Self-Awareness, and
Will for Meaningful Life showed significant positive correlations with Frequency of Flow Experience (p
< 0.05), while the only negative psychological measure; State-Trait Anxiety, showed a negative correlation

with Frequency of Flow Experience (p < 0.1).
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Figure 4.1 Regression analysis showing the relationship between Frequency of Flow Experience and
other psychological measures.
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Fig. 4.2 shows the scatter diagrams of Trait-Coping and other psychological measures. Positive
psychological measures comprising Frequency of Flow Experience, Self-Image, Self-Awareness, and Will
for Meaningful Life showed significant positive correlations with Trait-Coping (p < 0.05), while the only
negative psychological measure; State-Trait-Anxiety, showed a negative correlation with Trait-Coping (p
< 0.05).
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Figure 4.2 Regression analysis showing the relationship between Trait-Coping and other psychological
measures.
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Fig. 4.3 shows the scatter diagrams of Self-Image and other psychological measures. Positive
psychological measures comprising Frequency of Flow Experience, Trait-Coping, Self-Awareness, and
Will for Meaningful Life showed significant positive correlations with Self-Image (p < 0.05), while the
only negative psychological measure; State-Trait-Anxiety, showed a negative correlation with Self-Image
(p < 0.05).
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Figure 4.3 Regression analysis showing the relationship between Self-Image and other psychological
measures.
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Fig. 4.4 shows the scatter diagrams of Self-Awareness and other psychological measures. Positive
psychological measures comprising Frequency of Flow Experience, Trait-Coping, Self-Image, and Will
for Meaningful Life showed significant positive correlations with Self-Awareness (p < 0.05), while the
only negative psychological measure; State-Trait-Anxiety, showed a negative correlation with Self-
Awareness (p < 0.05).
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Figure 4.4 Regression analysis showing the relationship between Self-Awareness and other
psychological measures.
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Fig. 4.5 shows the scatter diagrams of Will for Meaningful Life and other psychological measures.
Positive psychological measures comprising Frequency of Flow Experience, Trait-Coping, Self-Image,
and Self-Awareness showed significant positive correlations with Will for Meaningful Life (p < 0.05),
while the only negative psychological measure; State-Trait-Anxiety, showed a negative correlation with
Will for Meaningful Life (p < 0.05).
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Figure 4.5 Regression analysis showing the relationship between Will for Meaningful Life and other
psychological measures.
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Fig. 4.6 shows the scatter diagrams of State-Trait Anxiety and other psychological measures. Positive
psychological measures comprising Frequency of Flow Experience, Trait-Coping, Self-Image, Self-
Awareness, and Will for Meaningful Life showed negative correlations with State-Trait Anxiety (0.001 <
p < 0.08).
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Figure 4.6 Regression analysis showing the relationship between State-Trait Anxiety and other
psychological measures.
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4.4 Relationship between physiological

parameters

Fig. 4.7 shows the scatter diagrams of cosinor-based physiological parameters of diurnal heart rate
rhythm. There are significant correlations among all cosinor-based parameters (p < 0.05). The highest
correlation result is seen between cA and cASR.
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Figure 4.7 Regression analysis showing the relationship between four double cosinor physiological
parameters of diurnal heart rate rhythm.
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Fig. 4.8 shows the scatter diagrams of spline-based physiological parameters of diurnal heart rate
rhythm. There are significant correlations among most of the spline-based parameters (p < 0.05). sA2s and
sA12 showed a trend of significant correlation (p < 0.1) The highest correlation result is seen between sA
and sA1.
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Figure 4.8 Regression analysis showing the relationship between four spline-smoothed physiological
parameters of diurnal heart rate rhythm.
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Figure 4.9 shows the scatter diagrams of cosinor-based and spline-based physiological parameters of
diurnal heart rate rhythm. There are significant correlations among all eight parameters (p < 0.05).
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Figure 4.9 Regression analysis showing the relationship between four double cosinor and four spline-
smoothed physiological parameters of diurnal heart rate rhythm.
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4.5 Relationship between psychological measures
and physiological parameters

Fig. 4.10 shows the scatter diagrams of psychological measures and cosinor-based physiological
parameters. The result shows a significant correlation (p < 0.05) of Frequency of Flow Experience, Trait-
Coping, a trend of significant correlation (p < 0.1) of Will for Meaningful Life, and no correlation (p >=
0.1) of Self-Image, Self-Awareness, and State-Trait Anxiety with single cosinor parameter. In this analysis,
Trait-Coping shows the highest correlation with cAza.
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Figure 4.10 Correlation between psychological measures and cosinor physiological parameters. Only
the cosinor parameters that give the highest R? are selected.
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Fig. 4.11 shows the scatter diagrams of State-Trait Anxiety and cosinor-based physiological
parameters. The result shows that State-Trait Anxiety is not only shows a negative correlation with other
psychological measures but also with physiological parameters of diurnal heart rate rhythm in single
regression analysis. In addition, there is no correlation of State-Trait Anxiety with cosinor parameters (p
<0.1).
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Figure 4.11 Correlation between State-Trait Anxiety and cosinor physiological parameters.
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Fig. 4.12 shows the scatter diagrams of psychological measures and cosinor-based physiological
parameters. The result shows a significant correlation (p < 0.05) of Frequency of Flow Experience, Trait-
Coping, a trend of significant correlation (p < 0.1) of Self-Image, Will for Meaningful Life, and no
correlation (p >= 0.1) of Self-Awareness, and State-Trait Anxiety with two cosinor parameters. In this
analysis, Trait-Coping shows the highest correlation with cAi> and cA.
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Figure 4.12 Correlation between psychological measures and cosinor physiological parameters. Only
the two cosinor parameters that give the highest R? are selected.
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Fig. 4.13 shows the scatter diagrams of psychological measures and cosinor-based physiological
parameters. The result shows a significant correlation (p < 0.05) of Frequency of Flow Experience, Trait-
Coping, Self-Image, a trend of significant correlation (p < 0.1) of Will for Meaningful Life, and no
correlation (p >= 0.1) of Self-Awareness, and State-Trait Anxiety with three cosinor parameters. In this
analysis, Trait-Coping shows the highest correlation with cA24, A2 and cA.
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Figure 4.13 Correlation between psychological measures and cosinor physiological parameters. Only
the three cosinor parameters that give the highest R? are selected.

79



Fig. 4.14 shows the scatter diagrams of psychological measures and spline-based physiological
parameters. The result shows a significant correlation (p < 0.05) of Frequency of Flow Experience, Trait-
Coping, Will for Meaningful Life, a trend of significant correlation (p < 0.1) of Self-Image, and no
correlation (p >= 0.1) of Self-Awareness, and State-Trait Anxiety with single spline parameter. In this
analysis, Trait-Coping shows the highest correlation with sA2a.
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Figure 4.14 Correlation between psychological measures and spline physiological parameters. Only the
spline parameters that give the highest R? are selected.
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Fig. 4.15 shows the scatter diagrams of State-Trait Anxiety and spline-based physiological parameters.
The result shows that State-Trait Anxiety is not only shows a negative correlation with other psychological
measures but also with physiological parameters of diurnal heart rate rhythm in single regression analysis.
In addition, there is no correlation of State-Trait Anxiety with cosinor parameters (p >=0.1).
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Figure 4.15 Correlation between State-Trait Anxiety and spline physiological parameters.
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Fig. 4.16 shows the scatter diagrams of psychological measures and spline-based physiological
parameters. The result shows a significant correlation (p < 0.05) of Frequency of Flow Experience, Trait-
Coping, and no correlation (p >=0.1) of Self-Image, Self-Awareness, Will for Meaningful Life, and State-
Trait Anxiety with two spline parameters. In this analysis, Frequency of Flow Experience shows the
highest correlation with sA24 and SASR.
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Fig. 4.16 Correlation between psychological measures and spline physiological parameters. Only the
two spline parameters that give the highest R? are selected.
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Fig. 4.17 shows the scatter diagrams of psychological measures and spline-based physiological
parameters. The result shows a significant correlation (p < 0.05) of Frequency of Flow Experience, a trend
of significant correlation (p < 0.1) of Trait-Coping, and no correlation (p >= 0.1) of Self-Image, Self-
Awareness, Will for Meaningful Life, and State-Trait Anxiety with two spline parameters. In this analysis,
Frequency of Flow Experience shows the highest correlation with sA24, SASR, and sA.
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Figure 4.17 Correlation between psychological measures and spline physiological parameters. Only the
three spline parameters that give the highest R? are selected.
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Fig. 4.18 shows the results of single PCA component regression for cosinor parameters. The result
shows a significant correlation (p < 0.05) of Frequency of Flow Experience, Trait-Coping, Self-Image, a
trend of significant correlation (p < 0.1) of Self-Awareness, Will for Meaningful Life, and no correlation
(p >=0.1) of State-Trait Anxiety with single cosinor PCA component. In this analysis, Self-Image shows
the highest correlation with the third principal component that has the elements of cA1. (see Eq. 4.3).
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Figure 4.18 Results of single principal component regression using cosinor-based parameters.
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Fig. 4.19 shows the results of two PCA component regression for cosinor parameters. The result shows
a significant correlation (p < 0.05) of Frequency of Flow Experience, Trait-Coping, Self-Image, Will for
Meaningful Life, a trend of significant correlation (p < 0.1) of Self-Awareness, and no correlation (p >=
0.1) of State-Trait Anxiety with two cosinor PCA components. In this analysis, Trait-Coping shows the
highest correlation with the first and the third principal components that have the elements of cA and cA1»
respectively (see Egs. 4.1 and 4.2).
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Figure 4.19 Results of two principal components regression using cosinor-based parameters.

85



Fig. 4.20 shows the results of three PCA component regression for cosinor parameters. The result
shows a significant correlation (p < 0.05) of Frequency of Flow Experience, Trait-Coping, Self-Image, a
trend of significant correlation (p < 0.1) of Will for Meaningful Life, and no correlation (p >= 0.1) of
Self-Awareness and State-Trait Anxiety with three cosinor PCA components. In this analysis, Trait-
Coping shows the highest correlation with the first, the second, and the third principal components that
have the elements of cA, cAz4, and cAzz respectively (see Egs. 4.1-4.3).
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Figure 4.20 Results of three principal component regression using cosinor-based parameters.
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Fig. 4.21 shows the results of single PCA component regression for spline parameters. The result shows
a significant correlation (p < 0.05) of Trait-Coping, Self-Image, a trend of significant correlation (p < 0.1)
of Frequency of Flow Experience, Self-Image, Will for Meaningful Life, and no correlation (p >=0.1) of
Self-Awareness, and State-Trait Anxiety with single spline PCA component. In this analysis, Trait-Coping
shows the highest correlation with the second principal component that has the elements of sA24 (see EQ.
4.6).
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Figure 4.21 Results of single principal component regression using spline-based parameters.
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Fig. 4.22 shows the results of two PCA component regression for spline parameters. The result shows
a significant correlation (p < 0.05) of Frequency of Flow Experience, Trait-Coping, Will for Meaningful
Life, and no correlation (p >= 0.1) of Self-Image, Self-Awareness, and State-Trait Anxiety with two spline
PCA components. In this analysis, Trait-Coping shows the highest correlation with the first and the
second principal components that have the elements of A and sAx4 respectively (see Egs. 4.5 and 4.6).
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Figure 4.22 Results of two principal component regression using spline-based parameters.
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Fig. 4.23 shows the results of three PCA component regression for spline parameters. The result shows
a significant correlation (p < 0.05) of Frequency of Flow Experience, a trend of significant correlation of
Trait-Coping, Will for Meaningful Life, and no correlation (p >= 0.1) of Self-Image, Self-Awareness, and
State-Trait Anxiety with three spline PCA components. In this analysis, Frequency of Flow Experience
shows the highest correlation with the first, the second, and the third principal components that have the
elements of sA and sAz4, and sAz2 respectively (see Eqgs. 4.5-4.7).
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Figure 4.23 Results of three principal component regression using spline-based parameters.
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During multiple regression analysis using all four physiological parameters, the correlation results were
either close or slightly larger than the correlation results of multiple regression analysis using three
parameters. This indicates that one physiological parameter is probably extra. Only a few datasets gave
increased correlation and improved significance level scores. Fig. 4.24 shows the scatter diagrams of some
psychological measures and four physiological parameters. Compared to multiple regression using two or
three parameters, the results are better. Trait-Coping showed the highest correlation in this analysis.
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Figure 4.24 Correlation between psychological measures and cosinor and spline-based physiological
parameters. Only the datasets that give the highest R? using all four physiological parameters are
selected.
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4.6 Result summary of all four datasets

TABLE 4.6 Results of regular single regression analysis using a double cosinor heart rate parameter (The
heart rate parameter in the brackets gave the maximum R? score).

Double cosinor-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4

0.3* 0.318* 0.305* 0.285*
[cAz]  [cAza]  [cA2a]  [CA2]

0.1} 0.337* 0.366* 0.375*
[cAa]  [cAazs]  [CA2a]  [CA]
0.0881 0.171f 0.1561 0.1864
[cA24] [cA] [CA24] [cA]
0.118+ 0.1f  0.058f 0.084f
[cA24] [cA] [cA24] [cA]
0.1631 0.225a 0.176F 0.21a
[cA2a]  [cA2] [CAas]  [cA]
0.1331 0.154% 0.1321 0.1367

[cA] [CA24] [cA] [cA]
(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and 7p>=0.1: no

correlation).

Frequency of Flow Experience
Trait-Coping
Self-Image
Self-Awareness
Will for Meaningful Life

State-Trait Anxiety

TABLE 4.6 notes:

1. In GI dataset, c4>4 was the most dominant physiological parameter.
In G2 dataset, c424 was the most dominant physiological parameter.
In G3 dataset, c424 was the most dominant physiological parameter.
In G4 dataset, c4 was the most dominant physiological parameter.

SANEE S AN

In this analysis, weekday G2 dataset generally gave better coefficient of determination (R?) and
level of significance (p) scores compared to other datasets.
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TABLE 4.7 Results of regular single regression analysis using a spline smoothed heart rate parameter
(The heart rate parameter in the brackets gave the maximum R? score).

Spline-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4

0.337* 0.313* 0.303* 0.286*
[sA24]  [sAz]  [SAu] [sA24]
0.276* 0.393* 0.367* 0.334*
[sA2]  [sAza]  [sAz] [sA24]
0.157F 0.214a 0.1557 0.217
[sA24] [sA] [sA24] [sA]
0.2+ 0123+  0.06f  0.103f
[sA2a]  [sASR]  [SASR] [SASR]
0.234F  0.25* 0.1767 0.192 4
[sA24]  [sAz]  [sAz] [sA2]
0.163+

State-Trait Anxiety [sA]

Frequency of Flow Experience
Trait-Coping
Self-Image
Self-Awareness
Will for Meaningful Life

0172t 0137+ 0191«
[SA24] [sA] [sA]

(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and ¥p>=0.1: no
correlation).

TABLE 4.7 notes:

In G1 dataset, s424 was the most dominant physiological parameter.

In G2 dataset, s424 was the most dominant physiological parameter.

In G3 dataset, s424 was the most dominant physiological parameter.

In G4 dataset, s424 was the most dominant physiological parameter.

In this analysis, G2 dataset generally gave better coefficient of determination (R*) and level of

o PE

significance (p) scores compared to other datasets.
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TABLE 4.8 Results of regular multiple regression analysis using two double cosinor heart rate parameters
(The heart rate parameters in the brackets gave the maximum R? score).

Double cosinor-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4
Frequency of Flow 0.432* 0.454* 0.453* 0.372*
Experience [cA12, cA] [CcAi2, cA] [CA24, CASR] [CA12, CA]
Trait-Coping 0.1087 0.536* 0.37* 0.474*
[cA12, CA]  [CAw2, CA]  [CA24, CA12]  [CA12, CA]
Self-Image 0.1537 0.314 0.394* 0.39*
[cA12, cCA] [cASR,cA] [cASR,cA] [CASR, cA]
0.1927 0.194+ 0.0637 0.155%
Self-Awareness [cAwz, cA]  [cAwz CA] [CAzs, CASR] [CASR, cA]
. . . 0.1897% 0.3514 0.178% 0.252%
Will for Meaningful Life o2 cA] [cASR. cA] [cAse, cAz]  [cArz, CA]
0.17+ 0.235% 0.1687 0.157+

State-Trait Anxiety [cA1z, CA]  [CA12, CA]  [CASR, cA] [CASR, CA]

(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and

Tp>=0.1: no correlation).

TABLE 4.8 notes:
1. Among all datasets, [cA412, c4] were the most dominant physiological parameters.
2. In this analysis, G2 dataset generally gave better coefficient of determination (R?) and level of
significance (p) scores compared to other datasets.
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TABLE 4.9 Results of regular multiple regression analysis using two spline smoothed heart rate
parameters (The heart rate parameters in the brackets gave the maximum R? score).

Spline-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4
Frequency of Flow 0.524* 0.468* 0.434* 0.372*
Experience [sA24, SA12]  [SA24, SASR]  [SA24, SASR]  [SA2s, SASR]
Trait-Copin 0.316 4 0.396* 0.374* 0.362*
PIng [sAas, SA]  [sAzs, SA]  [sAas, SASR]  [SAce, SASR]
0.1667 0.248+ 0.288+ 0.302 a
Self-Image
g [sAzs, SA12]  [SAiz, SA]  [SAz, SA] [sA12, SA]
0.18} 0.122% 0.1% 0.112%
Self-Awareness [sAos, SA1]  [SAos SASR]  [sA12, SA]  [SAas, SASR]
: . . 034 0.287 0.1817 0.1967
ful Lif
Will for Meaningful L e [SA24, SASR]  [SAz4, SA] [SA24, SA] [SA24, SASR]
i i 0.1875 0.27 0.1887 0.267
State-Trait Anxiety [sA12, SA] [SA24, SA] [sA12, sA] [sA12, sA]

(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and Tp>=0.1:

no correlation).

TABLE 4.9 notes:

1. Among all datasets, [sA424, sASR] were the most dominant physiological parameters.

2. In this analysis, G1 dataset generally gave better coefficient of determination (R?) and level of

significance (p) scores compared to other datasets.
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TABLE 4.10 Results of regular multiple regression analysis using three double cosinor heart rate
parameters (The heart rate parameters in the brackets gave the maximum R? score).

Double cosinor-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4
Frequency of Flow 0.4334 0.49* 0.458 & 0.488*
Experience [cA12, CASR, cA] [CA12, CASR, CA] [CA12, CASR, cA] [CA12, CASR, cA]
Trait-Copin 0.1167 0.68* 0.3887 0.496*
ping [CA24, CA12, CA]  [CA24, CA12, CA] [CA24, CA12, CA] [CA12, CASR, CA]
0.272} 0.52* 0.275% 0.4194
Self-lmage
[CA24, CA12, CA]  [CA24, CA12, CA] [CA12, CASR, CA] [CA24, CASR, CA]
0.2327 0.35% 0.068+ 0.1767
Self-Awareness [CAcs, CAz, CA]  [CAza, CA1z, CA]  [CAzs, CASR, CA] [CAzs, CASR, CA]
. . . 0.1927 0.44 0.255% 0.257+
Willfor Meaningful Life " ASR. CA] [cAss, CA1, CA]  [cAss, CAs2, CA] [cAuz, CASR, CAJ
0.372% 0.29% 0.171% 0.167

-Trait Anxi
State-Trait Anxiety [CAcs, CAz, CA]  [CAza, CA1z, CA] [CAiz, CASR, CA] [CAzs, CASR, CA]

*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and {p>=0.1:
P ghly sig p
no correlation).

TABLE 4.10 notes:
= Among all datasets, [cA424, cA12, cA] were the most dominant physiological parameters.
* In this analysis, G2 dataset generally gave better coefficient of determination (R?) and level of
significance (p) scores compared to other datasets.
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TABLE 4.11 Results of regular multiple regression analysis using three spline smoothed heart rate
parameters (The heart rate parameters in the brackets gave the maximum R? score).

Spline-based parameters

Dispositional maxR?
Psychological Gl G2 a3 G4
measures
Frequency of Flow 0.571* 0.475* 0.486* 0.404
Experience [SA24, SA12, SASR]  [SA24, SASR, SA] [SA24, SA12, SASR] [SA24, SA12, SASR]
: . 0.3567 0.414 0.382F 0.3627
T -
rait-Coping [sAas, SA12, SA]  [SAza, SA2, SA]  [SAzs, SArz, SASR] [SAza, SA12, SASR]
Self-Image 0.2} 0.2667 0.3267 0.307%
[SA24, SA12, SA]  [SA24, SA12, SA]  [SA12, SASR, sSA]  [SA12, SASR, sA]
0.203 0.124+ 0.174% 0.1287
Self-Awareness [sA2s, Az, SA]  [SAce, SASR, SA]  [sAtz, SASR, SA]  [SAcz, SASR, SA]
. . . 0.313} 0.374+ 0.1817 0.2067
Will for Meaningful Life [SA24, SA12, SASR]  [SA24, SA12, SA]  [SA24, SA12, SA]  [SA2s, SA12, SA]
0.2117% 0.2067 0.2527 0.28+

-Trait Anxi
State-Tralt ANXIEt — 1on ) SASR, SA]  [sAze, SASR, SA]  [5A1z, SASR, SA]  [Arz, SASR, SA]

(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and Tp>=0.1: no
correlation).

TABLE 4.11 notes:
1. Among all datasets, [sA412, SASR, s4A] were the most dominant physiological parameters.
2. In this analysis, two datasets, G1 and G2, gave good coefficient of determination (R?) and level of
significance (p) scores.
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TABLE 4.12 Results of Spearman regression analysis using a double cosinor heart rate parameter (The
heart rate parameter in the brackets gave the maximum R? score).

Double cosinor-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4

0.585*  0.387 0.3747 0.3627
[cAza]  [cAz]  [cAz] [CA2]
0.2741 0.503* 0.622* 0.542*
[CASR]  [cA2]  [cAz] [CA24]
0.294+ 0.373f 0455+  0.376+
[cAzs]  [CAz]  [CAz] [CA2]
0.383f 0.384+ 0.368f  0.334+
[cA2] [cA] [cA2] [CA2]
0.314 0454+ 037f  0.416+
[cASR] [cA] [cA] [cA]
-0.4201 -0.4584 -0.3821 -0.4484
[CASR]  [cA2] [CASR] [CA24]

(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and Tp>=0.1:
no correlation).

Frequency of Flow Experience
Trait-Coping
Self-lmage
Self-Awareness
Will for Meaningful Life

State-Trait Anxiety

TABLE 4.12 notes:

In G1 dataset, c424 and cASR were the most dominant physiological parameters.

In G2 dataset, c424 was the most dominant physiological parameter.

In G3 dataset, c424 was the most dominant physiological parameter.

In G4 dataset, cA424 was the most dominant physiological parameter.

In this analysis, G2 dataset generally gave better coefficient of determination (R*) and level of
significance (p) scores compared to other datasets.

AEEIE A
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TABLE 4.13 Results of Spearman regression analysis using a spline smoothed heart rate parameter (The
heart rate parameter in the brackets gave the maximum R? score).

Spline-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4

0.516* 0.35f  0.355f 0.297%
[sA2] [SA]  [sAas]  [sAz]
0.425+  0.588* 0.62*  0.545*
[SASR]  [SASR]  [sA24] [SA24]
0.34+ 0.3971 045+  0.381f
[SA24] [SASR]  [sA2] [SA24]
0.465+ 04217 0.36F 0.37

[sA24] [SASR]  [sA24] [sA24]

0.3461 0.455a 0.343f 0.332f

[SA24] [SASR]  [sA2]  [sAx]
-0.4474+ -0436+ -0.35317 -0.4227

[sA24]  [sA24]  [sAzs]  [sAx]
(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and Tp>=0.1:

no correlation).

Frequency of Flow Experience
Trait-Coping
Self-Image
Self-Awareness
Will for Meaningful Life

State-Trait Anxiety

TABLE 4.13 notes:

In G1 dataset, s424 was the most dominant physiological parameter.

In G2 dataset, s424 was the most dominant physiological parameter.

In G3 dataset, s424 was the most dominant physiological parameter.

In G4 dataset, s424 was the most dominant physiological parameter.

In this analysis, G1 dataset generally gave better coefficient of determination (R*) and level of
significance (p) scores compared to other datasets.

EEIS NS
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TABLE 4.14 Results of PCA single regression analysis using a double cosinor principal component (The
principal component in the brackets gave the maximum R? score).

Double cosinor-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4
0.255* 0.257* 0.231- 0.18a
[X5] (X1  [X3] [X3]
0.0961 0.307* 0.33* 0.363*
[X1] [X1] [X1] [X1]
0.125¢ 0.333*  0.15% 0.2a
[X%] [X5] [X1] [X£]
0.0861 0.2284  0.046F  0.098F
[X5] [Xs1 (X1l [X5]
0.15f 0.208« 0.151f 0.205
[X1] [X1] [Xf]  [X1]
0.213+~ 0.14% 0.132F 0.1367F
[X3] [X5] [X1] [X1]
(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and Tp>=0.1:
no correlation).

Frequency of Flow Experience
Trait-Coping
Self-Image
Self-Awareness
Will for Meaningful Life

State-Trait Anxiety

TABLE 4.14 notes:

In G1 dataset, X, X$, and X§ were the most dominant principal components.

In G2 dataset, X was the most dominant principal component.

In G3 dataset, X was the most dominant principal component.

In G4 dataset, X was the most dominant principal component.

In this analysis, G2 dataset generally gave better coefficient of determination (R*) and level of
significance (p) scores compared to other datasets.

a ks DN PE
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TABLE 4.15 Results of PCA single regression analysis using a spline smoothed principal component
(The principal component in the brackets gave the maximum R? score).

Spline-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4
Frequency of Flow Experience 0.31* 0204+ 0213+  0.168f
[X3] [X3] [X3] [X3]
Trait-Coping 0.2364 0.243* 0.234 0.2164
[X3] [X3] [X?] [X7]
0.114+ 0.224  0.167Ff 0.214a
Self-lmage
[X1] [X?] [X1] [X}]
0.078+ 0.067  0.124% 0.09+
Self-Awareness
[X3] [X?] [X3] [X3]
. : . 0.15f 0.213s+  0.09% 0.106+
Will for Meaningful Life
; K51 s & XS]
. . 0.17f  0.163f 0.157Ff 0.191s
State-Trait Anxiety
[X7] [X7] [X3] [X}]

(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and Tp>=0.1:
no correlation).

TABLE 4.15 notes:

In G1 dataset, X5 was the most dominant principal components.

In G2 dataset, X} and X5 were the most dominant principal components.
In G3 dataset, X; was the most dominant principal component.

In G4 dataset, X} was the most dominant principal component.

a ks DN PE

In this analysis, G2 dataset generally gave better coefficient of determination (R*) and level of
significance (p) scores compared to other datasets.
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Table 4.16 Results of PCA multiple regression analysis using two double cosinor principal
components (The principal components in the brackets gave the maximum R? score).

Double cosinor-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4
0.422* 0.451* 0.39* 0.3524
(X©, X3 [X© X351 [XT. X351 [XT, X%
0.1037 0.587* 0.363 4 0.57*
(X1, Xz1 [Xr.Xs] [X7.X7]  [Xr, X5]
0.188+ 0.494* 0.254+ 0.377*
[X©, X§1 [X©, X5] [Xr©, Xs]  [XT, X§]
0.1617 0.3224 0.0597 0.175%
(X©, X3 [X© XS] [X7, X351 [XT X5]
0.17+ 0.364* 0.2527 0.28+
(X©, Xs] [X©, Xs] [XT,X§] [XT, X5]
0.3454 0.241+ 0.177 0.155}
[X©, X§1 [Xr X5] [Xr, X5] X1, X§]
(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and Tp>=0.1:
no correlation).

Frequency of Flow Experience
Trait-Coping
Self-Image
Self-Awareness
Will for Meaningful Life

State-Trait Anxiety

TABLE 4.16 notes:

In G1 dataset, [X¢, X5] were the most dominant principal components.
In G2 dataset, [X{, XS] were the most dominant principal components.
In G3 dataset, [X{, X5] were the most dominant principal components.

In G4 dataset, [X{, XS] were the most dominant principal components.

o LN PE

In this analysis, G2 dataset generally gave better coefficient of determination (R*) and level of
significance (p) scores compared to other datasets.
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TABLE 4.17 Results of PCA multiple regression analysis using two spline smoothed principal
components (The principal components in the brackets gave the maximum R? score).

Spline-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4
0.483* 0.357* 0.39* 0.28+
(X3, X351 [X3,X3] [X3 X3] [X%,X3]
0.324 0.391*  0.375* 0.351*
[XP, X31 XD, X321 (XD X3] [X3, X3]
0.151% 0.246+%  0.2737 0.3034
[XP, X321 [X3,X3] (X7, X351 [X?, X3]
0.152F 0.105+  0.1621  0.167
(X3, X3] [XD, X321 (XD X3] [X3, X3
0.271% 0.361* 0.18+ 0.2
(X3, X321 [X3,X3] (X3, X3] [X?,X3]
0.19+ 0.195F 0.3+ 0.295.
(X2, X3] (X7, X5] [X3 X§] [X3, X3
(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and Tp>=0.1:
no correlation).

Frequency of Flow Experience
Trait-Coping
Self-lmage
Self-Awareness
Will for Meaningful Life

State-Trait Anxiety

TABLE 4.17 notes:

In G1 dataset, [X?, X5] and [X3, X3] were the most dominant principal components.

In G2 dataset, [X?, X5] were the most dominant principal components.

In G3 dataset, [X?, X3] were the most dominant principal components.

In G4 dataset, [X?, X5] were the most dominant principal components.

In this analysis, two datasets, G2, and G3 gave good coefficient of determination (R?) and level of
significance (p) scores.

RIS
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TABLE 4.18 Results of PCA multiple regression analysis using three double cosinor principal
components (The principal components in the brackets gave the maximum R? score).

Double cosinor-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4
Frequency of Flow Experience 0.428 « 0472 0.46% 0.47*
(XS, X5, X§1  [XE, X§ XS] [XE, XS, X§] [X€, XS, X§]
Trait-Coping 0.11+ 0.684* 0.38+ 0.601*
[XT, Xz, X§]  [XT, Xz, X5] [X7, X3, X5] [Xf, X3, X5]
Self-Image 0.237+ 0.534* 0.271% 0.49%
[Xf X3, Xg]  [Xr, Xz, X5] [Xf X5, Xg] [X1, X5, X{]
SelfAwareness 0.2351 0.347+ 0.07+ 0.2437
[XT, Xz, X§]  [XT, Xz, X5] [X7, X3, X351 [XT, X3, X§]
. . . 0.19% 0.42 4 0.271% 0.294+
Will for Meaningful Life XS, XC, XS] XS, XS, XS] [XS, XS, XE] [XE, XS, X€]
0.374+% 0.283+ 0.168+ 0.155%

State-Trait Anxiety

(X5, X§, X§)

(X5, X5, X5

[X$, X5, X5

(X5, X$, X§)

(*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and Tp>=0.1:

TABLE 4.18 notes:

no correlation).

In G1 dataset, [XE, X5, X$] were the most dominant principal components.
In G2 dataset, [X{, X5, X$]were the most dominant principal components.
In G3 dataset, [XE, X5, X$] were the most dominant principal components.
In G4 dataset, [XE, XS, X$] were the most dominant principal components.

o LN PE

In this analysis, G2 dataset generally gave better coefficient of determination (R*) and level of
significance (p) scores compared to other datasets.
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TABLE 4.19 Results of PCA multiple regression analysis using three spline smoothed principal
components (The principal components in the brackets gave the maximum R? score).

Spline-based parameters

Dispositional Psychological maxR?
measures Gl G2 G3 G4

Frequency of Flow Experience 0-554* 046+ 05% 0432
(X7, X3, X31  [X3, X3, X3] [XD, X3, X3] [X{, X3, X3]

Trait-Coping 0.366+ 0.397 + 0.39s 0.363+
(X7, X3, X51 [X3, X3, X3] [XD, X3, X3] [X{, X3, X§]

Self-Image 0.188+ 0.265% 0.317% 0.32+
(X7, X3, X3] [X7,X3,X3] [X7,X3,X3] [X3, X35, X3

0.196+ 0.126+ 0.184+ 0.17%
elf-Awareness X5, X5, XS] XS X5 XS] X5 X5, XS] XS, XS, X5)

Will for Meaningful Life 0.3617 0417+ 0.18f 0.203¢
(X7, X3, X321 [X5,X3,X5] [X7,X3,X3] [X3, X5, X3

0.2 0.201% 0.302% 0.302%

State-Trait Anxiety

[X?, X3, X5]

[X?, X3, X5]

(X3, X3, X§]

(X3, X5, X5

*p<=0.05: highly significant correlation, 4 p<0.1: a trend of significant correlation, and {p>=0.1: no
p ghly s1g p

TABLE 4.19 notes:

R

level of significance (p) scores.

correlation).
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In G4, [X5, X35, X3] were the most dominant principal components.

In G1 dataset, [X?, X5, X3] were the most dominant principal components.
In G2 dataset, [X?, X5, X3]were the most dominant principal components.
In G3 dataset, [X?, X5, X3] were the most dominant principal components.

In this analysis, three datasets, G1, G2, and G4 gave good coefficient of determination (R?) and



Chapter 5: Discussion

This study intended to show how the association between physiological parameters of heart rate
rhythm and various dispositional psychological measures could be useful in mental health assessment. To
obtain a general picture of the psychological attributes of 20 Japanese engineers as the participants of this
study, we first examined the frequency of Flow experiences and five other psychological measures in their
daily life activities by employing dispositional questionnaires. Finding physiological correlates with
psychological mental states is an emerging field of interest. Previous studies [21-24] have associated Flow
experience during a certain activity period with short-term physiological data observed during the period
of interest. We, however, explored a new research perspective to find long-term physiological parameters
associated with dispositional Flow and related psychological measures. We chose diurnal heart rate
rhythms that reflect the long-term nature of autonomic nervous activities.

The appropriateness of the psychological measures introduced in this research was also extensively
examined. In single regression analysis, Frequency of Flow Experience and four dispositional positive
psychological measures (Trait-Coping, Self-Image, Self-Awareness, and Will for Meaningful Life) showed
a significant positive correlation with heart rate rhythm parameters (p < 0.05). In addition, all positive
psychological measures showed a significant positive correlation with each other, and they were
negatively correlated with the only negative psychological measure in this study, known as State-Trait
Anxiety. These results confirm the positive nature of the Flow experience and other positive psychological
measures, validating the appropriateness of the questionnaires we utilized in this study.

For physiological parameters, double cosinor and spline-based parameter sets were introduced to
characterize the heart rate diurnal rhythm. For cosinor rhythm parameters, 24-hour and 12-hour heart rate
rhythm amplitudes cA24 and cAz2, and the diurnal heart rate range amplitude cA are traditional heart rate
rhythm parameters. In addition to these, an original cosinor parameter cASR unique to this research study
was introduced, which was defined as the maximum value of the derivative of the double cosinor
representation of diurnal heart rate change. This parameter represents the speed of switching from
parasympathetic to sympathetic nervous activity and is named the autonomic switching rate. An alternative
spline-based parameter set was introduced to capture a more detailed trend pattern of the heart rate diurnal
change. The double cosinor and spline-based parameters were divided into two groups and each parameter

had a physiological interpretation. The first parameter group included *Azs, *A12, and *A (*e{c,s}, c:

cosinor and s: spline) which reflect the sympathetic and parasympathetic dominant activity spans of different
rhythm cycles, and *ASR was interpreted as the sensitivity of these autonomic activity changes.

The results of the single regression analysis of original parameters showed that Ax4 gave the best R?
values for Frequency of Flow Experience as well as most of the psychological measures. In summary, these
results claim that the higher the Frequency of Flow Experience and other positive psychological measures,
the higher the amplitude of diurnal heart rate changes. Although the significance levels were not always
sufficiently high, the fact that all physiological parameters showed a consistent positive correlation with the
five positive psychological measures and a negative correlation with the negative measure of State-Trait-
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Anxiety is supportive of the validity of the claim. Typical examples of the heart rate diurnal changes in
participants with high and low Flow scores are shown in Fig. 5.1.
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Figure 5.1 Typical examples of diurnal heart rate changes in a patient each with of high (a) and low (b)
Flow scores.

PCA showed that the first principal component reflected the first parameter group especially *A. The
second principal component included the element of the second parameter group *Az4. The third and fourth
principal components included the elements of *A1> and *ASR, respectively, as the major contributing
factors. Frequency of Flow Experience, Trait-Coping, Self-Image, Self-Awareness, and Will for Meaningful
Life showed the highest R? values by the multiple regression analysis of two principal components. In
addition, Frequency of Flow Experience, Trait-Coping, Self-Image, and Will for Meaningful Life showed
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the highest corrected R? values by the multiple regression analysis using three principal components. The
analysis showed that some psychological measures were correlated well with our physiological parameters
of diurnal heart rate rhythm. It also highlighted that the multiple regression analysis of two principal
components would be sufficient. The significance of the result is also supported by the claim in previous
study that both Frequency of Flow Experience and Trait-Coping, also known as resilience contribute highly
to the healthy mental state of individuals [60]. It may also be worth pointing out that the Frequency of Flow
Experience depends more on the second component while both Self-Image and Self-Awareness depend more
on the third principal component. Furthermore, Trait-Coping and Will for Meaningful Life depend more on
the first component.

The research outcomes of this research study imply the importance of long-term monitoring of both
physiological and psychological indices for daily healthcare assessment. This is mainly because the loT
and the Internet of Medical Things combined with cloud-based services have become popular research
topics [61]. Moreover, the importance of wearable technologies has also been extensively recognized as
these devices can routinely acquire biomedical signals and transmit them to the cloud system, which can
then be used for different purposes such as long-term data storage or detailed data evaluation to provide
patients with appropriate treatment services [62].

It is important that individuals maintain a balance between their physical and mental states to achieve
full health. Hence, in clinical practice, long-term monitoring of physiological data also attracts attention
[63, 64]. A study compared the arrhythmia detection rate of continuous two-week ECG recordings by the
US Food and Drug Administration-approved adhesive sensor with conventional Holter recordings [45].
They found that the long-term recordings detected 57% more incident arrhythmia. Continuous glucose
monitoring with adhesive sensors is another example of an effective clinical tool [66]. Such long-term
recording sensors provide more opportunities for detecting clinical deficiencies. For this very reason, the
long-term monitoring of psycho-physiological indices is also essential in the field of healthcare for
assessing both physical and mental wellness.
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Since the association between different psychological measures evaluating mental wellness and
physiological parameters representing diurnal heart rate rhythm was revealed, this finding could envision
a ubiquitous healthcare system designed to provide a means for healthcare assessment combining both
mental and physical aspects of one’s wellness. In such a system, continuous physiological data are
recorded by 10T devices and psychological measures are assessed by a web questionnaire system at
appropriate times. Both data are integrated into the cloud data system for further analysis to be fed back
to the user. This also allows the professional healthcare providers to assess both the physical and mental
wellness of patients. Such a scheme is shown in Fig. 5.2.
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Figure 5.2 A scheme for a ubiquitous psychophysiological health assessment system.
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Psychological measures and physiological parameters of diurnal heart rate rhythm have strengths and
weaknesses in characterizing dispositional psychological characteristics. Psychological measures are
designed to evaluate specific psychological characteristics such as Self-Image and Trait-Coping but the
scores are subjective. Meanwhile, heart rate diurnal rhythm parameter values are objective but lack the
sensitivity to distinguish the specific nature of psychological characteristics. Hence the integration of
psychological measures and physiological parameters will be useful for a more definite characterization of
the dispositional psychological state, by complementing each other.
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Chapter 6: Conclusion

In conclusion, this research showed that Flow and Flow-related positive psychological measures may be
associated with heart rate diurnal rhythm parameters. Resilience was the psychological measure showing
the highest correlation with physiological parameters, according to the original single regression and PCA
multiple regression results. Finding other physiological correlates with dispositional psychological measures
will be an important forthcoming research direction. Long-term trend analysis of conventional short-term
HRYV parameters that characterize autonomic nervous activity could be one of the alternative candidates.
Developing 10T devices for continuous monitoring of such long-term physiological data could provide
important means for realizing an integrated physiological and psychological healthcare monitoring system.
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Appendix and supplementary materials
A. English version of questionnaires

I: Frequency of Flow Experience

Question A. Have you ever experienced not noticing something (e.g., another person speaking, loud
sounds, time passing, hunger or fatigue, promises, or physical discomfort or distress) because you are
deeply concentrating, your attention is focused, or you are day-dreaming about what you are doing?

Question B. Have you ever experienced the feeling that you were born with the skills and abilities you
have mastered, that everything is going naturally without much effort at all, and you are confident about
any new challenges (difficult or challenging activities)?

Question C. Do you do activities that you feel are worth doing? In other words, activities through which
benefits can be gained (e.g., financial rewards or technology and capability improvements)? Have you
ever had an experience that made you think that you would do such an activity even if no one praised you
for it (i.e., doing it for pleasure)?

Question D. Have you ever experienced a unique and unforgettable moment that changed your way of
seeing or thinking about life (or yourself) and that made you feel very lucky and grateful for it?

1. Several times per year, 2. Once a month, 3. Several times per month, 4. Once a week, 5. Several times
a week, 6. Once a day, and 7. Several times per day. If there is no experience, the score is O.

I1: The Self-Image Scale is a measure of how well you feel you are valued, and it evaluates the degree to
which the following 10 questions apply to you on a 5-point scale (1 = not applicable, 2 = slightly not
applicable, 3 = cannot say, 4 = somewhat applicable, and 5 = applicable).

1. 1 am a human being of value, as least as much as others.

2. | have a variety of good qualities.

3. | often think of myself as a loser. (Reversed Item)

4. | can do things as well as others.

5. I don’t have much to boast about. (Reversed Item)

6. 1 am positive about myself.

7. Most of the time, | am satisfied with myself.

8. I want to be able to respect myself more. (Reversed Item)

9. Sometimes I think of myself as a completely useless person. (Reversed Item)
10. In some ways, | think | am a person who is not useful. (Reversed Item)
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The intensity of Self-Image will be assessed by the relative value of the total score of 5-point ratings of
each item or a total score of 50 points on a full score of 1. However, the reversed item scores should be
calculated by reversing the scores (1 to5 ... 5to 1).

I11: State-Trait Anxiety Scale is a measure of the degree to which anxiety is perceived and uses 4-point
self-ratings (1 = not at all, 2 = somewhat so, 3 = almost so, and 4 = quite so) for the following 20 questions.

Questions

The sentences describing the state of mind are as follows. For each sentence, gauge the extent of the
condition (in your mind) and enclose the corresponding number in a circle. You don’t have to think too
much about it, but rather try to mark an answer based what best describes your current feelings.

1. It’s fun. (Reversed Item)
. | get tired easily.
. | feel like crying.
. I wish | were as happy as other people.

. I can’t make up my mind right away and it’s easy to get lost.

2

3

4

5

6. | feel relaxed. (Reversed Item)

7. 1 am calm and collected. (Reversed Item)

8. Difficulties can be overwhelming.

9. It really doesn’t matter, and worrying does not help.
10. I am happy. (Reversed Item)

11. I tend to make things difficult.

12. 1 lack confidence.

13. I am relieved. (Reversed Item)

14. | try to avoid troublesome things.

15. | am depressed.

16. | am satisfied. (Reversed Item)

17. I don’t worry about the little things.

18. When | am severely disgusted, it is not possible for me to switch moods.
19. Things don’t move me. (Reversed Item)

20. | get very nervous and confused when | think about familiar (worrisome) problems.

The intensity of anxious feelings will be assessed by the relative value of the total score or a total score of
80 points. However, the reversed items are summed by reversing the scores (1=4 ... 4=1).
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IV: Will for Meaningful Life Scale (motivation) gauges motivation and quantifies how much you feel a
sense of purpose of life. The total score (or relative value) of the first nine items is used as the sense of
purpose in life (motivation) score. Item 10 gauges the sense of fulfillment in one item.

Questions

Please read the following items and answer by choosing from four options the one that applies to you. 1:
No; 2: Maybe, 3: Yes, and 4: Very much so.

1. I have hopes for the future.

2. | have great expectations for my life.

3. I am motivated to do things.

4. | have a purpose and have something | want to accomplish.

5. I am thinking of working actively on everything.

6. 1 am doing something worthwhile right now.

7. 1 am crazy about doing what I like.

8. I think I am currently living by exercising my abilities to the fullest.
9. | often engage in my hobbies and things I like.

10. My daily life is fulfilling.

V: Self-Awareness is a measure of how well you recognize your potential to perform the necessary actions
while doing an activity.

Questions

Please answer in terms of the following five options how much the following sentences (1-23) apply to
you: 1: I don’t think so, 2: I don’t think much so 2, 3: I can’t say either, 4: Possibly so, 5: I think so.

. I am confident that my plan will work.

. Sometimes it is difficult to get started on doing things that | have to do. (Reversed Item)
. Even if I don’t do the job well at first, I’ll continue trying until I can do it.

. I’'m not good at making new friends. (Reversed Item)

1
2
3
4
5. 1 am seldom successful even if | set important goals. (Reversed Item)
6. | give up even before I finish something. (Reversed Item)

7. If I see someone I want to meet, I don’t wait for the person to come over to me, I go to that person.
8. I avoid encountering difficulties. (Reversed Item)

9.1 don’t want to do something that looks very confusing. (Reversed Item)

10. Even if | there is someone | want to be friends with, if | think it will be hard, I quit immediately.
(Reversed Item)

11. Even when | do something that is not interesting, | persevere until the end.
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12. If I want to do something, | start it right away.
13. Even if | decide to start a new thing, | give up as soon as | stumble. (Reversed Item)

14. Even if | don’t feel like becoming friends with a person at first, I don’t give up immediately and try to
become friends.

15. When an unexpected problem occurs, I cannot handle it properly. (Reversed Item)

16. I don’t think I’ll learn anything new that seems difficult. (Reversed Item)

17. If I fail, I will try harder.

18. In a gathering of people, it is not possible for me to behave well. (Reversed Item)

19. When | try to do something, I get anxious about whether I can do it. (Reversed Item)

20. I don’t depend on people.

21. I am good at making friends by myself.

22. | give up immediately. (Reversed Item)

23. I don’t think that many of the problems that arise in life can be dealt with. (Reversed Item)

A total score of 23 (or the relative value with the highest score set as 1) is used as the Characteristic Self-
efficacy score.

VI Trait-Coping is a measure of the mental strength to recover quickly when things go wrong.
Questions

Please answer the following questions (1 to 21) choosing from the following five options in terms of how
much they apply to yourself: 1: not applicable, 2: somewhat applicable, 3: cannot say, 4: somewhat true,
and 5: true.

1. I can’t stand difficult things. (Reversed Item)

N

. I like to try various things.
. I can control my feelings.
. ’'m sure there’s something good in my future.

. I like new and unusual things.

3
4
5
6. Even if I am upset, | can calm myself down.
7. The prospects of the future seem to be bright.
8. My behavior is likely to be influenced by my mood on that day. (Reversed Item)
9. My interest in things is strong.

10. I always try to stay calm.

11. I want to know many things.

12. I think 1 am tired of it. (Reversed Item)
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13. I have hope for my future.

14. 1 think that life is worthwhile, even if it is difficult.

15. I think 1 am a persistent person.

16. I don’t like doing things that I can’t get used to. (Reversed Item)

17. 1 have a goal for the future.

18. It’s hard to start doing new things. (Reversed Item)

19. I can’t change my mood easily. (Reversed Item)

20. I am working toward my goals.

21. Feeling angry makes it impossible for me to restrain myself. (Reversed Item)

Mental coping is measured by the following three subscales and their overall scores: Interpretation degree
(1) Novelty seeking: 2, 5, 9, 11, 14, 16, 18. Interpretation degree (2) Emotion adjustment: 1, 3, 6, 8, 10,
12, 15, 19, 21. Interpretation degree (3) Positive future orientation: 4, 7, 13, 17, 20 or higher total score
(1) + (2) + (3) as a measure of mental resilience.
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B. Japanese version of questionnaires
IR ORBICET 27— 1
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(1) % A (EH LMoz DT TSN
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(720N EEX T HIEBIZHA TS ZE N,
(2) EDXIRIEBTROMEIZZOL D el a LE97202 BERICEHE N TIZ S0,
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B. INETICHGL CEHINVEIINEL TEENLRR LI HDLS TWVDEND L HITEL
HIv, TRTOZENARIC, oL BNENLTELE LRWIREETH#ER, /-, EAZRBILY
Fr Ly (#LL<, PEkMREE) I LCHLAEBICHMbLSNIIREIZRD Ko7, TA
IR AT D ENHY FT?
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(KD_—1H5E<)
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HTITES 2 a1 2 3 4 5 = HTIEES
5. HZIEL, HETELLZADRHE vy,

HTIXE LW < 1 2 3 4 5 o bHTIELED
6. BRI L THENTH S,

HTITES 2 a1 2 3 4 5 = HTIEED
7. REKIZBWT, BoZmE L TWD,

HTIXE LW < 1 2 3 4 5 o bHTILED
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BLEHI TR = 1 2 3 4 = 2L EITHD
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2L EH TR = 1 2 3 4 = ELEHITHD
6. o= LGB TH D,

2LEHI TR e 1 2 3 4 = L EITHD
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15. B TdHD,

2L EH TR <= 1 2 3 4 = 2 EITHD
16. WaElLTWnD,

2L ZFH TR < 1 2 3 4 = ELEITHD
17. SZ3WAaZEIZEWDT S,

2 EHTRY < 1 2 3 4 = ELEITHD
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2L EH TR = 1 2 3 4 = ELEHITHD
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ZIoBbhn e 1 2 3 4 5 = X2/

13. L2 &ZIFILDEH EROTEH, HELTOEFT LI SITHEHHTLED,
ZHoBEbv e 1 2 3 4 5 = 589

14, mONFIAGEIZRDKDPLEVATSH, T<IZHETOLDRWTHREIZRAS I LT 5,
ZIHoBbhn e 1 2 3 4 5 = X2/

15. HOBRTRWEBENEZ 72, ZhE ) EABLTE 0,

ZHoBEbv e 1 2 3 4 5 = 589

16. #LZORZ LIE F2ITHFE D LITEDR,

ZHRbhn e 1 2 3 4 5 = 29289
17, KT E—AEBOGLALY LR,
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18. NODEFVOFTIE, 5 EIRIEZ 20,
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2 0. NZTHELRWTE,

Z o Bbirn < 1 2 3 4 5 o o9
2 1. FNIBE RO IEZEDL DRI 1,

9 b < 1 2 3 4 5 = o
22. ICIZHELHTLED,

9 b < 1 2 3 4 5 = o
23. NAETEZHIMEOL TN TE D LITE X220,

Z o Bbirn < 1 2 3 4 5 o o295
(D= HE< )

VI, XROERIEH (1 ~21) 28, DAR7-HEBICEOEREDTIEIE02EH2TL I v, [
ZHix. UTO5 00 RB AR, dRZICHhTUIFTEELEEI5FFICox 2 TLZI 0,

1=®HTlEEoRWn 2=500L0n) EHTITELARWN I=EbhHe

bR

128
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1. Db WHERFELH 5 LTiT 2 b iL7n
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HTIFE oW a1 2 3 4 5 o HTIEE 3
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16. BN WZ T 52DIEHZ TRV,
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1 9. JHnffans 5 £ TE R WIT D 72,
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T, HORE S TN E LT,

130



C. Application developed by this study
C.1 Downloading Fitbit data

1. Make sure you are logged out from both sites https:/fitbit.com and
https://dev.fitbit.com/

Inspire HR
2 BREaET

2. Open the Fitbit Downloader program via Python command and enter the log in information
(email, client ID, client secret). Then log in.

| >> python GUI_Fitbit_Downloader.py

Welcome to Fitbit Downloader

Login to get your Fitbit data

Emadl
Usaer I

Scret Key

Login 15 Remember me?
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3. You will be asked to login and approve the permission (only on the first login) at your
web browser

= fitbit

LogIn

E Continue with Google
EMAIL
F

(] Keep me logged in Forgot password?

. fitbit

Hosei University I &% Flow application (&. Fitbit 747>
VROUTOTF—7IENT 2 PO RAEEZAH HEEEZRHT
WEJ,

IRTCHFAT S

BATE GPS

- ;)

*E 0
FITAETABLVITIVYHAX
7074—-) @

Fitoit D F/\1 & & V'ERE
RERRIRAE

VA%

BmELVOKSDREER @

S med

ZDT—9 D—E UM LARVWEEICIE Flow application (3387 £ & b (CHEAE
URWITEEEAB D ET, TnSD/N—Iyyay T2 IDWTHLLAS

Flow application B89 %7 —% &, Hosei University ® 754/ —iRU >
= BRI HARY ICLHBEIShZ T, Fitbit ZAV Y R/E T WO THID
BAREMD BT T ENTEET,
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4. If succeed you will see this message

Get token successfully! You are now authorized to access the Fitbit data!

Close this window and get back to Fitbit Downloader to get the data.

5. Now, just download or show the data of the date you want

Welcome to Fitbit Downloader Logout

& Save data in a period

MIN Heart: 48 bpm ) 1
Enter a period to save data (YYYY-MM-DD) )

MAX Heart: 109 bpm Show Data jave Data

Save from 2021-05-24 to | 2021-05-30| Save Data Period
Avg. Heart: 69 bpm

Save data

Heart Rate Data on 2021-05-31

You can check the remaining requests at the command prompt

[31/May/2021:20:34:13] ENGINE Waiting for child threads to terminate...
Request remaining: 150

Request limit reset in 1534 seconds

Saved data on date 2021-05-24

Saved data on date 2021-05-25

Saved data on date 2021-05-26
Saved data on date 2021-05-27
Saved data on date 2021-05-28
Saved data on date 2021-05-29
Saved data on date 2021-05-30

6. To switch and download another account, click the logout button on the Fibit Downloader

I Logout |

Enter a date
(YYYY-MM-DD)
Show Data jave Data

Save Data Period
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C.2 Guidelines

This is a guideline to get your own Fitbit data via FitbitDownloader tool. The FitbitDownloader tool was
written by Python. In this guideline, we assume that you’re already sync your Fitbit data with your Phone.

Requirements

1. Installing Python and related packages

Please download Anaconda 3 with Python 3.8 version. Please select the correct version of your OS. It’s
recommended to download the T4-bit version. This tutorial is on Windows T4-bit OS.

Link: https://www.anaconda.com/products/individual

If you already have Python installed, you DO NOT need to download Anaconda. If you want to use
Anaconda, please uninstall Python on your PC before installing Anaconda.

Windows 58 MacOS & Linux &

64-Bit Graphical Installer (477 MB) 64-Bit Graphical Installer (440 MB) 64-Bit (x86) Installer (544 MB)

32-Bit Graphical Installer (409 MB) 64-Bit Command Line Installer (433 MB) 64-Bit (Power8 and Power9) Installer (285
MB)

64-Bit (AWS Graviton2 / ARM64) Installer
(413 M)

64-bit (Linux on IBM Z & LinuxONE) Installer
(292 M)

For Windows users, please make sure that you select the: “Add Anaconda to my PATH
environment variable” and “Register Anaconda as my default Python” when installing
Anaconda (see below)

Advanced Installation Options

'J ANACONDA Customize how Anaconda intearates with Windows

Advanced Options

Add Anaconda to my PATH environment variable

Mot recommended. Instead, open Anaconda with the Windows Start
menu and select “Anaconda (54-bit)". This "add to PATH" option makes
Anaconda get found before previously installed software, but may
cause problems requiring you to uninstall and reinstall Anaconda.

Register Anaconda as my default Python 3.7

This will allow other programs, such as Python Tools for Visual Studio
PyCharm, Wing IDE, PyDev, and MSI binary packages, to automatically
detect Anaconda as the primary Python 3.7 on the system.
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2. After installing Anaconda, install the following packages for Python

a) CherryPy - http://cherrypy.org/
Please run Command Prompt (Windows + R [J cmd) and enter the following commands.

For conda users:

| >> conda install cherrypy

If you don’t have Anaconda, use this

| >> pip install cherrypy

B CAWINDOWS\system32\cmd.exe - conda install cherrypy - o %

ronmeht: done

:\Users\huuguan\Anaconda2

Proceed ([y]/n)? y

b) Requests Oauthlib - https://github.com/requests/requests-oauthlib Warning: You must
install the requests_oauthlib version 1.0.0. Using other versions will cause unknown errors.
Enter this command to Command Prompt
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| >> pip install requests requests_oauthlib==1.0.0

’ B C\WINDOWS\system32\cmd.exe - =] X

an\anaconda
files.p n - : k /94/ 508d122992e1
requests_oauthl 1.
det<3.1. .0. \huuguan\anaconda2\lib\site-p
satisfi
satisfied:

ges (fro

https .pythonhosted.org/ fea3 9b97d dd62d1322adef4a72
al79/oauthlib-2.1.08-py2.py3-
100% |s#sssasaasasassasasaasasasaasasg| 122k

3. Using the FitbitDownloader

To download your Fitbit data, you first login with your registered Fitbit account in:
https://dev.fitbit.com/login

Next, please click “Register an app” or visit this link: https://dev.fitbit.com/apps/new to create your
new application.
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Register an application

Application Name *

My Application

Description *

This is my application for monitoring my heaith

Application Website ~

http://www.hosei.ac. jp/

Organization *

Hosei University

Organization Website *

http:/www.hosei ac . jp/

Terms Of Service Url *

http://www.hosei ac jp/

Privacy Policy Url *

http://www.hosei ac.jp/

OAuth 2.0 Application Type ™

! Server © Client ® Personal o

Callback URL *
http://127.0.0.1:8080/

Default Access Type *
® Read & Write @ Read-Only @

Add a subscriber

¥ | have read and agree to the tenms of service

Register Cancel
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- Application name: Just enter a name for your app

- Description: Describing your Fitbit app. For example, “This is my application for....”

- Application Website: In this case, please use: https:///www.hosei.ac.jp

- Organization: Enter your organization’s name. Such as: “Hosei University”

- Organization Website, Terms of Service URL, Privacy Policy URL: In this case, we use:
https:///www.hosei.ac.jp

- OAuth 2.0 Application Type: This is the way how you authenticate Fitbit server.
In this case, we choose “Personal”

- Callback URL: Fithit server uses port 8080 to connect with their clients. So, please enter:
http://127.0.0.1:8080/ as a callback URL. Warning: DO NOT USE https

- Default Access Type: Since our modified Fitbit API uses “Read & Write” as an access type, please
choose “Read & Write” in Default Access Type option.

Click “Register” to finish registration. After that, your app info will be shown in Fitbit website.

Applications | registered Register a new app

ﬁpplication My Application

my application for monitoring my heaith

Edit Application Settings Delete Application
Reset Client Secret Revoke Client Access Tokens

OAuth 2.0 Client ID

2203C6

Client Secret
faf2bf94bce712a8b27135407e3d1349

Callback URL
ht

OAuth 2.0: Authorization URI

htips://www._fitbit. com/oauth2/authorize

OAuth 2.0: Access/Refresh Token Request URI

htips://api fitbit. com/oauth2/token

OAuth 2.0 tutorial page

View all applications

Two important pieces of information are OAuth 2.0 Client ID and Client Secret. You can see there are 2
new pieces of information: OAuth 2.0 Client ID and Client Secret. This information helps you to access
your Fitbit data via the API.
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4. Login to the FitbitDownloader

Before logging in, you must synchronize your data with your phone. Once you got the OAuth 2.0
Client ID and Client Secret, click the path of FitbitDownloader folder and type “cmd” to open
Command Prompt

< | Fitbit Downloader

I Home Share View

¢ | emd|

Name
luick access

Desktop fitbit
B fithit_console
Diawploads a Fitbit_Downloader B
Documents b4 hosei KB
Rictsicac | mytokens - Copy.key 1 KB
E OAuth2Server 3 KB
sder | tokens.key

Type this command and hit Enter:

| >> python GUI_Fitbit_Downloader.py

in command line and hit Enter.

Bl C:\Windows\System32\cmd.exe

E:\Working\Fitbit Downloader wl.4>python GUI_Fitbit Downloader.py

Enter the command to open FithitDownloader.

You need to enter the information for the following panel:

Welcome to Fitbit Downloader
Login to get your Fitbit data

Email
User ID

Scret Key

Login =
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If this is your first time to log in, a message said “Your token has been expired, please login to continue”
will be shown with a Fitbit login website after you click OK button. You need to login your account again
via that website.

Log in

After logging in, click Allow button and you will see the result message: “Get token successfully! You
are now authorized to access the Fitbit data! Close this window and get back to FitbitDownloader
to get the data.”. When you see this, you’ve finished connecting between the API and your Fitbit data.
The following allows the application to access your data.

- fitbit

My new IoT app by Hosei University would like the ability to
access and write the following data in your Fitbit account

Warning! This app is not using HTTPS to securely obtain your
permission

sleep

Fitbit devices and settings
food and water logs @
activity and exercise
friends @

heart rate

profile @

weight @

location and GPS

VAR NS

Data shared with My new loT app will be governed by Hosei University's privacy
policy and terms of service. You can revoke this consent at any fime in your Fitbit
account settings. More information about these permissions can be found here
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Back to the FitbitDownloader, you will see a graph of your heart rate data in the current day.

Welcome to Fitbit Downloader S
Steps: 12464 MIN Heart: 55 bpm Eneradate[ |
(YYYY-MM-DD)
Distance: 8.74 km MAX Heart: 164 bpm Show Data | | SaveData
Calories: 3113 cals Avg. Heart: 81 bpm Save Balakency

Heart Rate Data on 2019-01-29

160 4

140 A

120 4

100 A

80 A

60

23:00 02:00 05:00 08:00 11:00 14:00 17:00 20:00 23:00

a €[> +Q)=]

Also, when you check your desktop, you will see a new folder called “Fitbit Data” with your email
address. Your Fitbit data is stored in that folder when you download it.

| 4 + | Fitbit Data

Home Share View

=+ [ I & Cut ‘ X ¥

7 = a - A
Wi Copy path ’

Pin to Quick Capy Paste . " Move Zapy Delete Renam
access d rFaste shortcut to to -
Clinbogard QOrganize
- v N > Fitbit Data
-~
Name

3 Quick access
¥ Desktop g
4 Downloads 4

huuquan19%4@gmail.com

\7_31 7
|=| Decuments o

[&] Pictures g

5. Main functions of the FitbitDownloader

The FitbitDownloader has several main functions. Show data of a day, save data from a day, and save
data from a period (maximum 30 days), track your remaining requests (beta). All the above functions
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require you to enter a day string first. The day string will follow this format: “yyyy-mm-dd”, for example:
“2019-01-29".

- Show Data: This button will show your data in a specific day. That information to be shown are the
graph of heart rate, distance, calories, walking steps.

- Save Data: This button will help you get your Fitbit data into the folder in your desktop. The data
to be saved are Calories, Distances, Heart Rate, Sleep, Steps in the CSV format.

-~
Mame Drate modified

Calories_1Min_2019-01-29 1
CaloriesSummany_2019-01-29 1
Distances_1Min_2019-01-29 1
DistancesSummany_2019-01-29 1
HeartRate_1Min_2019-01-29 1
1
1
1
1
1

Uobh o LhoLnoLhoLn
o o o G0 o o

HeartRate_15ec_2019%-01-29
Sleeplogs_2019-01-29
SleepSummany_2019-01-29
Steps_1Min_2019-01-29
StepsSummany_2019-01-29

F29/2079 11:58 PM

- Save Data Period: Download your data in a custom period with the “Save Data Period” button.
You only can enter a period within 30.
For example, saving data from 2018-06-20 to 2018-08-20 is not allowed since it has so many days.
All the tracking logs can be viewed in the Command Prompt

Welcome to Fitbit Downloader Legesa
MIN Heart: 54 bpm Enter a date’2018.08.06
(YYYY-MM-DD = o S
MAX Heart: 116 bpm e vglala
Avg. Heart: 72 bpm
Save data in a period - *

Heart Rate Da Enter a period to save data (YYYY-MM-DD)

Save from |2018-08-01 to 2018-08-08

MNLUJ . 4 NLI I
You have 1

You have 150 request
Saved data on date
Saved data on date
Saved data on date

Saved data on date
Saved data on date
Saved data on dat
Saved data on dat
Saved data on dat
You have 111 requests 1
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- Tracking your remaining requests (beta): You can make 150 API requests (download or show
your Fitbit data) per hour. The remaining requests can be seen while running the program via the
Command Prompt. Request limit reset in 2,87T seconds means your requests will be reset to 150
after 2,87T seconds. If you exceed over 150 requests, a “TooManyRequest” exception will show up
and let you know how long you will be able to access your data again.

B C:\Windows\System32\cmd.exe - python Fitbit Downloader.py - B X

NHGATA UNIVERSITY

. Too many requests!
Please try again after 40 minutes!

ﬁfr:'%d:-%-“' 2

This example, you need to wait approximately 40 minutes until the next login.
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6. Troubleshooting
Make sure the port 8080 is free on your PC. You will see this error: “Python.exe has stopped working”
or “Port 8080 not free on 127.0.0.1 if the port 8080 is being used by another applications.

L python.exe =
ﬁ':" python.exe has stopped working
Windows can check online for a solution to the problem.

9 Check online for a solution and close the program

% Close the program

(C‘) View problem details

= CAWindows\system32\cmd.exe & Azl u
e in start
serfAdapter.startiself>
N\lib\site-packages\cherrypy\proc ruers.pyl

178, in start
ait_for free port{xself.bind addr
N1i

ile ib e—packages\cherrypy\process\servers .py|
". line 439, in wait for_free_port

I0Error<'Port 7%r not free on xr' % C(port, host>>
I OEx: : Port 80888 not free on *127.8.8.

[BS/H&J/ZBl? 6 511 ENGINE S]luttlng down due to error in start listener:
call 1. H
\lib\site—packages\cherrypy\process\usphus .py"|

slib\site-packages\cherrypy\process\usphus.py"|

ror<("Port 8A88 not free on ’127.8.8.1°".>

LGS/ TAY/ 201 1T ENGINE BUS STUPPING

[BB/Hay/ZBi? 5 11 ENGINE HTTP Server cherrypy. cpwsgi erver.CPUSGIServerd<
1’ already shut doun

[BS/HAy/ZBl? ENGINE Stopped thread ’Autoreloader

188/ May, 201 ENGINE

’_TimeoutMonitor’ .

ENGINE Bus

1
1
1
1
11
PyEval_RestoreThread: NULL tstate

JFatal Python error

his application has requested Runtime to terminate it in an unusual way.
[Plcase contact the application’s support team for more information.

This means you can’t use port 8080 to get data from Fitbit server. You only can access Fitbit data via port
8080, if it’s not free, the FitbitDownloader will stop working. To check if some programs are using port
8080 in your PC, open Command Prompt and enter this command:

| >> netstat -ano | findstr 8080 |

This command will search all process that are using (Listening) the port 8080 in your PC.

oo C\Windows\system32\cmd.exe = =

i )netﬂtat —ano | findstr 8880
38 9.0.0.8:8 LISTENING
T1RAE_WHI1
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT
TIME_WAIT

PSSR IR@E M

.8
.8
.8
.8
.8
.8
.8
.8
.8
.8
.8
.8
.a
.8
.8
.8
.8
.a
.8
.8
.8
.8
.a
.8
G



We only care about the process that listed with “LISTENING” status. In this example, that process has ID
IS 2896. Next step, open Task Manager and go to tab “Details”. Look at PID column, you will find one
process has the ID of 2896. Right-click on that and click “End task”, the problem will be resolved.

I Task Manager ==
“File Options View - ]
|| Processes | Performance ] App history '[ Startup ] Users | Details Services |
| Name 2 PID Status CPU Memory (p... Description A
@ApplicationWebServ... 2896 Running 00 1,748 K Application Web Server Daemon ]

L} 8 700 RUFMITY U BOUR . WINUOW: AUTI0 DevICE Graph rsoration

[ csrss.exe 372 Running 00 792K  Client Server Runtime Process

[ csrss.exe 432 Running 00 728K  Client Server Runtime Process

[ dasHost.exe 3856 Running 00 1,888 K Device Association Framework Provider..,

[ dllhost.exe 2384 Running 00 424K COM Surrogate

577 dwm.exe 728 Running 01 15,604 K Desktop Window Manager

- explorer.exe 1448 Running 00 18,204 K Windows Explorer

i Task Manager S

File Options View

| Processes I Performance , App history i Startup E Users | Details | Services

=

Name PID Status CPU Memory (p... Description A
I@ApplicationWebServ... 2896 Running jcation Web Server Daemon
[F7 audiodg.exe 700 Running End task ws Audio Device Graph Isolation
[ csrss.exe 372 Running End process tree t Server Runtime Process
@ Csrss.exe 432 Runnfng &2 ity y Server _Ru_ntime Process A
(7] dasHost.exe 3856 Running o e Association Framework Provider..,
[ dllhost.exe 2384 Running Set affinity Surrogate
| [ dwm.exe 728 Running Analyze wait chain op Window Manager
- explorer.exe 1448 Running UAC virtsaliation lows Explorer
OIDMan:a(e 3004 Runnfng Crmste dien Bl net Download Manager (IDM)
| & IEMonitor.exe 3168 Running net Download Manager agent for c...
27 lkads.exe 620 Running Open file location
27 Ikcitdl.exe 2212 Running Search online of Logos
[ Isass.exe 532 Running Properties Security Authority Process
CR) MsMpEng.exe 1380 Running : nalware Service Executable
Go to service(s)
[ niauth_daemon.exe 1688  Running h Daemon
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D. Codes
D.1 Python code for “Console Fitbit Data Downloader

# Author: Omid Jamalipournokandeh
# Email: f191503c@mail.cc.niigata-u.ac.jp
import fitbit
import OAuth2Server
import 0s
import re
import datetime
import json
import time
today = datetime.datetime.now().strftime("%Y -%m-%d")
EMAIL_REGEX = re.compile(r'[*@]+@[*@]+\.[*@]+")
# From this line is the remake version of Fitbit API
# This new class aims to simplify your steps to downloading your Fitbit data
class fitbitDownloader(object):
def __init_ (self):
self.save_path ="
self USER_ID ="
self. CLIENT_SECRET ="
try:
with open('console_tokens.key") as f:
self.tokens = f.readlines()
f.close()
if(self.tokens !'=1]):
self. CURR_EMAIL = str(self.tokens[0][0:len(self.tokens[0])-1])
self.USER_ID = str(self.tokens[1][0:len(self.tokens[1])-1])
self.CLIENT_SECRET = str(self.tokens[2][0:len(self.tokens[2])-1])
self. ACCESS_TOKEN = str(self.tokens[3][0:len(self.tokens[3])-1])
self REFRESH_TOKEN = str(self.tokens[4])
self.save_path = "~\\Desktop\\" + "Fitbit Data\\" + self. CURR_EMAIL
else:
self CURR_EMAIL ="
self. ACCESS_TOKEN ="
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self REFRESH_TOKEN ="
except:
f = open('console_tokens.key', 'w')
f.close()
self. CURR_EMAIL ="
self. ACCESS_TOKEN ="
self REFRESH_TOKEN ="
# Show the current logging in account info
def show_info(self):
print(""Your are currently working with this Fitbit account:")
print("EMAIL:\t" + self. CURR_EMAIL)
print("USER ID:\t" + self.USER_ID)

print("1f you want to switch your account, please call 'gather_tokens' function with
another email!")

# Re-login when your token is expried
def re_login(self):
print(""Your token has been expired, please login again to continue!")
server = OAuth2Server.OAuth2Server(self. USER_ID, self. CLIENT_SECRET)
server.browser_authorize()
self. ACCESS_TOKEN = server.oauth.token['access_token']
self. REFRESH_TOKEN = server.oauth.token['refresh_token']
f = open("console_tokens.key","w")
f.write(self. CURR_EMAIL + "\n")
f.write(self. USER_ID + "\n")
f.write(self. CLIENT_SECRET + "\n")
f.write(self. ACCESS_TOKEN + "\n")
f.write(self. REFRESH_TOKEN)
f.close()
print("Get token successfully!\nPlease try to get your data again!")
# When you reach the limited request (150 requests/hour), you will be no longer get the data.

# Therefore, you have to wait for an hour. This function will calculate the remaining time to
download your data again

def cal_remain_time(self, exc):
reset_time = exc.retry_after_secs
reset_time = reset_time/60.0
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print("Opps!"”, "Too many requests!\nPlease try again after {0:.0f}
minutes!”.format(reset_time))

# Show how many request that you can send to server and how many time they will be reset
def show_request_remaining(self):
print("Request remaining: %d" % self.auth2_client.rate_limit_remaining)

print("Request limit reset in {0:.0f} seconds".format(self.auth2_client.rate_limit_reset
- time.time()))

# This gather_tokents function will help you get access tokens from Fitbit API
def gather_tokens(self, email, userlD, clientSecret):
iIf(EMAIL_REGEX.match(email) '= None):
self.USER_ID = str(userID)
self. CLIENT_SECRET = str(clientSecret)
try:
# Check entered email if it's different from your previous email

if(self. CURR_EMAIL != email):

print(""We found that your entered email is different from your
current emai!")

print("Do you want to continue login with this email? if YES,
you must login again!")

flag = raw_input("Y/N ?: ")
print(flag)
if(flag =="Y" or flag == "y"):
raise fitbit.exceptions.HTTPUnauthorized()
else:
print("Please try to get tokens again!")
return "Failed to get tokens of " + email

self.auth2_client = fitbit.Fitbit(self. USER_ID, self. CLIENT_SECRET,
oauth2=True, access_token=self. ACCESS_TOKEN,

refresh_token=self REFRESH_TOKEN)
self.save_path = "~\\Desktop\\" + "Fitbit Data\\" + self. CURR_EMAIL
if not os.path.exists(os.path.expanduser(self.save_path)):
os.makedirs(os.path.expanduser(self.save_path))

fitbit_stats = self.auth2_client.intraday_time_series(‘activities/heart’,
today, detail_level="1min’)

print("Login Succeed!")
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except (fitbit.exceptions.HTTPUnauthorized, TypeError):
print("Opps! Your token has been expired, please login to continue!™)

server = OAuth2Server.OAuth2Server(self.USER_ID,
self. CLIENT_SECRET)

server.browser_authorize()
self. ACCESS_TOKEN = server.oauth.token['access_token']
self. REFRESH_TOKEN = server.oauth.token['refresh_token']
self. CURR_EMAIL = email
self.save_path = "~\\Desktop\\" + "Fitbit Data\\" + self. CURR_EMAIL
f = open(“console_tokens.key","w"
f.write(self. CURR_EMAIL + "\n")
f.write(self. USER_ID + "\n")
f.write(self. CLIENT_SECRET + "\n")
f.write(self. ACCESS_TOKEN + "\n")
f.write(self. REFRESH_TOKEN)
f.close()
print("Get token successfully!\nNow you can get your data!")
except fitbit.exceptions. HTTPTooManyRequests as exc:
self.cal_remain_time(exc)
except IndexError:

print("Opps! We can't get your data!\nPlease sync your data and login
again!™)
else:
print("Error! Please enter an vaild email!")

# Save heart rate data
# Detail_time must be in ['1sec’, "Imin’, "15min’, '5min’]
def save_heart_detail(self, date, detail _time):
self.show_info()
if not detail_time in ['1sec’, 'Imin’, '5min’, '15min’]:
raise ValueError("Period must be either '1sec’, 'Imin’, "5min’, or '15min™)
try:

fitbit_stats = self.auth2_client.intraday _time_series(‘activities/heart’, date,
detail_level=detail _time)

stats = fitbit_stats['activities-heart-intraday']['dataset']
if not os.path.exists(os.path.join(os.path.expanduser(self.save_path), date)):
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os.makedirs(os.path.join(os.path.expanduser(self.save_path),
date))

csv_file = open(os.path.join(os.path.expanduser(self.save_path), date,

"HeartRate "+detail_time+" %s.csv" %
str(date)), 'w")

for var in range(0, len(stats)):
csv_file.write(stats[var]['time'])
csv_file.write(’,")
csv_file.write(str(stats[var]['value']))
csv_file.write("\n")

csv_file.close()

print("Your Fitbit data has been stored in: " +
os.path.join(os.path.expanduser(self.save_path), date))

except (fitbit.exceptions.HTTPUnauthorized):
self.re_login()

except fitbit.exceptions.HTTPTooManyRequests as exc:
self.cal_remain_time(exc)

# Save calories in different detail of time level (1sec, 1min, ect.)
def save_calories_detail(self, date, detail_time):
self.show_info()
if not detail_time in ['1sec’, 'Imin’, '5min’, '15min’]:
raise ValueError("Period must be either '1sec’, 'Imin’, "5min’, or '15min™)
try:

fitbit_stats = self.auth2_client.intraday_time_series(‘activities/calories', date,
detail_level=detail_time)

stats = fitbit_stats['activities-calories-intraday']['dataset']
if not os.path.exists(os.path.join(os.path.expanduser(self.save_path), date)):

os.makedirs(os.path.join(os.path.expanduser(self.save_path),
date))

csv_file = open(os.path.join(os.path.expanduser(self.save_path), date,

"Calories_"+detail_time+" %s.csv" %
str(date)), 'w')

for var in range(0, len(stats)):
csv_file.write(str(stats[var]['mets']))
csv_file.write(',")
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csv_file.write(stats[var]['time")
csv_file.write(’,")
csv_file.write(str(stats[var]['value']))
csv_file.write("\n")

csv_file.close()

print("Your Fitbit data has been stored in: " +
os.path.join(os.path.expanduser(self.save_path), date))

except (fitbit.exceptions.HTTPUnauthorized):
self.re_login()
except fitbit.exceptions. HTTPTooManyRequests as exc:
self.cal_remain_time(exc)
# Save calories summary
def save_calories_summary(self, date):
self.show_info()
try:
fitbit_stats = self.auth2_client.intraday _time_series(‘activities/calories', date)
stats = fitbit_stats['activities-calories']
if not os.path.exists(os.path.join(os.path.expanduser(self.save_path), date)):

os.makedirs(os.path.join(os.path.expanduser(self.save_path),
date))

csv_file = open(os.path.join(os.path.expanduser(self.save_path),
date,"CaloriesSummary_%s.csv" % str(date)), 'w')

csv_file.write(stats[0]['date Time'])
csv_file.write(',")
csv_file.write(str(stats[0]['value))
csv_file.close()

print("Your Fitbit data has been stored in: " +
os.path.join(os.path.expanduser(self.save_path), date))

except (fitbit.exceptions.HTTPUnauthorized):
self.re_login()
except fitbit.exceptions.HT TPTooManyRequests as exc:
self.cal_remain_time(exc)
# Save the walking steps in different detail of time level (1sec, 1min, ect.)
def save_steps_detail(self, date, detail_time):
self.show_info()

try:
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fitbit_stats = self.auth2_client.intraday_time_series(‘activities/steps', date,
detail_level=detail_time)

stats = fitbit_stats['activities-steps-intraday']['dataset']
if not os.path.exists(os.path.join(os.path.expanduser(self.save_path), date)):

os.makedirs(os.path.join(os.path.expanduser(self.save_path),
date))

csv_file = open(os.path.join(os.path.expanduser(self.save_path), date,
"Steps_"+detail_time+"_%s.csv" % str(date)),

for var in range(0, len(stats)):
csv_file.write(stats[var]['time")
csv_file.write(',")
csv_file.write(str(stats[var]['value']))
csv_file.write("\n™)

csv_file.close()

print("Your Fitbit data has been stored in: " +
os.path.join(os.path.expanduser(self.save_path), date))

except (fitbit.exceptions.HT TPUnauthorized):
self.re_login()
except fitbit.exceptions. HTTPTooManyRequests as exc:
self.cal_remain_time(exc)
# Save the summary of walking steps
def save_steps_summary(self, date):
self.show_info()
try:
fitbit_stats = self.auth2_client.intraday _time_series(‘activities/steps', date)
stats = fitbit_stats['activities-steps']
if not os.path.exists(os.path.join(os.path.expanduser(self.save_path), date)):

os.makedirs(os.path.join(os.path.expanduser(self.save_path),
date))

csv_file=
open(os.path.join(os.path.expanduser(self.save_path),date,”StepsSummary_%s.csv" % str(date)), 'w')

csv_file.write(stats[0]['dateTime'])
csv_file.write(',")
csv_file.write(str(stats[0]['value™))
csv_file.close()
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print("Your Fitbit data has been stored in: " +
os.path.join(os.path.expanduser(self.save_path), date))

except (fitbit.exceptions.HTTPUnauthorized):
self.re_login()

except fitbit.exceptions.HTTPTooManyRequests as exc:
self.cal_remain_time(exc)

# Save sleep data (Sleep summary)
def save_sleep_summary(self, date):
self.show_info()
try:
date_sleep = datetime.datetime.strptime(date, ‘%Y -%m-%d")
fitbit_stats = self.auth2_client.get_sleep(date_sleep)
stats = fitbit_stats['sleep’]

if not os.path.exists(os.path.join(os.path.expanduser(self.save_path), date)):

os.makedirs(os.path.join(os.path.expanduser(self.save_path),
date))

csv_file =
open(os.path.join(os.path .Expanduser(self.save_path),date,"SIeepLogs_%s.csv" % date), 'w")

for var in range(0, len(stats)):
sleep_type = stats[var]['type']
csv_file.write('type’ + " + str(stats[var]['type']))
csv_file.write("\n")
csv_file.write('isMainSleep' + "," + str(stats[var]['isMainSleep']))
csv_file.write("\n")
csv_file.write('startTime' + " + stats[var]['startTime'])
csv_file.write("\n")
csv_file.write('timelnBed' +"," + str(stats[var]['timeInBed]))
csv_file.write("\n™)
csv_file.write("Summary each level:\n™)
sleep_levels = stats[var]['levels']
# There are two types of sleep: stages and classic
if(sleep_type=="stages"):

csv_file.write('deep’ + ", +
str(sleep_levels['summary']['deep']['minutes']))
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csv_file.write("\n")

csv_file.write('light' + " +
str(sleep_levels['summary]['light]['minutes']))

csv_file.write("\n")

csv_file.write('rem' + "" +
str(sleep_levels['summary']['rem']['minutes']))

csv_file.write("\n")

csv_file.write('wake' + """ +
str(sleep_levels['summary']['wake']['minutes']))

csv_file.write("\n\n")
else: # The classic type of sleep

csv_file.write('asleep’ + "," +
str(sleep_levels['summary‘]['asleep’]['minutes’))

csv_file.write("\n")

csv_file.write('awake' + " +
str(sleep_levels['summary']['awake']['minutes]))

csv_file.write("\n")

csv_file.write('restless' + "," +
str(sleep_levels['summary]['restless’]['minutes]))

csv_file.write("\n\n")
# Get the data for each stage
csv_file.write("Detailed data:\n")
for i in range(len(sleep_levels['data'])):
dt_dateTime = sleep_levels['data’][i]['dateTime']
dt_level = sleep_levels['data’][i]['level']
dt_seconds = str(sleep_levels['data’][i]['seconds'])
csv_file.write(dt_level+ ', + dt_dateTime + "," + dt_seconds)
csv_file.write("\n")
csv_file.write("\n")
csv_file.close()
# Sleep summary
stats = fitbit_stats['summary']

csv_file = open(os.path.join(os.path.expanduser(self.save_path),
date,"SleepSummary_%s.csv" % date), 'w’)

csv_file.write(‘total TimelnBed' + ", + str(stats['total TimeInBed']))

csv_file.write('\n")

154



csv_file.write('totalMinutesAsleep’ + ", + str(stats['totalMinutesAsleep']))
csv_file.write('\n")

csv_file.write('totalSleepRecords' + "," + str(stats[ totalSleepRecords']))
csv_file.write('\n)

csv_file.close()

print("Your Fitbit data has been stored in: " +
os.path.join(os.path.expanduser(self.save_path), date))

except (fitbit.exceptions.HTTPUnauthorized):
self.re_login()
except fitbit.exceptions. HTTPTooManyRequests as exc:
self.cal_remain_time(exc)
except ValueError:
print("Error! Please enter a vaild date!")
# Save distance in different detail of time level (1sec, 1min, ect.)
def save_distance_detail(self, date, detail_time):
self.show_info()
try:

fitbit_stats = self.auth2_client.intraday_time_series(‘activities/distance’, date,
detail_level=detail_time)

stats = fitbit_stats['activities-distance-intraday']['dataset']
if not os.path.exists(os.path.join(os.path.expanduser(self.save_path), date)):

os.makedirs(os.path.join(os.path.expanduser(self.save_path),
date))

csv_file = open(os.path.join(os.path.expanduser(self.save_path), date,

"Distance_"+detail _time+"_%s.csv" %
str(date)), 'w")

for var in range(0, len(stats)):
csv_file.write(stats[var]['time")
csv_file.write(',")
csv_file.write(str(stats[var]['value']))
csv_file.write("\n")

csv_file.close()

print("Your Fitbit data has been stored in: " +
os.path.join(os.path.expanduser(self.save_path), date))

except (fitbit.exceptions.HTTPUnauthorized):
self.re_login()
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except fitbit.exceptions.HTTPTooManyRequests as exc:
self.cal_remain_time(exc)
# Save the distance summary
def save_distance_summary(self, date):
self.show_info()
try:
fitbit_stats = self.auth2_client.intraday time_series(‘activities/distance’, date)
stats = fitbit_stats['activities-distance']
if not os.path.exists(os.path.join(os.path.expanduser(self.save_path), date)):

os.makedirs(os.path.join(os.path.expanduser(self.save_path),
date))

csv_file = open(os.path.join(os.path.expanduser(self.save_path),
date,"DistancesSummary_%s.csv" % str(date)), ‘'w’)

mile = float(stats[0]['value'])

km = mile*1.60934
csv_file.write(stats[0]['date Time'])
csv_file.write(',")
csv_file.write(str(km))
csv_file.close()

print("Your Fitbit data has been stored in: " +
os.path.join(os.path.expanduser(self.save_path), date))

except (fitbit.exceptions.HTTPUnauthorized):
self.re_login()
except fitbit.exceptions.HTTPTooManyRequests as exc:
self.cal_remain_time(exc)
# Test the customized saving function
def save_daily_activity(self, date, filename="):
try:
fitbit_stats = self.auth2_client.get_daily_activity(date)
with open(filename + ".json’, 'w") as f:
json.dump(fitbit_stats, f)
except (fitbit.exceptions.HTTPUnauthorized):
self.re_login()
except fitbit.exceptions.HT TPTooManyRequests as exc:
self.cal_remain_time(exc)
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D.2 Python code for “GUI_Fitbit Downloader”

# Fitbit Downloader v1.4
# Author: Omid Jamalipournokandeh
# Email: f191503c@mail.cc.niigata-u.ac.jp
This source code is for personal use only.
The code is still simple and insecure in some perspective. Please keep your personal data safe!
import numpy as np
import datetime
import matplotlib
matplotlib.use("TkAgg")
from matplotlib import style
import matplotlib.dates as md
import dateutil
from matplotlib.backends.backend_tkagg import FigureCanvasTkAgg
from matplotlib.figure import Figure
import fitbit
import OAuth2Server
import 0s
import re
import time
import sys
### USING FITBIT DOWNLOADER WITH PYTHON 3.X ####
if sys.version_info[0] == 3:
from tkinter import messagebox as tkMessageBox
import tkinter as tk
from tkinter import Toplevel
import tkinter.ttk as ttk

from matplotlib.backends.backend_tkagg import NavigationToolbar2Tk as
NavigationToolbar2TkAgg

## For Python 2.x

elif sys.version_info[0] == 2:
import tkMessageBox
import Tkinter as tk

157



from Tkinter import Toplevel
import ttk
from matplotlib.backends.backend_tkagg import NavigationToolbar2TkAgg
else: raise Exception("Unknown Python version! Please check again!™)
EMAIL_REGEX = re.compile(r'[*@]+@[*@]+\.[*@]+") # For checking the entered email
# Declearing the fonts use for the GUI
LARGE_FONT=("Times New Roman", 32)
TITLE_FONT=("Times New Roman", 23)
MEDIUM_FONT = ("Times New Roman", 20)
SMALL_FONT = ("Times New Roman", 15)
today = datetime.datetime.now().strftime("%Y -%m-%d")
# Main class
class FitbitApp(tk.Tk):
def _init_ (self, *args, **kwargs):
tk.Tk.__init__(self, *args, **kwargs)
tk. Tk.iconbitmap(self, "hosei.ico")
tk. Tk.wm_title(self, "Fitbit Downloader 1.4")
self.container = tk.Frame(self)
self.container.pack(side="top", fill="both", expand= True)
self.container.grid_rowconfigure(0, weight=1)
self.container.grid_columnconfigure(0, weight=1)

self.frames = {}

for F in (StartPage, Summary):
frame = F(self.container, self)
frame.grid(row=0,column=0,sticky="nsew")
self.frames[F] = frame

self.show_frame(StartPage)
def show_frame(self, cont):
frame = self.frames[cont]
frame.tkraise()
# Frame for Start Page
class StartPage(tk.Frame):
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def __init__(self, parent, controller):
tk.Frame.__init__(self,parent)
self.save_path ="
# load UserlID and ScretKey. If None, create a new one
try:
with open('gui_tokens.key") as f:
self.tokens = f.readlines()
f.close()
if(self.tokens I=[]):
self. CURR_EMAIL = str(self.tokens[0][0:len(self.tokens[0])-1])
self. CLIENT _ID = str(self.tokens[1][0:len(self.tokens[1])-1])
self.CLIENT_SECRET = str(self.tokens[2][0:len(self.tokens[2])-1])
self. ACCESS_TOKEN = str(self.tokens[3][0:len(self.tokens[3])-1])
self. REFRESH_TOKEN = str(self.tokens[4])
else:
self. CURR_EMAIL ='None'
self. CLIENT_ID = 'None'
self. CLIENT_SECRET ='None'
self. ACCESS_TOKEN = 'None'
self REFRESH_TOKEN = 'Noneg'
except:
f = open('gui_tokens.key', 'w')
f.close()
self. CURR_EMAIL = 'None'
self. CLIENT _ID = 'None'
self. CLIENT_SECRET ='None'
self. ACCESS_TOKEN = 'None'
self REFRESH_TOKEN = 'None'

self.wel_Label=tk.Label(self, text=""Welcome to Fitbit Downloader",
font=LARGE_FONT)

self.wel_Label.place(x=270, y=60)

self.login_Label=tk.Label(self, text="Login to get your Fitbit data",
font=MEDIUM_FONT)

self.login_Label.place(x=400, y=160)
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# Create button style
s = ttk.Style()
s.configure('my.TButton', font=Times New Roman’, 20))

self.btnLogin = ttk.Button(self, text="Login", command = lambda:
self.click_login(controller), style="my.TButton')

self.btnLogin.place(x=450, y=450)
# Create label
self.email_Label = ttk.Label(self, text="Email", font="TimesNewRoman 14")
self.id_Label = ttk.Label(self, text="User ID", font="TimesNewRoman 14")
self.SKey Label = ttk.Label(self, text="Scret Key", font="TimesNewRoman 14")
self.email_Label.place(x=350, y=250)
self.id_Label.place(x=350, y= 300)
self.SKey_Label.place(x=350, y= 350)
# Create Entry
self.en_Email = ttk.Entry(self, font="TimesNewRoman 14")
self.en_Email.place(x=460, y=250)
if(self. CURR_EMAIL!="None’):

self.en_Email.insert(0, self. CURR_EMAIL)
self.en_ID = ttk.Entry(self, font="TimesNewRoman 14")
self.en_ID.place(x=460, y=300)
if(self. CLIENT _ID!="None"):

self.en_ID.insert(0, self. CLIENT_ID)
self.en_Key = ttk.Entry(self, font="TimesNewRoman 14")
self.en_Key.place(x=460, y=350)
if(self. CLIENT_SECRET!='None'):

self.en_Key.insert(0, self. CLIENT_SECRET)
self.check var = tk.BooleanVar(value=True)

self.remember_usr = ttk.Checkbutton(self, text="Remember
me?" variable=self.check_var)

self.remember_usr.place(x=640, y=460)

# Customize to work with Ctrl+A, Tab key
self.en_ID.bind("<Control-Key-a>", self.select_all_ID)
self.en_ID.bind("<Tab>", self.tab_ID)
self.en_ID.bind("<Control-Key-A>", self.select_all_ID)
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self.en_Key.bind("<Control-Key-a>", self.select_all _Key)
self.en_Key.bind("<Control-Key-A>", self.select_all_Key)
self.en_Key.bind("<Tab>", self.tab_Key)
self.en_Email.bind("<Control-Key-a>", self.select_all_Email)
self.en_Email.bind("<Control-Key-A>", self.select_all_Email)
self.en_Email.bind("<Tab>", self.tab_Email)
self.btnLogin.bind("<Tab>", self.tab_Login)
# Binding for button and entry
def tab_Email(self, event):
self.en_ID.focus()
return 'break’
def tab_ID(self, event):
self.en_Key.focus()
return ‘break’
def tab_Key(self, event):
self.btnLogin.focus()
return 'break’
def tab_Login(self, event):
self.en_Email.focus()
return ‘break’
def select_all_ID(self, event):
self.en_ID.select_range(0, tk.END)
return 'break’
def select_all_Key(self, event):
self.en_Key.select_range(0, tk.END)
return 'break’
def select_all_Email(self, event):
self.en_Email.select_range(0, tk.END)
return 'break’
# Action for the Login button
def click_login(self, controller):

if(tkMessageBox.askokcancel("Verify", "Make sure that you've synchronized your
data!")):

self.gather_token(controller)
# When you reach the limited request (150 requests/hour), you will be no longer get the data.
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# Therefore, you have to wait for an hour. This function will calculate the remaining time to
download your data again

def cal_remain_time(self, exc):
reset_time = exc.retry_after_secs
reset_time = reset_time/60.0

tkMessageBox.showerror("Opps!", "Too many requests!\nPlease try again after
{0:.0f} minutes!".format(reset_time))

def login(self, controller):
if(self. EMAIL != self. CURR_EMAIL):
raise fitbit.exceptions.HTTPUnauthorized()

self.auth2_client = fitbit.Fitbit(self. CLIENT_ID, self. CLIENT_SECRET,
oauth2=True, access_token=self. ACCESS_TOKEN,

refresh_token=self. REFRESH_TOKEN)
self.save_path = "~\\Desktop\\" + "Fitbit Data\\" + self. EMAIL
if not os.path.exists(os.path.expanduser(self.save_path)):
os.makedirs(os.path.expanduser(self.save_path))

fitbit_stats = self.auth2_client.intraday_time_series(‘activities/heart', today,
detail_level="1min")

controller.frames[Summary]. HEART_DATA = fithit_stats['activities-heart-
intraday']['dataset']

controller.frames[Summary].DATE = str(today)
# Load steps

fitbit_stats = self.auth2_client.intraday_time_series(‘activities/steps', today,
detail_level="1min")

controller.frames[Summary].STEPS = str(fitbit_stats['activities-steps’][0]['value'])

#Load distance

fitbit_stats = self.auth2_client.intraday_time_series(‘activities/distance’, today,
detail_level="1min")

distance = round(float(fitbit_stats['activities-distance’][0]['value])*1.60934,2)
controller.frames[Summary].DISTANCE = str(distance)
#Load calories

fitbit_stats = self.auth2_client.intraday_time_series(‘activities/calories’, today,
detail_level="1min")
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controller.frames[Summary].CAL = str(fitbit_stats['activities-calories'][0]['value'])

tkMessageBox.showinfo("Login Succeed!”, "Let's access your data!")
print("Request remaining: %d" % self.auth2_client.rate_limit_remaining)

print("Request limit reset in {0:.0f} seconds".format(self.auth2_client.rate_limit_reset
- time.time()))

if(self.check_var.get()==False):
f = open("gui_tokens.key","w")
f.close()
controller.frames[Summary].USER = self. EMAIL
controller.frames[Summary].load_data()
controller.show_frame(Summary)
# Gathering token and login with the loaded information
def gather_token(self, controller):
self. EMAIL = self.en_Email.get()
If(EMAIL_REGEX.match(self.EMAIL) != None):
self. CLIENT _ID = self.en_ID.get()
self. CLIENT_SECRET = self.en_Key.get()
try:
self.login(controller)
except (fitbit.exceptions.HTTPUnauthorized, TypeError):

tkMessageBox.showinfo("Opps!", "Something went wrong with your
tokens, please login to retrieve them!")

server = OAuth2Server.OAuth2Server(self. CLIENT _ID,
self. CLIENT_SECRET)

server.browser_authorize()
self. ACCESS_TOKEN = server.oauth.token['access_token']
self. REFRESH_TOKEN = server.oauth.token['refresh_token']
self. CURR_EMAIL = self. EMAIL
if(self.check_var.get()==True):
f = open("gui_tokens.key","w")
f.write(self. CURR_EMAIL + "\n")
f.write(self.CLIENT_ID + "\n")
f.write(self.CLIENT_SECRET + "\n")
f.write(self. ACCESS_TOKEN + "\n")

f.write(self REFRESH_TOKEN)
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f.close()
tkMessageBox.showinfo("Congratulation!", "Get token successfully!™)
self.login(controller)
except fitbit.exceptions. HTTPTooManyRequests as exc:
self.cal_remain_time(exc)
except IndexError:

tkMessageBox.showerror("Opps!", "We can't get your data!\nPlease
sync your data and login again!™)

return 'break’
else:
tkMessageBox.showerror("Opps!", "Please enter a valid email address!")

def save_heart(self, auth, date):
fitbit_stats = auth.intraday _time_series(‘activities/heart’, date, detail_level="1min’)
stats = fitbit_stats['activities-heart-intraday']['dataset']

csv_file = open(os.path.join(os.path.expanduser(self.save_path),
date,"HeartRate_1Min_%s.csv" % str(date)), 'w')

for var in range(0, len(stats)):
csv_file.write(stats[var]['time")
csv_file.write(',")
csv_file.write(str(stats[var]['value']))
csv_file.write("\n")
csv_file.close()
fitbit_stats = auth.intraday_time_series(‘activities/heart’, date, detail_level="1sec’)
stats = fitbit_stats['activities-heart-intraday']['dataset']

csv_file = open(os.path.join(os.path.expanduser(self.save_path),
date,"HeartRate_1Sec_%s.csv" % str(date)), 'w')

for var in range(0, len(stats)):
csv_file.write(stats[var]['time'])
csv_file.write(',")
csv_file.write(str(stats[var]['value']))
csv_file.write("\n")
csv_file.close()
def save_calories(self, auth, date):
fitbit_stats = auth.intraday_time_series(‘activities/calories’, date, detail_level="1min")
stats = fitbit_stats['activities-calories-intraday']['dataset']
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csv_file = open(os.path.join(os.path.expanduser(self.save_path),
date,"Calories_1Min_%s.csv" % str(date)), 'w")

for var in range(0, len(stats)):
csv_file.write(str(stats[var]['mets']))
csv_file.write(',")
csv_file.write(stats[var]['time'])
csv_file.write(’,")
csv_file.write(str(stats[var]['value']))
csv_file.write("\n")

csv_file.close()

stats = fitbit_stats['activities-calories']

csv_file = open(os.path.join(os.path.expanduser(self.save_path),
date,"CaloriesSummary_%s.csv" % str(date)), 'w’)

csv_file.write(stats[0]['date Time'])
csv_file.write(',")
csv_file.write(str(stats[0]['value™))
csv_file.close()

def save_steps(self, auth, date):

fitbit_stats = auth.intraday time_series(‘activities/steps’, date, detail_level="1min")

stats = fitbit_stats['activities-steps-intraday']['dataset']
csv_file =

open(os.path.join(os.path.expanduser(self.save_path),date,”Steps_1Min_%s.csv" % str(date)), 'w’)

times =[]

values =[]

for var in range(0, len(stats)):
csv_file.write(stats[var]['time")
csv_file.write(',")
csv_file.write(str(stats[var]['value']))
csv_file.write("\n™)

csv_file.close()

# Save steps summary

stats = fitbit_stats['activities-steps']

csv_file=

open(os.path.join(os.path.expanduser(self.save_path),date,”StepsSummary_%s.csv" % str(date)), 'w')

csv_file.write(stats[0]['dateTime'])

csv_file.write(',")
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csv_file.write(str(stats[0]['value))
csv_file.close()
def save_sleep(self, auth, date):

fitbit_stats = auth.get_sleep(date)

stats = fitbit_stats['sleep’]

save_date = date.strftime("%Y-%m-%d")

csv_file =

open(os.path.join(os.path.expanduser(self.save path),save date,"SleepLogs_%s.csv" % save_date),
W)

for var in range(0, len(stats)):
sleep_type = stats[var]['typeT]
csv_file.write('type' + " + str(stats[var]['type']))
csv_file.write("\n")
csv_file.write('isMainSleep' + "," + str(stats[var]['isMainSleep]))
csv_file.write("\n")
csv_file.write('startTime' + " + stats[var]['startTime'])
csv_file.write("\n")
csv_file.write('timelnBed' + "," + str(stats[var][timeInBed))
csv_file.write("\n")
csv_file.write("Summary each level:\n™)
sleep_levels = stats[var]['levels']
# There are two types of sleep: stages and classic
if(sleep_type=="stages"):

csv_file.write('deep’ + ", +
str(sleep_levels['summary]['deep]['minutes’]))

csv_file.write("\n")

csv_file.write('light' + """ +
str(sleep_levels['summary]['light']['minutes]))

csv_file.write("\n")

csv_file.write(rem' + " +
str(sleep_levels['summary']['rem‘]['minutes']))

csv_file.write("\n")

csv_file.write('wake' +"," +
str(sleep_levels['summary']['wake']['minutes']))

csv_file.write("\n\n")
else: # The classic type of sleep
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csv_file.write('asleep’ + "," +
str(sleep_levels['summary]['asleep]['minutes’))

csv_file.write("\n")

csv_file.write('awake' + """ +
str(sleep_levels['summary']['awake’]['minutes]))

csv_file.write("\n")

csv_file.write('restless' + "," +
str(sleep_levels['summary']['restless’]['minutes']))

csv_file.write("\n\n")

# Get the data for each stage
csv_file.write("Detailed data:\n")
for i in range(len(sleep_levels['data'])):
dt_dateTime = sleep_levels['data’][i]['dateTime']
dt_level = sleep_levels['data’][i]['level']
dt_seconds = str(sleep_levels['data’][i]['seconds])
csv_file.write(dt_level+ ', + dt_dateTime + "," + dt_seconds)
csv_file.write("\n")
csv_file.write("\n")
csv_file.close()
# Sleep summary
stats = fitbit_stats['summary']

csv_file = open(os.path.join(os.path.expanduser(self.save_path),
save_date,"SleepSummary_%s.csv" % save_date), 'w')

csv_file.write('total TimelnBed' + "," + str(stats['total TimeInBed']))
csv_file.write('\n")
csv_file.write('totalMinutesAsleep' + "," + str(stats['totalMinutesAsleep]))
csv_file.write(\n')
csv_file.write('totalSleepRecords' + ", + str(stats[ totalSleepRecords']))
csv_file.write('\n")
csv_file.close()

def save_distance(self, auth, date):
fitbit_stats = auth.intraday_time_series(‘activities/distance’, date, detail_level="1min’)
stats = fitbit_stats['activities-distance-intraday']['dataset']

csv_file = open(os.path.join(os.path.expanduser(self.save_path),
date,"Distances_1Min_%s.csv" % str(date)), 'w')
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for var in range(0, len(stats)):
csv_file.write(stats[var]['time')
csv_file.write(',")
csv_file.write(str(stats[var]['value']))
csv_file.write("\n™)

csv_file.close()

stats = fitbit_stats['activities-distance']

csv_file = open(os.path.join(os.path.expanduser(self.save_path),
date,"DistancesSummary_%s.csv" % str(date)), ‘w')

mile = float(stats[0]['value'])

km = mile*1.60934
csv_file.write(stats[0]['date Time'])
csv_file.write(',")
csv_file.write(str(km))
csv_file.close()

def save_data(self, controller, date):
self.save_path = "~\\Desktop\\" + "Fitbit Data\\" + self. EMAIL
if not os.path.exists(os.path.join(os.path.expanduser(self.save_path),date)):

os.makedirs(os.path.join(os.path.expanduser(self.save_path),date))

self.save_heart(self.auth2_client, date)
self.save_calories(self.auth2_client, date)
self.save_steps(self.auth2_client, date)
self.save_distance(self.auth2_client, date)
date_sleep = datetime.datetime.strptime(date, '%Y -%m-%d")
self.save_sleep(self.auth2_client, date_sleep)

def loadDataForSum(self, auth, controller, date):
fitbit_stats = auth.intraday _time_series(‘activities/heart’, date, detail_level="1min’)

controller.frames[Summary].HEART _DATA = fithit_stats['activities-heart-
intraday']['dataset’]

fitbit_stats = auth.intraday_time_series(‘activities/steps', date, detail _level="1min’)
controller.frames[Summary].STEPS = str(fitbit_stats['activities-steps][0]['value'])
#Load distance

fitbit_stats = auth.intraday_time_series(‘activities/distance’, date, detail_level="1min")
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distance = round(float(fitbit_stats['activities-distance’][0]['value])*1.60934,2)
controller.frames[Summary].DISTANCE = str(distance)
#Load calories
fitbit_stats = auth.intraday time_series(‘activities/calories', date, detail _level="1min’)
controller.frames[Summary].CAL = str(fitbit_stats['activities-calories'][0]['value'])
# Summary for one date data
class Summary(tk.Frame):
def __init__(self, parent, controller):
tk.Frame.__init__(self,parent)
self.panel = tk.Canvas(self, height=150)
self.panel.pack(side=tk. TOP, fill=tk.BOTH, expand = True)
self.labelTitle = tk.Label(self.panel, font=TITLE_FONT)
self.labelTitle.place(x=360)
self. USER ="
self HEART_DATA =]
self. DATE ="
self CURR_DATE ="
self.CLIENT_ID = controller.frames[StartPage].CLIENT_ID
self. CLIENT_SECRET = controller.frames[StartPage]. CLIENT_SECRET
self. ACCESS_TOKEN = controller.frames[StartPage] ACCESS_TOKEN
self.REFRESH_TOKEN = controller.frames[StartPage]. REFRESH_TOKEN
# Button logout

self.btnLogout = ttk.Button(self.panel, text="Logout", command=Ilambda:
self.log_out(controller))

self.btnLogout.place(x=900, y=5)
# Button save today

self.btnSaveData = ttk.Button(self.panel, text="Save Data", command=Ilambda:
self.save_data_date(controller))

self.btnSaveData.place(x=905, y= 85)
# Button show data

self.btnShowData = ttk.Button(self.panel, text="Show Data", command=lambda:
self.show_data(controller))

self.btnShowData.place(x=825, y= 85)
# Button save data from...

self.btnSaveDataPeriod = ttk.Button(self.panel, text="Save Data Period",
command=lambda: self.btnClick_save period(controller))
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self.btnSaveDataPeriod.place(x=825, y= 110)

# Label steps

self.labelStep = tk.Label(self.panel, font=SMALL_FONT)
self.labelStep.place(x=20, y=60)

self.labelDistance = tk.Label(self.panel, font=SMALL_FONT)
self.labelDistance.place(x=20, y=90)

self.labelCalo = tk.Label(self.panel, font=SMALL_FONT)
self.labelCalo.place(x=20, y=120)

self.labelMinHeart = tk.Label(self.panel, font=SMALL_FONT)
self.labelMinHeart.place(x=250, y=60)

self.labelMaxHeart = tk.Label(self.panel, font=SMALL_FONT)
self.labelMaxHeart.place(x=250, y=90)

self.labelAvgHeart = tk.Label(self.panel, font=SMALL_FONT)
self.labelAvgHeart.place(x=250, y=120)

self.labelDay = tk.Label(self.panel, text="Enter a date", font="TimesNewRoman 12")
self.labelDay.place(x=730, y=55)

self.labelfday = tk.Label(self.panel, text="(YYYY-MM-DD)",
font="TimesNewRoman 9")

self.labelfday.place(x=730, y=75)

# Entry day

self.en_Day = ttk.Entry(self.panel, font="TimesNewRoman 11")
self.en_Day.place(x=820, y=60)
self.en_Day.bind("<Control-Key-a>", self.select_all)
self.en_Day.bind("<Control-Key-A>", self.select_all)
# Show personal data

self STEPS ="

self. DISTANCE ="

self MIN_HEART ="

self MAX_HEART ="

self AVG_HEART ="

self. CAL ="

# Figure to show heart rate data

self.xfmt = md.DateFormatter('%H:%M)

self.fig = Figure()

self.a = self.fig.add_subplot(111)
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self.canvas = FigureCanvasTkAgg(self.fig, self)
self.toolbar = NavigationToolbar2TkAgg(self.canvas, self)
def select_all(self, event):
self.en_Day.select_range(0, tk.END)
return 'break’
def log_out(self, controller):
if (tkMessageBox.askyesno('Verify', 'Are you sure you want to logout?')):
controller.show_frame(StartPage)
def show_request_status(self, controller):

print("You have %d requests left!" %
controller.frames[StartPage].auth2_client.rate_limit_remaining)

def btnClick _save_period(self, controller):
width = 400
height = 100
self.win = Toplevel()
self.win.title('Save data in a period')
self.win.iconbitmap(hosei.ico")
self.win.geometry('%dx%d+650+220" % (width, height))
self.win.resizable(0,0)
self.win.grab_set()

labelDay_from = tk.Label(self.win, text="Enter a period to save data (YYYY-MM-
DD)", font="TimesNewRoman 13")

labelDay_from.place(x=40, y=5)

labelDay_from = tk.Label(self.win, text="Save from", font="TimesNewRoman 11")
labelDay_from.place(x=20, y=40)

labelDay _to = tk.Label(self.win, text="to", font="TimesNewRoman 11")

labelDay _to.place(x=220, y=40)

self.en_Day_from = ttk.Entry(self.win, font="TimesNewRoman 11")
self.en_Day_from.place(x=100, y=40, width=100)

self.en_Day_to = ttk.Entry(self.win, font="TimesNewRoman 11")
self.en_Day_to.place(x=250, y=40, width=100)

btnSaveData = ttk.Button(self.win, text="Save data", command=lambda:
self.btnClick_start_save period(controller))

btnSaveData.place(x=185, y=70)
def btnClick_start_save_period(self, controller):
try:
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tday = datetime.datetime.now()

date_from = datetime.datetime.strptime(self.en_Day_from.get(),
'%Y-%m-%d")

date_to = datetime.datetime.strptime(self.en_Day_to.get(), '%Y-%m-%d’)
if(date_from > date_to or date_to > tday):
raise ValueError()
if((date_to - date_from).days > 30):
raise IndexError
self.date_from = date_from
self.date_to = date_to
self.win.destroy()
self.save_data_period(controller)
except (ValueError):

tkMessageBox.showerror(*Opps!”, "Something went wrong! please check the
date again.")

except (IndexError):

tkMessageBox.showerror("Limited saving date!", "The period must be less
than 30 days!")

def save_data_date(self, controller):
try:
tday = datetime.datetime.now()
date = datetime.datetime.strptime(self.en_Day.get(), ‘% Y-%m-%d")
if(date > tday):
raise IndexError()
dat = date.strftime("%Y-%m-%d")
if
o0s.path.exists(0s.path.join(os.path.expanduser(controller.frames[StartPage].save_path),dat)):

if tkMessageBox.askyesno("Verify", "This data already exists. Do you
want to overwrite?"):

self.auth2_client = controller.frames[StartPage].auth2_client
date = date.strftime("%Y-%m-%d")

self. DATE = date
controller.frames[StartPage].save_data(controller, date)
print("Saved data on date {}".format(date))

tkMessageBox.showinfo("Information™, "Saved your data
successfully in\n"
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+
os.path.expanduser(controller.frames[StartPage].save_path) + "\\" + self. DATE)

else:
self.auth2_client = controller.frames[StartPage].auth2_client

fitbit_stats = self.auth2_client.intraday time_series(‘activities/heart’,
date, detail_level="1min")

HEART_DATA = fitbit_stats['activities-heart-intraday']['dataset']
if (len(HEART_DATA)==0):

if tkMessageBox.askyesno("Opps", *No data was synced on
this date! Continue to save?"):

date = date.strftime("%Y-%m-%d")

self. DATE = date
controller.frames[StartPage].save_data(controller, date)
print("Saved data on date {}".format(date))

tkMessageBox.showinfo("Information™, "Saved your
data successfully in\n"

+
os.path.expanduser(controller.frames[StartPage].save_path) + "\\" + self. DATE)

else:
date = date.strftime("%Y-%m-%d")
self.DATE = date
controller.frames[StartPage].save_data(controller, date)
print("Saved data on date {}".format(date))

tkMessageBox.showinfo("Information™, "Saved your data
successfully in\n"

+
os.path.expanduser(controller.frames[StartPage].save_path) + "\\" + self. DATE)

self.show_request_status(controller)
except (ValueError):

tkMessageBox.showerror("Opps!", "Something went wrong with your input
date, please check again.")

except (fitbit.exceptions.HTTPUnauthorized):

tkMessageBox.showinfo("Opps!", "Your token has been expired, please
logout and login again!")

except (IndexError):

tkMessageBox.showerror("Opps!", "Please sync your data first or check your
date again!")
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except fitbit.exceptions.HTTPTooManyRequests as exc:
self.cal_remain_time(exc)

def show_data(self, controller):
try:
tday = datetime.datetime.now()
date = datetime.datetime.strptime(self.en_Day.get(), '%Y-%m-%d")
if(date > tday):
raise IndexError()
if (self. CURR_DATE == date):
pass
else:
self.auth2_client = controller.frames[StartPage].auth2_client

fitbit_stats = self.auth2_client.intraday_time_series(‘activities/heart’,
date, detail_level="1min’)

HEART_DATA = fitbit_stats['activities-heart-intraday']['dataset']
self. CURR_DATE = date
if (len(HEART_DATA)==0):
raise IndexError()
date = date.strftime("%Y-%m-%d")
self.DATE = date

controller.frames[StartPage].loadDataForSum(self.auth2_client,
controller, date)

self.load_data()
self.show_request_status(controller)

except (ValueError):

tkMessageBox.showerror("Opps!", "Something went wrong with your input
date, please check again.")

except (IndexError):
print("'You have %d requests left!" % self.auth2_client.rate_limit_remaining)

tkMessageBox.showerror("Opps!", "No data was synced on this date! Please
check your date again!™)

except (fitbit.exceptions.HTTPUnauthorized):

tkMessageBox.showinfo("Opps!", "Your token has been expired, please
logout and login again!")
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except fitbit.exceptions.HTTPTooManyRequests as exc:
self.cal_remain_time(exc)
def check_folder(self, controller):
dateFrom = self.date_from
while(dateFrom <= self.date_to):
date = dateFrom.strftime("%Y-%m-%d")
if
os.path.exists(0s.path.join(os.path.expanduser(controller.frames[StartPage].save_path),date)):
return True
dateFrom = dateFrom + datetime.timedelta(days=1)
return False

def save_data_period(self, controller):
try:
if self.check_folder(controller):

if tkMessageBox.askyesno("Verify", "Some of your data already
exists. Do you want to overwrite?"):

self.auth2_client = controller.frames[StartPage].auth2_client

tkMessageBox.showinfo("Information™, "Saving your data
from" +

self.date_from.strftime("%Y-%m-%d") + "to " +
self.date_to.strftime("%Y-%m-%d") +

" will take some moments. Please wait...")

dateFrom = self.date_from

while(dateFrom <= self.date_to):
date = dateFrom.strftime("%Y-%m-%d")
self.DATE = date
controller.frames[StartPage].save_data(controller, date)
dateFrom = dateFrom + datetime.timedelta(days=1)
print("Saved data on date {}".format(date))

tkMessageBox.showinfo("Information", "Saved your data
successfully in\n"

+
os.path.expanduser(controller.frames[StartPage].save_path))

else:

self.auth2_client = controller.frames[StartPage].auth2_client
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dateFrom = self.date_from
while(dateFrom <= self.date_to):
date = dateFrom.strftime("%Y-%m-%d")

if not
os.path.exists(os.path.join(os.path.expanduser(controller.frames[StartPage].save_path),date)):

self.DATE = date

controller.frames[StartPage].save_data(controller, date)
print("Saved data on date {}".format(date))
dateFrom = dateFrom + datetime.timedelta(days=1)

tkMessageBox.showinfo("Information™, "Saved your data
successfully in\n"

+
os.path.expanduser(controller.frames[StartPage].save_path))

else:
self.auth2_client = controller.frames[StartPage].auth2_client
if tkMessageBox.askyesno(""Continue?", "Saving your data from " +

self.date_from.strftime("%Y-%m-%d") + "to " +
self.date_to.strftime("%Y-%m-%d") +

" will take some moments. Do you want to continue?"):
dateFrom = self.date_from
while(dateFrom <= self.date_to):

date = dateFrom.strftime("%Y-%m-%d")

self. DATE = date

controller.frames[StartPage].save_data(controller, date)

print("Saved data on date {}".format(date))
dateFrom = dateFrom + datetime.timedelta(days=1)

tkMessageBox.showinfo("Information™, "Saved your data
successfully in\n"

os.path.expanduser(controller.frames[StartPage].save_path))
self.show_request_status(controller)

except (ValueError):
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tkMessageBox.showerror("Opps!", "Something went wrong with your input
date, please check again.")

except (fitbit.exceptions.HTTPUnauthorized):

tkMessageBox.showinfo("Opps!", "Your token has been expired, please
logout and login again!")

except fitbit.exceptions. HTTPTooManyRequests as exc:

self.cal_remain_time(exc)
def load_data(self):

# Load hear rate data from CSV file

self.labelTitle['text'] = "Welcome to Fitbit Downloader"

try:
self.a.clear()
self.fig.clear()
self.a = self.fig.add_subplot(111)
self.a.xaxis.set_major_formatter(self.xfmt)
self.a.set_title("Heart Rate Data on " + self. DATE)
timestamps = [x['time'] for x in self. HEART_DATA]
times = [dateutil.parser.parse(s) for s in timestamps]
heart_rate = [x['value'] for x in self HEART_DATA]
self.a.plot(times, heart_rate)
self.canvas.draw()
self.canvas.get_tk widget().pack(side=tk. TOP, fill=tk. BOTH, expand = True)
self.toolbar.update()
self.canvas._tkcanvas.pack(side=tk. TOP, fill=tk. BOTH, expand = True)
self.labelStep['text’] = "Steps: "+ self. STEPS
self.labelDistance['text] = "Distance: "+ self. DISTANCE + " km"
self.labelCalo['text’] = "Calories: "+ self. CAL + " cals"
new_heart_rate = [int(x) for x in heart_rate]
self.MIN_HEART = str(min(new_heart_rate))
self. MAX_HEART = str(max(new_heart_rate))

self AVG_HEART =
str(int(round(float(sum(new_heart_rate))/len(new_heart_rate))))

self.labelMinHeart['text’] = "MIN Heart: "+ self. MIN_HEART + " bpm"
self.labelMaxHeart['text’] = "MAX Heart: "+ self MAX_HEART + " bpm"
self.labelAvgHeart['text] = "Avg. Heart: "+ self AVG_HEART + " bpm"
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except (TypeError, ValueError) as e:

tkMessageBox.showinfo("Oops!", "Can't retrieve your data. Make sure that
you've synced your data before!")

def on_closing():
if tkMessageBox.askyesno(""Quit", "Do you really want to quit?"):

app.destroy()
app = FitbitApp()
w = 1000
h = 600

ws = app.winfo_screenwidth() # width of the screen

hs = app.winfo_screenheight() # height of the screen

X = (ws/2) - (wW/2)

y = (hs/2) - (h/2)

app.geometry('%dx%d+%d+%d’ % (w, h, X, y))
app.protocol("WM_DELETE_WINDOW?", on_closing)
app.resizable(width=False, height=False)
app.mainloop()
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D.3 MATLAB code for calculating cosinor elements

double cosinor method

function[a0,al,bl,a2,b2,M,A1,A2,fail,fai2,tmax1,tmax2,errval,z]=cosinorcalc02r2(t,y,N)
omega=pi/12;omegat=omega*t;omegat2=2*omegat;
f0=1/24;

Cl=cos(2*pi*f0*t);S1=sin(2*pi*f0*t);
C2=cos(4*pi*f0*t);S2=sin(4*pi*f0*1);
R=zeros(5,5);

R(1,:)=[N sum(C1) sum(S1) sum(C2) sum(S2)];
R(2,:)=[R(1,2) C1*C1 S1'*C1 C2'*C1 S2*C1];
R(3,:)=[R(1,3) R(2,3) S1'*S1 C2'*S1 S2*S1];
R(4,)=[R(1,4) R(2,4) R(3,4) C2*C2 S2*C2];
R(5,:)=[R(1,5) R(2,5) R(3,5) R(4,5) S2'*S2];
pl=sum(y);

p2=y™*C1;

p3=y™*S1;

pa=y™*C2;

p5=y™S2;

p=[p1 p2 p3 p4 p5]’;

w=inv(R)*p;
a0=w(1);al=w(2);b1=w(3);a2=w(4);b2=w(5);
a3=w(4);ad=w(5);

% M: Masor( value about which oscillation occurs)
M=a0;

% A:Amplitude( half the difference between the highest and lowest values)
A=sqrt(al"2+b172);

Al=sqrt(al”2+b1"2);

% fai: Acrophase(timing of high point, in degrees)
fai=atan2(b1,al);

fail=fai;

tmax1=fail*12/pi;

if(tmax1<0) tmax1=tmax1+24;

end

A2=sqrt(a2"2+b2/2);

% fai: Acrophase(timing of high point, in degrees)
fai=atan2(b2,a2);

fai2=fai,

tmax2=fai2*12/pi/2;

if(tmax2<0) tmax2=tmax2+12;

end

%z=M+A*cos(omegat+fai);
%z=M+al*C1l+b1*S1+a2*C2+b2*S2;
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z=M+Al1*cos(2*pi*f0*t-fail)+A2*cos(4*pi*f0*t-fai2);
errval=((z-y)™*(z-y))/N;
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D.4 MATLAB code for heart rate analysis and extracting
double cosinor elements

clear

close all

clc

CurrentDirectory=pwd,;

%% Input subject number

subject=input(’'Input subject number(1-20):";

cd(num2str(subject));

%% Input a filename that you will analyze

datal=input(‘Input the date of a filename that will be analized(ex.2017-07-17):",'s");

data2="_HRminData.csV';

datal=horzcat(datal,data2);

% datal='2017-07-17_HRminData.csVv',

%% Divide the data of the contents(Year,Month,Day,Hour,Minute,Second,HR)

fid=fopen(datal,'r');

data=textscan(fid, %s");

N=length(data{1});

year=zeros(1,N-1);month=zeros(1,N-1);day=zeros(1,N-1);

hour=zeros(1,N-1);minute=zeros(1,N-1);

sec=zeros(1,N-1);hrorg=zeros(1,N-1);

for n=2:N
c=strsplit(data{1}{n},{"", /""" });
year(n-1)=str2num(char(c(1,3)));
month(n-1)=str2num(char(c(1,4)));
day(n-1)=str2num(char(c(1,5)));
hour(n-1)=str2num(char(c(1,6)));
minute(n-1)=str2num(char(c(1,7)));
sec(n-1)=str2num(char(c(1,8)));
hrorg(n-1)=str2num(char(c(1,9)));

end

hr_data=hrorg; % HR data

%% To aquire time when HR happned

time=zeros(1,N-1);

for k=1:length(hour)
time(k)=hour(k)+minute(k)/60+sec(k)/3600;

end

%% plot original data

figure(1)

plot(time,hr_data,'b’,'linewidth’,1.3)

xlim([min(time) max(time)])

ylim([40 160])
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set(gca,'FontSize',20,'FontName’, Times New Roman’)
xlabel('Time (Hour)','FontSize',20,'FontName’, Times New Roman’)
ylabel('Heart Rate(beat/min)’,'FontSize’,20,'FontName’, Times New Roman’)
time1=0:1/60:24-1/60;
hr_datal=zeros(1,1440);
for n=1:length(hrorg)
ntime=hour(n)*60+minute(n)+1;
hr_datal(ntime)=hrorg(n);

end

figure(2)

plot(timel,hr_datal,'b’,'linewidth’,1.3)

xlim([0 24])

ylim([40 160])

set(gca,'FontSize',20,'FontName',' Times New Roman’)

xlabel('Time (Hour)','FontSize',20,'FontName’, Times New Roman’)

ylabel('Heart Rate(beat/min)’,'FontSize’,20,'FontName’,' Times New Roman’)
%% Cosinor method applies to HR data
y=hr_data’;
zihr=zeros(1,length(y));
cd(CurrentDirectory)
[a0,al,b1,a2,b2,Mihr,Alihr,A2ihr failihr,fai2ihr,...

tmaxZlihr,tmax2ihr,errvlihr,zihr]=cosinorcalc02r2(time'y,length(y));

f0=1/24;
c_single = Mihr+Alihr*cos(2*pi*fO*time-failihr);
c_double = Mihr+A2ihr*cos(4*pi*f0*time-fai2ihr);
t=timel;
yla=a0*ones(1,1440);
y2a=Mihr+Alihr*cos(2*pi*t'/24-failihr);
y3a=Mihr+A2ihr*cos(2*pi*t'/12-fai2ihr);
yda=Mihr+Alihr*cos(2*pi*t'/24-failihr)+A2ihr*cos(2*pi*t'/12-fai2ihr);
%% plot cosinor (blue:HR data, green: cosinor(24 hours circle), mazenta(pink):cosinor(24 hours
circle), red: green + mazenta, black: average HR)
figure(3)
plot(timel,hr_datal,'b','linewidth’,1.0)
hold on
plot(timel,y2a,'g’,'LineWidth',2.0)
plot(timel,y3a,'m','LineWidth',2.0)
plot(timel,y4a,'r','LineWidth',2.5)
plot(timel,yla, 'k’ 'linewidth’,1.5)
hold off
xlim([0 24])
ylim([40 160])
set(gca, FontSize',20,'FontName’,' Times New Roman')
xlabel("Time (Hour)','FontSize',20,'FontName’,'Times New Roman')
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ylabel('Heart Rate(beat/min)’,'FontSize’,20,'FontName’, Times New Roman’)
cd(num2str(subject))
%% Cosinor parameter
residual=y-zihr;
sigma=std(residual);
t1=failihr*24/2/pi;
t2=fai2ihr*12/2/pi;
%% Phase parameter(blue solid line: cosinor(24 hours circle), blue short dashes line: cosinor(12
hours circle), red solid line: blue solid line + blue short dashes line, black: average HR )
figure(4)
hold on
plot(timel,y2a,'b','LineWidth',2.0)
plot(timel,y3a,'b--"'LineWidth',2.0)
plot(timel,y4a,'r','LineWidth',2.5)
plot(timel,yla, 'k’ 'linewidth',1.5)
hold off
xlim([0 24])
ylim([40 160])
set(gca,'FontSize',20,'FontName', Times New Roman’)
xlabel('Time (Hour)','FontSize',20,'FontName’, Times New Roman’)
ylabel('Heart Rate(beat/min)’,'FontSize’,20,'FontName’, Times New Roman’)
%% To show cosinor parameter
sprintf(* mean: %.2f(bpm) \n al: %.2f (bpm) t1: %.2f (hours) \n a2: %.2f (bpm) t2: %.2f (hours)\n
residual SD %.2f (bpm)'...
,a0, Alihr,failihr*24/2/pi, A2ihr fai2ihr*12/2/pi,sigma)
cd(CurrentDirectory)
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D.5 MATLAB code for spline fitting

x=csvread(‘spline_fitting.csv");
x=X"; % to make x be a row vector
% set the Unit Time be "Min"
t=0:1439;T=1440;
a0=trapz(x)/T;
C24=cos(2*pi*t/T);S24=sin(2*pi*t/T);
C12=cos(2*pi*t/(T/2));S12=sin(2*pi*t/(T/2));
CosAmp24=trapz(x.*C24)*2/T;
SinAmp24=trapz(x.*S24)*2/T;
CosAmpl2=trapz(x.*C12)*2/T;
SinAmp12=trapz(x.*S12)*2/T;
y=a0+CosAmp24*C24+SinAmp24*S24+CosAmpl12*C12+ SinAmp12*S12;
% X(blue)=original, y(red)=Fourier Series
figure(1)
plot(t./60,x,'linewidth’,1);hold on;plot(t./60,y, linewidth',1)
set(gca,'FontSize',16,'FontName’, Times New Roman’)
xlabel('Time (Hour)','FontSize',20,'FontName', Times New Roman’)
ylabel('Heart Rate (bpm)','FontSize',20,'FontName’, Times New Roman’)
xlim([0 24])
a24spline=sqrt(CosAmp24°2+SinAmp24.2)
al2spline=sqrt(CosAmp12°2+SinAmp12°2)
error=sqrt(((y-x)*(y-x)'/1440)/var(x))
figure(2)
plot(t./60,y-X,'linewidth’,1)
set(gca,'FontSize',16,'FontName’,' Times New Roman’)
xlabel('Time (Hour)','FontSize',20,'FontName', Times New Roman’)
ylabel('Error Series','FontSize',20,'FontName’,' Times New Roman’)
xlim([0 24])
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D.6 MATLAB code for cosinor-based and spline-based
parameters extraction

clear

close all

clc

CurrentDirectory=pwd,;

%% Input subject number

subject=input(’'Input subject number(1-20):";

cd(num2str(subject));

%% Input a filename that you will analyze

datal=input(‘Input the date of a filename that will be analized(ex.2017-07-17):",'s");

data2="_HRminData.csV';

datal=horzcat(datal,data2);

% datal='2017-07-17_HRminData.csVv',

%% Divide the data of the contents(Year,Month,Day,Hour,Minute,Second,HR)

fid=fopen(datal,'r');

data=textscan(fid, %s");

N=length(data{1});

year=zeros(1,N-1);month=zeros(1,N-1);day=zeros(1,N-1);

hour=zeros(1,N-1);minute=zeros(1,N-1);

sec=zeros(1,N-1);hrorg=zeros(1,N-1);

for n=2:N
c=strsplit(data{1}{n},{"", /""" });
year(n-1)=str2num(char(c(1,3)));
month(n-1)=str2num(char(c(1,4)));
day(n-1)=str2num(char(c(1,5)));
hour(n-1)=str2num(char(c(1,6)));
minute(n-1)=str2num(char(c(1,7)));
sec(n-1)=str2num(char(c(1,8)));
hrorg(n-1)=str2num(char(c(1,9)));

end

hr_data=hrorg; % HR data

%% To aquire time when HR happned

time=zeros(1,N-1);

for k=1:length(hour)
time(k)=hour(k)+minute(k)/60+sec(k)/3600;

end

%% plot original data

figure(1)

plot(time,hr_data,'b’,'linewidth’,1.3)

xlim([min(time) max(time)])

ylim([40 160])

185



set(gca,'FontSize',20,'FontName’, Times New Roman’)
xlabel('Time (Hour)','FontSize',20,'FontName’, Times New Roman’)
ylabel('Heart Rate(beat/min)’,'FontSize’,20,'FontName’, Times New Roman’)
%% Zero Interpolation
time1=0:1/60:24-1/60;
hr_datal=zeros(1,1440);
for n=1:length(hrorg)
ntime=hour(n)*60+minute(n)+1;
hr_datal(ntime)=hrorg(n);
end
figure(2)
plot(timel,hr_datal,'b','linewidth’,1.3)
xlim([0 24])
ylim([40 160])
set(gca,'FontSize',20,'FontName’, Times New Roman’)
xlabel('Time (Hour)','FontSize',20,'FontName’, Times New Roman’)
ylabel('Heart Rate(beat/min)’,'FontSize’,20,'FontName’, Times New Roman’)
%% Cosinor Methos is applied
y=hr_data’;
zihr=zeros(1,length(y));
cd(CurrentDirectory)
[a0,al,b1,a2,b2,Mihr,Alihr,A2ihr,failihr,fai2ihr,...
tmaxZlihr,tmax2ihr,errvlihr,zihr]=cosinorcalc02r2(time'y,length(y));
f0=1/24;
c_single = Mihr+Alihr*cos(2*pi*f0*time-failihr);%% 24 hour rhythm cosinor
c_double = Mihr+A2ihr*cos(4*pi*f0*time-fai2ihr);%% 12 hour rhythm cosinor
d_double= Mihr+Alihr*cos(2*pi*fO*time-failihr)+A2ihr*cos(4*pi*f0*time-fai2ihr);
t=timel;
yla=a0*ones(1,1440);
y2a=Mihr+Alihr*cos(2*pi*t'/24-failihr);
y3a=Mihr+A2ihr*cos(2*pi*t'/12-fai2ihr);
yda=Mihr+Alihr*cos(2*pi*t'/24-failihr)+A2ihr*cos(2*pi*t'/12-fai2ihr);
%% original cosinor
figure(3)
plot(time,hr_data,'k’,'linewidth',0.5)
hold on
plot(time,c_single,'k--",'LineWidth',1.0)% 24 hour rhythm
plot(time,c_double,'k-."'LineWidth',1.0)% 12 hour rhythm
plot(time,d_double,'k’','LineWidth',2.0)% 24 hour rhythm +12 hour rhythm
hold off
xlim([0 24])
ylim([40 160])
set(gca, FontSize',20,'FontName’, Times New Roman')
xlabel("Time (Hour)','FontSize',20,'FontName’,'Times New Roman')
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ylabel('Heart Rate(beat/min)’,'FontSize’,20,'FontName’, Times New Roman’)
%% Interpolation cosinor

figure(4)

plot(timel,hr_datal,'k-."'linewidth',1.0)

hold on

plot(timel,y4a,'k','LineWidth',4.5)% 24 hour rhythm +12 hour rhythm
hold off

xlim([0 24])

ylim([40 160])

set(gca,'FontSize',20,'FontName', Times New Roman’)

xlabel('Time (Hour)','FontSize',20,'FontName’, Times New Roman’)
ylabel('Heart Rate(beat/min)’,'FontSize’,20,'FontName’, Times New Roman’)
%% Cosinor ASR

t1=failihr*24/2/pi;

t2=fai2ihr*12/2/pi;

t ¢=0:1/60:24-1/60;

M=Mihr;
hr=M+ALlihr*cos(2*pi/24*(t-t1))+A2ihr*cos(2*pi/12*(t-t2));
CA=max(y4a)-min(y4a);

hrd=diff(hr);

hrd=[hrd(1) hrd];

hrd=hrd*60;

[ASR1,ASR_p]=max(hrd);

figure(5)

plot(t_c,hrd,'k','linewidth’,2.0)

hold on

scatter(t_c(ASR_p),ASR1,100,'k','o", filled")

hold off

% hold on

% plot(t_c,M-hr,'k-.",'linewidth',1.0)

% hold off

xlim([0 24])

set(gca, FontSize',20,'FontName', Times New Roman’)

xlabel('Time (Hour)','FontSize',20,'FontName', Times New Roman’)
ylabel('Heart Rate(beat/min)’,'FontSize',20,'FontName’," Times New Roman’)
%% Spline method applies to HR data

%*********************************YOu have to Chane P Value

be I 0W***********************************************************

p=0.002;

%*******************************************************************************

*kkhkkkkhkkhkkikkkhkkhhkkikkhkkikkkhkkhkkhkkhkkikkkhkhkkhkhkkkikkhkhkkikhkkkikk
shr=csaps(time',hrorg’,p,time");
shr2=csaps(time',hrorg’,p,timel’);
dshr=fnval(timel,fndir(spline(time,shr),1));
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figure(6)
plot(timel,hr_datal,'b','linewidth’,1.0)
hold on
plot(timel,shr2,'r','linewidth’,2.0)
hold off
xlim([0 24])
ylim([40 160])
set(gca,'FontSize',20,'FontName', Times New Roman’)
xlabel('Time (Hour)','FontSize',20,'FontName’, Times New Roman’)
ylabel(‘Heart Rate(beat/min)’,'FontSize’,20,'FontName’, Times New Roman’)
splineamp=max(shr2)-min(shr2);
%% Spline ASR
[max1,maxpl]=max(dshr(1:720));
[max2,maxp2]=max(dshr(721:1440));
if(max1>max2)
maxd=max1;
maxi=maxpl;
else
maxd=max2;
maxi=maxp2+720;
end
label=strcat(' ASRS',num2str(p));
figure(7)
plot(timel,shr2-mean(shr2),'b",'linewidth',1.0)
hold on
plot(timel,dshr,'r','linewidth’,2.0)
plot([maxi/60,maxi/60], [min(shr)-mean(shr),max(dshr)],'k’,'linewidth’,1.3)
hold off
xlim([0 24])
ylim([-inf inf])
set(gca,'FontSize',20,'FontName’, Times New Roman’)
xlabel('Time (Hour)','FontSize',20,'FontName’, Times New Roman’)
ylabel(label,'FontSize',20,'FontName', Times New Roman’)
figure(8)
% plot(timel,hr_datal,'b','linewidth’,0.2)
hold on
plot(timel,shr2,'r','linewidth’,2.0)
plot(timel,y4a,'k--",LineWidth',2.5)%
2472507uSu,IfRfTFCF,B1272807uS0,I fRFTFCF<,1212"¢
hold off
xlim([0 24])
% ylim([40 160])
set(gca, FontSize',20,'FontName’,'Times New Roman')
xlabel("Time (Hour)','FontSize',20,'FontName’,'Times New Roman')
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ylabel(‘Heart Rate(bpm)’,'FontSize',20,'FontName’,' Times New Roman’)
%% Spline A24 and A12

X=shr2;

x=x":

t=0:1439;T=1440;

a0=trapz(x)/T;

C24=cos(2*pi*t/T);S24=sin(2*pi*t/T);
C12=cos(2*pi*t/(T/2));S12=sin(2*pi*t/(T/2));
CosAmp24=trapz(x.*C24)*2/T;

SinAmp24=trapz(x.*S24)*2/T;

CosAmpl2=trapz(x.*C12)*2/T,

SinAmpl2=trapz(x.*S12)*2/T;
y=a0+CosAmp24*C24+SinAmp24*S24+CosAmp12*C12+ SinAmp12*S12;
% X(blue)=original, y(red)=Fourier Series

figure(9)

plot(t./60,x,'0','linewidth’,1);hold on;plot(t./60,y,'r','linewidth’,1)%blue: spline, red: Fourier series
set(gca, FontSize',16,'FontName’,' Times New Roman’)

xlabel('Time (Hour)','FontSize',20,'FontName', Times New Roman’)
ylabel('Heart Rate (bpm)','FontSize',20,'FontName’, Times New Roman’)
xlim([0 24])

a24spline=sqrt(CosAmp24°2+SinAmp24.2);
al2spline=sqrt(CosAmp12°2+SinAmp12”2);
error=sqrt(((y-x)*(y-x)'/1440)/var(x));

figure(10)

plot(t./60,y-X,'linewidth’,1)

set(gca, FontSize',16,'FontName’, Times New Roman')

xlabel('Time (Hour)','FontSize',20,'FontName', Times New Roman’)
ylabel('Error Series','FontSize',20,'FontName’,' Times New Roman’)
xlim([0 24])

%% To Show Data

fpri ntf('*******************************Am pl itude

*hkkkhkhkhkkhkhkihhkhkhkhhikhhikhhikiikiiii\n")-
Below \n");

fprintf('Spline Amplitude(p value %s):%.2f\n',;num2str(p),splineamp);
fprintf('Cosinor Amplitude:%.2f\n',CA)

fprl ntf('*******************************SwitCh | ng Rate

*hkkhkkkhkkhkkkhkkhkkhkhkkhkhkhkhkhkhhhihhhiiikii -
Below \n’);

fprintf(CASR(Spline p value=%s):%.2f\n',num2str(p),maxd);

fprintf('ASR(cosinor):%.2\n",ASR1)

fprintf(‘*******************************A24 and A12******************************\n');
fprintf('A24(Spline p value=%s):%.2f,A12(Spline p
value=%s5):%.2f\n’,num2str(p),a24spline,numa2str(p),al2spline);
fprintf('A24(cosinor):%.2f,A12(cosinor):%.2f\n",Alihr,A2ihr)

cd(CurrentDirectory)
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D.7 MATLAB code for single regression analysis

clear

clc

close all
x=xlsread('memo_mean_median_cosinor_parameters.xIsx’);
CA24=x(:,2);

MEDCA24=x(:,3);

CA12=x(:,4);

MEDCA12=x(:,5);

CASR=x(:,6);

MEDCASR=x(:,7);

CAMP=x(:,8);

MEDCAMP=x(:,9);

FF=x(:,10); %% physiological Index - Flow Frequency
%% Exclude data with FF zero
zero_index=find(FF>0);

CA24=CA24(zero_index);
MEDCA24=MEDCAZ24(zero_index);
CA12=CA12(zero_index);
MEDCA12=MEDCA12(zero_index);
CASR=CASR(zero_index);
MEDCASR=MEDCASR(zero_index);
CAMP=CAMP(zero_index);
MEDCAMP=MEDCAMP(zero_index);
FF=FF(zero_index);

Label="Flow Frequency’;

Labell=strcat('Flow Frequency Prediction by");

%% FF prediction by CA24

X=[ones(size(FF)) CA24];
[b,bint,r,rint,state]=regress(FF,X);
f1=b(1)+b(2).*CA24;

p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(1)

scatter(f1,FF,80,'k','0")

hold on

plot(fl,pre, 'k’ linewidth’,1.3)
set(gca,'FontSize',16,'FontName’, Times New Roman’)
xlabel(strcat(Labell,’ cA-24'),'FontSize',16,'FontName’,' Times New Roman’)
ylabel(strcat(Label," Index’),'FontSize',16,'FontName’,"Times New Roman’)
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by cA-24\n’);

fprintf('Regression Formula:%.3f+%.3f*cA-24\n",b(1),b(2))
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% fprintf( Approximate Line:%.3f*Pre+%f\n',p(1),p(2))
fprintf(R"2:%.4f, P value:%.4f\n"\R(1,2)"2,P(1,2))

fpri ntf(‘***************************************************************************

******\n ')

%% FF prediction by MEDCA24

X=[ones(size(FF)) MEDCAZ24];

[b,bint,r,rint,state]=regress(FF,X);

f1=b(1)+b(2).*MEDCA24;

p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(2)

scatter(f1,FF,80,'k','0")

hold on

plot(fl,pre, 'k’ linewidth’,1.3)

set(gca,'FontSize',16,'FontName’, Times New Roman’)
xlabel(strcat(Labell,' cA-24*"),'FontSize',16,'FontName’, Times New Roman’)
ylabel(strcat(Label," Index"),'FontSize',16,'FontName’,'Times New Roman’)
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by cA-24\n’);

fprintf('Regression Formula:%.3f+%.3f*cA-24\n",b(1),b(2))

% fprintf(' Approximate Line:%.3f*Pre+%f\n’,p(1),p(2))

fprintf('R"2:%.4f, P value:%.4A\n",R(1,2)"2,P(1,2))

fpri ntf('***************************************************************************

******\n ')

%% FF prediction by CA12

X=[ones(size(FF)) CA12];

[b,bint,r,rint,state]=regress(FF,X);

f1=b(1)+b(2).*CA12;

p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(3)

scatter(f1,FF,80,'k’,'0")

hold on

plot(fl,pre,'k','linewidth’,1.3)

set(gca, FontSize',16,'FontName’, Times New Roman')
xlabel(strcat(Labell, cA-12"),'FontSize',16,'FontName’, Times New Roman')
ylabel(strcat(Label," Index’),'FontSize',16,'FontName’,"Times New Roman’)
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by cA-12\n");

fprintf('Regression Formula:%.3f+%.3f*cA-12\n",b(1),b(2))

% fprintf(' Approximate Line:%.3f*Pre+%f\n’',p(1),p(2))

fprintf('R"2:%.4f, P value:%.4\n',R(1,2)"2,P(1,2))

fprl ntf('***************************************************************************

******\n ')
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%% FF prediction by MEDCA12

X=[ones(size(FF)) MEDCA12];

[b,bint,r,rint,state]=regress(FF,X);

f1=b(1)+b(2).*MEDCA12;

p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(4)

scatter(f1,FF,80,'k','0")

hold on

plot(fl,pre,'’k', linewidth’,1.3)

set(gca,'FontSize',16,'FontName’, Times New Roman’)
xlabel(strcat(Labell, cA-12*"),'FontSize',16,'FontName’,"Times New Roman’)
ylabel(strcat(Label," Index’),'FontSize',16,'FontName’," Times New Roman’)
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by cA-12*\n");

fprintf('Regression Formula:%.3f+%.3f*cA-12*\n",b(1),b(2))

% fprintf( Approximate Line:%.3f*Pre+%f\n',p(1),p(2))

fprintf('R"2:%.4f, P value:%.4f\n"\R(1,2)"2,P(1,2))

fprl ntf('***************************************************************************

******\n ')

%% FF prediction by CASR

X=[ones(size(FF)) CASR];

[b,bint,r,rint,state]=regress(FF,X);

f1=b(1)+b(2).*CASR,;

p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(5)

scatter(f1,FF,80,'k','0")

hold on

plot(fl,pre, 'k’ linewidth’,1.3)
set(gca,'FontSize',16,'FontName’, Times New Roman’)
xlabel(strcat(Labell,' cCASR'),'FontSize',16,'FontName’,' Times New Roman’)
ylabel(strcat(Label,' "),'FontSize',16,'FontName’, Times New Roman’)
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by cASR\n');

fprintf('Regression Formula:%.3f+%.3f*cASR\n',b(1),b(2))

% fprintf( Approximate Line:%.3f*Pre+%f\n’,p(1),p(2))
fprintf('R"2:%.4f, P value:%.4f\n',R(1,2)"2,P(1,2))

fpri ntf('***************************************************************************

******\n ')

%% FF prediction by MEDCASR
X=[ones(size(FF)) MEDCASR];
[b,bint,r,rint,state]=regress(FF,X);
f1=b(1)+b(2).*MEDCASR;
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p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(6)

scatter(f1,FF,80,'k','0")

hold on

plot(fl,pre,'k','linewidth’,1.3)

set(gca, FontSize',16,'FontName’, Times New Roman')
xlabel(strcat(Labell,’ cCASR*"),'FontSize’,16,'FontName’, Times New Roman’)
ylabel(strcat(Label," Index’),'FontSize',16,'FontName’,"Times New Roman’)
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by cCASR*\n");

fprintf('Regression Formula:%.3f+%.3f*cASR*\n',b(1),b(2))

% fprintf( Approximate Line:%.3f*Pre+%f\n’,p(1),p(2))

fprintf('R"2:%.4f, P value:%.4\n",R(1,2)"2,P(1,2))

fpri ntf('***************************************************************************

******\n ')

%% FF prediction by CAMP

X=[ones(size(FF)) CAMP];

[b,bint,r,rint,state]=regress(FF,X);

f1=b(1)+b(2). *CAMP;

p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(7)

scatter(f1,FF,80,'k','0")

hold on

plot(fl,pre,'k','linewidth’,1.3)

set(gca, FontSize',16,'FontName’,' Times New Roman’)
xlabel(strcat(Labell, cA"),'FontSize',16,'FontName’,'Times New Roman')
ylabel(strcat(Label," Index’),'FontSize',16,'FontName’,"Times New Roman’)
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by cA\n');

fprintf('Regression Formula:%.3f+%.3f*cA\n',b(1),b(2))

% fprintf( Approximate Line:%.3f*Pre+%f\n',p(1),p(2))
fprintf('R"2:%.4f, P value:%.4f\n"\R(1,2)"2,P(1,2))

fprl ntf('***************************************************************************

******\n ')

%% FF prediction by MEDCAMP
X=[ones(size(FF)) MEDCAMP];
[b,bint,r,rint,state]=regress(FF,X);
f1=b(1)+b(2).*MEDCAMP;
p=polyfit(f1,FF,1);
pre=p(1).*f1+p(2);

figure(8)

scatter(f1,FF,80,'k','0")

193



hold on

plot(fl,pre, 'k’ linewidth’,1.3)

set(gca,'FontSize',16,'FontName’, Times New Roman’)
xlabel(strcat(Labell,' cA*"),'FontSize',16,'FontName’,"Times New Roman’)
ylabel(strcat(Label," Index'),'FontSize',16,'FontName’,'Times New Roman’)
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by cA*\n');

fprintf('Regression Formula:%.3f+%.3f*cA*\n',b(1),b(2))

% fprintf( Approximate Line:%.3f*Pre+%f\n',p(1),p(2))

fprintf(R"2:%.4f, P value:%.4f\n"\R(1,2)"2,P(1,2))

fpri ntf(‘***************************************************************************

******\n ')
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D.8 MATLAB Code for multiple regression analysis

clear

clc

close all

x=xlsread(‘only_cosinor_param’);

A24=x(:,2);

A12=x(:,3);

CASR1=x(:,4);

FF=x(:,5); %% Flow Frequency (physiological Index)
%% Exclude data with FF zero
zero_index=find(FF>0);

A24=A24(zero_index);

Al12=A12(zero_index);

CASR1=CASR1(zero_index);

FF=FF(zero_index);

Label="Flow Frequency’;

Labell=strcat(Label," prediction by");

%% FF prediction by A24

X=[ones(size(A24)) A24];
[b,bint,r,rint,state]=regress(FF,X);

f1=b(1)+b(2).*A24;

p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(1)

scatter(f1,FF,80,'k','0")

hold on

plot(fl,pre,'’k','linewidth’,1.3)
set(gca,'FontSize',16,'FontName’,' Times New Roman’)
xlabel(strcat(Labell," A24"),'FontSize',16,'FontName’, Times New Roman’)
ylabel(strcat(Label," Index’),'FontSize',16,'FontName’,"Times New Roman’)
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by A24\n');

fprintf('Regression Formula:%.3f+%.3f*A24\n',b(1),b(2))
% fprintf( Approximate Line:%.3f*Pre+%f\n',p(1),p(2))
fprintf('R"2:%.4f, P value:%.4\n',R(1,2)"2,P(1,2))

fpri ntf('***************************************************************************

******\n ')

%% FF prediction by A12
X=[ones(size(A12)) A12];
[b,bint,r,rint,state]=regress(FF,X);
f1=b(1)+b(2).*A12;
p=polyfit(f1,FF,1);
pre=p(1).*f1+p(2);
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figure(2)

scatter(f1,FF,80,'k','0")

hold on

plot(fl,pre, 'k’ linewidth’,1.3)

set(gca, FontSize',16,'FontName’,'Times New Roman')
xlabel(strcat(Labell," A12"),'FontSize',16,'FontName’,' Times New Roman’)
ylabel(strcat(Label," Index'),'FontSize',16,'FontName’,' Times New Roman')
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('FF prediction by A12\n');

fprintf('Regression Formula:%.3f+%.3f*A12\n',b(1),b(2))

% fprintf( Approximate Line:%.3f*Pre+%f\n',p(1),p(2))

fprintf('R"2:%.4f, P value:%.4f\n"\R(1,2)"2,P(1,2))

fpri ntf('***************************************************************************

******\n ')

%% Multiple Regression with A24 and CASR1

X=[ones(size(A24)) A24 CASR1];

[b,bint,r,rint,state]=regress(FF,X);

f1=b(1)+b(2).*A24+b(3).*CASR1,

p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(3)

scatter(f1,FF,80,'k','0")

hold on

plot(fl,pre, 'k’ linewidth’,1.3)

set(gca,'FontSize',16,'FontName’, Times New Roman')

xlabel(strcat(Labell," A24 and CASR1"),'FontSize',16,'FontName’, Times New Roman’)
ylabel(strcat(Label," Index"),'FontSize',16,'FontName’,'Times New Roman')
[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('Multiple Regression with A24 and CASR1\n’);

fprintf('Regression Formula:%.3f+%.3f*A24+%.3f*CASR1\n',b(1),b(2),b(3))
% fprintf( Approximate Line:%.3f*Pre+%f\n’,p(1),p(2))

fprintf('R"2:%.4f, P value:%.4A\n",R(1,2)"2,P(1,2))

fprl ntf('***************************************************************************

******\n ')

%% Multiple Regression with A12 and CASR1
X=[ones(size(Al12)) A12 CASR1];
[b,bint,r,rint,state]=regress(FF,X);
f1=b(1)+b(2).*A12+b(3).*CASR1;
p=polyfit(f1,FF,1);

pre=p(1).*f1+p(2);

figure(4)

scatter(f1,FF,80,'k’,'0")

hold on

plot(fl,pre,'k','linewidth’,1.3)
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set(gca,'FontSize',16,'FontName’, Times New Roman’)

xlabel(strcat(Labell,” A12 and CASR1"),'FontSize',16,'FontName’, Times New Roman’)
ylabel(strcat(Label," Index’),'FontSize',16,'FontName’," Times New Roman’)

[R, P,RL,RP]=corrcoef(f1,FF);

fprintf('Multiple Regression with A12 and CASR1\n’);

fprintf('Regression Formula:%.3f+%.3f*A12+%.3f*CASR1\n',b(1),b(2),b(3))

% fprintf( Approximate Line:%.3f*Pre+%f\n',p(1),p(2))

fprintf(R"2:%.4f, P value:%.4f\n"\R(1,2)"2,P(1,2))

fpri ntf(‘***************************************************************************

******\n ')
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