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Urtė Liutkevičiūtė
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Summary

The object of this project is to provide a personalized evaluation of the relationship between physical
activity and sleep quality. Poor sleep quality is associated not only with health and social problems,
such as an increased risk of conditions such as diabetes, obesity, and depression, reduced productiv-
ity and engagement in workplaces, but also with the impact on the economy. In the United States,
poor sleep costs up to $411 billion annually. In this project, a novel methodology is created and im-
plemented that includes various metrics of physical activity and sleep quality and finds the strongest
relationships on an individual level. The results of the personalized multiple regression analysis
showed distinct associations from different persons. In addition, the results of the time series cluster
analysis with physical activity data showed to be a significant regressor in multiple regression models,
showing the effectiveness of the newly recommended approach. This project demonstrated the im-
portance of the need for a personalized analysis of physical activity and sleep quality. The developed
methodology can be extended by incorporating additional biometrics or new methods to expand the
research area.
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Santrauka

Šio projekto objektas – individualizuotas žmogaus fizinio aktyvumo ir miego kokybės ryšio įvertinimas.
Prasta miego kokybė siejama ne tik su sveikatos ir socialinėmis problemomis, tokiomis kaip pa-
didėjusi rizika susirgti tokiomis ligomis kaip diabetas, depresija ar širdies ligos, sumažėjęs produk-
tyvumas ir įsitraukimas į darbą, tačiau prastas miegas siejamais ir su neigiamu poveikiu ekonomikai.
Jungtinėse Valstijose prastas miegas kasmet kainuoja iki 411 milijardų dolerių. Šiame projekte
sukurta ir įdiegta nauja metodika, apimanti įvairius fizinio aktyvumo ir miego kokybės rodiklius bei
padedanti surasti stipriausius personaliztus ryšius tarp žmogaus fizinio aktyvumo ir miego kokybės.
Personalizutos daugialypės regresijos analizės rezultatai parodė, kad ryšiai taip rodiklių priklauso
nuo žmogaus ir gali skirtis. Be to, laiko eilučių klasterinės analizės su fizinio aktyvumo duomenimis
rezultatai parodė, kad tai yra reikšmingas regresorius daugialypės regresijos modeliuose, rodantis,
kad naujai rekomenduotas metodas, kuris klasterizuoja dienas, yra veiksmingumas ryšio tyrimuose.
Šis projektas parodė individualizuoto fizinio aktyvumo ir miego kokybės analizės poreikio svarbą.
Sukurta metodika gali būti išplėsta įtraukiant papildomus biometrinius duomenis arba naujus meto-
dus, leidžiant praplėsti tyrimo sritį.
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Introduction

The problem of this project is human physical activity impact on sleep quality. Recently, the sig-
nificance of sleep has been increasingly highlighted by the World Health Organization (WHO) and
other national health organizations as a key recommendation to improve human health. Poor quality
sleep not only increases the risks of depression and obesity, reduces productivity and engagement on
the job, but also has a huge impact on the economy. For example, in the United States, poor sleep
costs up to $411 billion annually. In recent years, various scientific disciplines have begun to closely
examine ways to improve sleep quality, and physical activity is one of the areas. The studies mainly
analyzed larger populations without approaching each person individually. Creating a methodology
to analyze and identify the strongest associations represents a new approach. This project was carried
out in collaboration with the company dhealthIQ which specialized in remote patient monitoring and
personalized therapy solutions.

The object of this project is to provide a personalized evaluation of the relationship between physical
activity and sleep quality. This interdisciplinary project integrates multiple fields: it addresses social
and economic problems by improving sleep quality, utilizes applied mathematics to develop method-
ologies and analyze data through modeling, and leverages informatics to create a realization of data
processing and a semi-automated tool.

The goal of this project is to develop a methodology to evaluate the personalized relationship between
human physical activity and sleep quality using data from wearable devices.

Objectives:

1. Conduct a literature review on the topic of human physical activity and sleep quality.

2. Select and calculate key metrics for physical activity and sleep quality using available data from
company-provided data.

3. Develop and implement methodology to assess the impact of human physical activity on sleep
quality based on selected metrics.

4. Apply the developed methodology and software tools to company-provided data.

5. Offer suggestions for further improvement of the methodology and software tools.
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1. Literature review

1.1. Importance of quality sleep

Sleep quality impact on human health. Human health is one of the complex fields that includes
various physiological, psychological, and social aspects. Although health has been associated with
physical activity and a balanced diet, nowadays more and more attention is also paid to quality of
sleep. For a better understanding of why sleep is an important component of human health, it is
important to know what happens in the body during sleep.

Sleep varies throughout the night and progresses through 3-5 sleep cycles. Each cycle lasts approx-
imately 90 to 120 minutes, which consists of several stages of sleep. It is important to note that the
length of sleep cycles changes with age and sleep becomes shorter and with less quality. During each
cycle, sleep goes through different stages that are called NREM 1, NREM 2, NREM 3, and REM.

The first stage of NREM 1 is the shortest, during which the body relaxes and prepares for sleep.
During this stage, a person is still sensitive, so he can wake up from the slightest external stimulus. A
person spends about half of their total sleep time in the NREM 2 sleep stage. At this stage, the person
already becomes unconscious, but the sleep is still light and the person can easily wake up.

NREM 3 - the third stage sleep is also called deep sleep, because it is the stage of sleep during which
the body completely relaxes, blood pressure drops, heart rate drops to a minimum, breathing slows
down, and a person falls into a deep sleep. At this stage, it is quite difficult to awaken a person, and
if a person is awakened, the person does not immediately orient himself to the environment. In this
stage, the body, muscle, and immune systems recover after a full day’s work, and growth hormones
are also produced.

Finally, in the fourth stage, also known as Rapid Eye Movement (REM), brain activity is activated.
From the physiological sensations, a person begins to breathe heavily, the body temperature and blood
pressure rise, and it is also distinguished by the fact that the person’s eyes begin to involuntarily move
suddenly. Currently, unnecessary memories are being removed and important information is being
transferred from short-term memory to long-term memory. It is also observed that the most of the
dreaming happens during this stage of sleep, and it takes about 25% of the total sleep time [3].

A review study showed how the level of hormones dynamically changes during the day and at night
based on the circadian cycles [4]. For example, there is a growth hormone that is the most secreted
during sleep, which explains the restoration role of sleep. Melatonin, which can be called the sleep
regulator, dynamically changes through the circadian rhythm, helping the person regulate sleep during
the day. It is important to mention that melatonin can be affected by caffeine intake, which pushes
sleepiness later in the day. Cortisol, a stress hormone, is reduced during sleep, which gradually
increases before the person wakes up to support the person during the day. Leptin and ghrelin that
promote or suppress food intake are also impacted by circadian cycles. It is important to understand
that any sleep disturbances, such as shift work or not regulating bed and wake up times, can negatively
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impact the natural dynamics of hormones that are crucial for human health.

Studies show that it is important to take care of sleep quality. In recent years, there has been more
interest in how good sleep affects overall physical and mental health. Sleep disruption can cause short-
term problems, such as reduced alertness and memory, degraded attention, poorer decision making, or
an increased risk of accidents [5]. It is important to mention that studying long-term effects on sleep
is challenging, because human life is uncertain and may be impacted by multiple factors, however,
there are some potential associations between poor sleep and conditions such as cardiovascular dis-
ease, high blood pressure, diabetes, depression, and memory disorders [6, 7]. Some other examples
were seen in a study in South Korea in which they saw associations of poor sleep with anxiety and
depression, which can also lead to fatigue [8]. Looking at the broader analysis, one study performed
meta-analysis on poor sleep outcomes and found significant medium associations with sleep problems
and loneliness [9]. In addition, some sleep disorders were linked to a higher risk of cardiovascular
diseases, including hypertension, congestive heart failure, coronary artery disease, and metabolic dis-
orders [10]. High-quality sleep has been shown to benefit both physical and mental health, as well as
overall quality of life, especially for those with type 2 diabetes [11].

Poor sleep quality impact on economy. Although sleep quality might impact only the individual
himself, the research shows that the increasing lack of sleep brings great losses to the country itself.
In Australia, lost working days due to illnesses such as depression or other heart conditions, as well as
road traffic accidents due to sleepiness, could cost the state from 41.38 billion AUD to 49.21 billion
AUD [12]. Having healthy and rested citizens in the country could save a huge amount of money for
every government.

This is also true in the workspace. A study calculated that an employee with less than 6 hours of sleep
gets on average 2.36% higher productivity loss, and employees who sleep 6 to 7 hours get on average
1.47% higher productivity loss than the recommended 7 to 9 hours per night [13]. That means that the
worker who sleeps less than 6 hours loses on average around 6 working days per year, and the worker
who sleeps from 6 to 7 hours, loses on average 3.7 days. The study created a predictive model that
calculated that such sleep deprivation can cause between $280 billion US dollars and $411 billion US
dollars of economic loss to the USA or $88 billion and $138 billion to Japan.

The same study created some scenarios on how increased sleep duration of working individuals may
change expenses due to poor sleep. The first scenario was if all individuals were able to extend their
sleep to the recommended seven to nine hours. In this case, all losses due to poor sleep would be
eliminated. The second scenario, which would be more possible, is to have moderate improvement,
such as people who sleep less than six hours, would be able to increase the amount of sleep to at least
six to seven hours. Although this scenario is less ambitious than the previous one, it can still offer
significant benefits, changing the productivity loss in those individuals from 2.36% to only 1.47%.
And the third scenario focused on people who sleep six to seven hours and improve their sleep to
reach at least seven hours, which could reduce productivity loss for those individuals[13].

Unfortunately, there is no comprehensive survey on the sleep habits of Lithuanian citizens and whether
they sleep the recommended number of hours. Therefore, it is necessary to refer to the situation in
neighboring countries. In the same study, they also calcualted that in Germany 9% of people sleep

11



less than 6 hours and 20% sleep between 6-7 hours, which is below the recommended amount [13].
The study estimates that people who sleep less than 6 hours may lose up to 2.36% of their working
days per year, while those who sleep 6-7 hours may lose 1.47%. If assuming that the situation in
Lithuania is similar to Germany, it can be estimated that in 2021, out of 1,079,000 full-time workers
[14], those who slept an average of 6-7 hours lost 793,065 days and those who slept less than 6 hours
lost 572,949 days. This totals to 1,336,014 lost working days. That year, the average salary was
1,579.4C per month, which translates to approximately 75.2 C per day. By calculating lost days and
their expenses, this could have cost Lithuania 102,737,262.5C.

Similarly, it would be possible to adapt a similar but less ambitious scenario to what would happen
if there was a possibility to take one percent of people who sleep six to seven hours and reduce the
overall 20% of people to only 19% of people who sleep six to seven hours. If taking the same assumed
percentage of Lithuanians and having only 19% of people who sleep six to seven hours, then Lithuania
could save almost 3 million euros per year. Although this calculation is only an approximate idea,
it can show the need for such studies in the future. Understanding the loss that is caused every year
due to poor sleep, the Lithuanian government could invest in sleep health programs that could lead to
better sleep quality and potential savings in the health care system.

The same study combined different recommendations for each level of affected parties, such as in-
dividuals, employers, and public authorities [13]. For individuals, the recommendation is to have
consistent waking-up time even during the weekends, also, limiting electronic devices before bed
and any substances, such as caffeine and alcohol. Also, exercise. Employers should recognize the
importance of sleep quality, since it benefits not only person’s health, but also increases productivity
and engagment in the workplave. In addition, it would be good to help employees support their daily
routines based on sleep hygiene practices, such as discouragement after waking up communication.
Public authorities can also show a good example in the promotion of sleep education, such as creating
awareness campaigns to encourage health professionals to assist patients with sleep disorders. Also,
since children also require a good amount of sleep, it would be possible to adjust school times to delay
waking up time.

Well-rested employees are not only beneficial to the country’s economy, but also have other positive
outcomes in the workplace [15]. Good quality sleep affects the employee’s mood, positively affecting
job satisfaction and customer service. The tasks that require creativity, innovation, and strategic
thinking, also are performed better by workers with sufficient sleep. In addition, insufficient sleep
leads workers to be less engaged at work and may even cause unethical behavior in the workspace.
Having motivated employees who are more creative and innovative and produce fewer errors at work
is a success for any business.

Due to a poor night of sleep, people often experience fatigue and lack of productivity, making it diffi-
cult to perform their regular tasks. For example, one research conducted in a hospital in South Korea
discovered a correlation between poor sleep quality and decreased productivity among nurses[16].
This is concerning, since nurses must have decision-making skills due to their profession. Another
study in the USA using similar tools also found that poor sleep and sleep diseases reduce productivity
at work and can cost 1967 USD per employee per year [17]. Besides direct productivity losses, poor
sleep is associated with an increase in workplace accidents and errors, which also can add financial
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losses. Also, raise health concerns. For instance, fatigue-related incidents are common in high-risk
industries such as healthcare, transportation, and manufacturing, where errors can have serious con-
sequences.

Seeing the results that good quality sleep has a positive impact on productivity and health and can save
money for companies and governments, shows the importance that not only the individual himself
should take care of his sleeping habits but also companies and governments must be interested in the
benefits of good night sleep. Of course, it is difficult to manage the time of employees after work
hours; however, a review study concluded that the attempt by employers to educate workers about
sleep hygiene can produce positive results in better sleep for workers [18, 19]. Similar results were
observed with police officers, where sleep health promotion improved sleep quality, also reducing the
frequency of accidents at work and near misses [20]. A method to encourage better sleep and possibly
increase productivity could be to gift wearable devices to employees, so they could track sleep and
other metrics [21].

Studies have shown that people who learn and implement recommendations on how to take care of
their sleep often experience better sleep quality [22, 18]. However, as one study stated, sleep recom-
mendations must be renewed because current sleep hygiene recommendations have not changed in 40
years [23]. The authors highlighted the importance of an individualized approach because recommen-
dations should be relevant to person’s current life events and circumstances. Certain guidelines, with
few exceptions, apply broadly to most people, such as spending time in natural light in the morning
and avoiding intense light in the evening. Yet, exercising overall has a positive effect on sleep, but it
depends on person, his activity times, intensity, and exercise type.

Many factors can influence how well humans sleep, from daily routines to stress levels. This project
will focus specifically on the connection between physical activity and sleep quality. Physical activity
shows various results on sleep quality [24] that can vary due to the individualization mentioned above.

1.2. Sleep and physical activity monitoring and assessment methods review

Polysomnography (PSG) is a golden standard process to measure the quality of sleep, identify sleep
patterns, and also explain what can cause discrepancies. Usually, it is done in laboratories in medical
centers where a patient comes and spends the night there. The sensors are stuck or taped all over the
body and connected to a computer. This computer can keep an eye on various body measurements
such as brain waves, heart rate, breathing, body and eye movements, blood oxygen levels, and even
snoring (Figure 1). Although using these data it is possible to differentiate sleep stages and patterns,
it is very expensive and because all laboratory setups can cause a patient’s sleep to be disruptive itself,
they also do not have adequate readings [25]. In addition, this method has a lot of data; however, a
doctor or specialist is needed who could interpret the results to detect sleep disturbances and assess
sleep quality.

Without accurate physiological data, it is hard to objectively measure sleep quality. In the litera-
ture, it is very common to find that sleep is subjectively measured with the Pittsburgh Sleep Quality
Index (PSQI) [26], which is a self-reported standardized questionnaire that includes different types
of questions related to sleep in the last month. The person has to rate different parts of his or her
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Fig. 1. A polygraph from in-laboratory polysomnography. Source: Maggard MD, Sankari A, Cascella M.
Upper Airway Resistance Syndrome [1].

sleep, such as subjective sleep quality, sleep latency, sleep duration, habitual sleep efficiency, sleep
disturbances, use of sleep medications and daytime dysfunction [27]. After answering all questions,
the score can range from 0 to 21, where the higher score indicates poor quality sleep and the lower
score indicates better quality sleep. Using this standardized measurement, a global PSQI greater than
5 can distinguish poor-quality sleepers from good ones. Since this approach is easy and inexpensive,
it has become popular and well-accepted by the scientific community [28], [26], [29]. Other similar
approaches such as sleep questionnaires or sleep diary include sleep-related questions [30]. Never-
theless, relying on subjective scores for sleep quality or other parameters provides only a singular
numerical representation of the past sleep period, which is not enough to detect any sleep disorders
[31]. Given that sleep quality is influenced by various factors, including the duration of different
phases and the proportion of REM or deep sleep, it becomes crucial to monitor sleep continuously
throughout the entire night.

Concerning sleep quality, it is also important to talk about physical activity. One systematic study
review on this topic has shown very different results that, although there is a link between physical
activities and more studies have shown the positive impact on sleep quality, however, it is also inter-
esting that some negative impacts also appear in those studies depending on various factors, such as
intensive exercises late in the evening [26]. Exercise science has different ways to measure physical
activity by applying different discipline fields, such as physiology or biomechanics. For example,
some of the most common methods are used to estimate the intensity of physical activity: VO2R,
HRR, percent of the maximum HR, percent of VO2max and percent of the metabolic equivalent of
the task (MET) [32]. These measurements are more individualized because they use the metrics of a
person. On the other hand, there are some measurements like caloric expenditure, absolute oxygen
uptake, and METs, yet they can miss classify the results because those methods do not include indi-
vidual measurements like sex, body weight, or current fitness level. Most of the metrics discussed re-
quire specialized equipment and tools for accurate measurement. Additionally, recent advancements
in wearable technology allow for the monitoring of Oxygen Saturation (SpO2), skin temperature,
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breathing rate, and heart rate variability, thereby improving the comprehension of fitness levels and
the precision of exercise assessments.

Physical activity can be analyzed based on four dimensions: frequency (how often a person exercises),
duration (the length of the exercise), intensity (the physiological effort), and type of activity [33].
Focusing more on intensity, one method suggested for measuring it is to categorize intensity into
moderate and vigorous levels, which, in other words, can be found as moderate-to-vigorous-intensity
physical activity (MVPA). Usually, it is measured by how many minutes were spent in each intensity
per specific period. The Canadian Society for Exercise Physiology guidelines for adults (aged 18-
64 years) to achieve health benefits are to have at least 150 min of moderate-to-vigorous-intensity
aerobic physical activity per week. Similarly, the Ministry of Health of The Republic of Lithuania
recommends at least 30 minutes of moderate-intensity activity 5 times a week for adults.

There is no strict way to measure when the activity reaches moderate or vigorous levels [34], but
there are some flexible guidelines. For example, moderate-intensity exercises can be called the ones
that make a person breathe harder but still allow holding a conversation, such as brisk walking or
dancing, and vigorous-intensity can be defined by activities that significantly increase the breathing
and heart rate. Focusing on more measurable metrics, heart rate is one of the measurements that can
be used to classify the intensity, such as that for moderate intensity classification can be used 40-59%
of maximum heart rate, and for vigorous intensity could be 60-84% of maximum heart rate.

1.3. Wearable technologies in sleep and activity monitoring and assessment

Due to limitations in monitoring sleep and physical activity measurements, recently in the consumer
market a new approach to wearable technology gained more popularity in the field of health research
which includes technologies with actigraphy and photoplethysmography [35]. Actigraphy can be de-
scribed as a technology that can be worn on the wrist and can track a person’s activity over long
periods, and based on the body movements can detect sleep and awake cycles [36]. Although actig-
raphy cannot beat the accuracy of laboratory measurements, studies have shown a high correlation
with the results of polysomnography [37]. Furthermore, heart rate monitors (Photoplethysmography
- PPG) play a big part in sleep pattern detection because heart rate during the different stages of sleep
has different patterns, for example, during the deep sleep stage, heart rate gets the slowest throughout
the night.

The data from wearable devices is not yet treated as a sufficient way to detect sleep abnormalities or
based on that give medical advice, however, studies show that the accuracy of wearable devices, such
as Fitbit, has advanced rapidly in recent years [38]. For example, studies compared non-sleep-staging
Fitbit models with polysomnography (PSG), and they did not have high accuracy, however, after 2017
Fitbit introduced a sleep-staging feature. With the help of machine learning (i.e., linear discriminant
classifier) based on motion, heart rate variability (HRV), and respiratory rate, it still showed just
moderate accuracy results in detecting sleep stages, however, it improved total sleep time (TST),
sleep efficiency (SE) and wake after sleep onset (WASO) better than previous devices. Another study
reviewed low-cost devices that showed similar patterns. The step count and sleep minutes tend to be
more accurate overall, while detecting sleep phases is more challenging. [39]
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As of today, even with improved technology and records accuracy, they still cannot be considered to
be clinically approved, however, it is an easy and cheap way to find long-term patterns and tendencies
of a person’s sleep, as well as it does not require active user engagement because the only requirement
is just to wear a small device through the day and night. It is harder to fully trust and interpret the
results when the algorithms that companies use are not disclosed; however, the affordability and
extended duration might bring opportunities to discover new patterns. Also, science community also
tries to invent new ways to detect sleep phases, and other metrics, while it is confirmed to be a very
challenging task. Moreover, this approach has a promising potential, as accuracy is increasing every
year with new technology.

Fitbit and Garmin also provide their Sleep Scores that can identify their sleep quality index where
a sleep score of 90-100 is assigned for excellent sleep, 80-89 for good sleep, 60-79 for fair sleep,
and below that for poor sleep [40]. Garmin mentions on its website that the score is calculated based
on Sleep Duration, Average stress score during sleep, Total deep sleep, Total light sleep, Total REM
sleep, Awake time, and Restlessness. Garmin includes less - total duration, quality deep and REM
sleep duration, restlessness, and heart rate, which they group as restoration[41].

Fig. 2. Fitbit sleep tracker aggregated data display. Image source: Digital Health Central [2].

Wearable devices provide users with a lot of data that are usually accessible by their apps, or it is
possible to get access to the data through their API or data can be downloaded on request. The data
that is possible to retrieve from the companies usually include minute-by-minute heart rate averages
and step counts, fall asleep, and wake-up times, also, aggregated data such as Total Bed in Time (TIB)
- the duration of spent time in bed, Total Sleep Time (TST) - the duration of time in bed which was
spent sleeping, Wake After Sleep Onset (WASO) - time of being awake during the period of sleep,
Sleep Onset Latency (SOL) - the duration how long it took to move from being awake to asleep.

T ST = T IB− (SOL+WASO)
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Those measurements are handy for studying sleep quality. There is no single objective definition to
describe sleep quality, and without using subjective PSQI index or expensive PSG readings, in studies
that rely on wearable devices, it has become popular to use these aggregated readings mentioned.

It is possible to find more detailed metrics, for example, some studies on sleep quality [42] [43] also
considered the number of awakenings and their duration, Sleep Onset (Son) and Sleep Offset (Soff) -
actual times of falling asleep and waking up, also, various rations to Total Sleep Time, such as REM
or deep sleep stages [30]. In addition, it is common to find the Sleep Efficiency (SE) ratio which is
the proportion of Total Sleep Time and Total Time in Bed.

SE =
T ST
T IB

Notably, these metrics are typically derived from sleep devices, which can be considered secondary
data. This is because these devices frequently predict various stages of sleep, as well as the times
of falling asleep and waking up. Therefore, the reliability of these metrics in studies that were not
based on polysomnography (PSG) relies on the accuracy of the device and the algorithms used by the
company.

Wearable devices designed for the consumer market, such as Garmin and Fitbit, calculate metrics
such as "Intensity Minutes" and "Active Minutes" which can be linked to the intensity measurements
mentioned before. However, their user documentation does not explicitly outline the methodology
behind these calculations. The instructions hint at the importance of keeping the heart rate tracker
active throughout the day for the best accuracy. In particular, Garmin devices offer users the option
to customize their heart rate thresholds, allowing more individual ways to score Intensity Minutes.

The common practice in research to measure the activity of a person on similar topics is to calculate
the total steps per day or month [44]. It showed that increasing the daily amount of steps might
increase sleep quality and increase the duration of sleep. The same research incorporated Fitbit-
provided active minutes.

Evaluating sleep is not a very well-defined task. Even laboratory results are not able to have the final
metric that could define a perfect sleep. From the review in similar studies with wearable device
data it was seen that total sleep time was one of the main metric to evaluate sleep, the more people
sleep, the better quality it has. In addition, sleep was classified as "good" or "poor" based on duration
thresholds. There might be a couple of reasons why total sleep time is a common metric. First, the
majority of the wearable devices measure this metric and can provide as aggregated results. Also, it
is pretty accurate. It looks that the detection of sleep duration appears to be one of the most accurate
in wearable technology compared to others. The amount spent in deep and REM sleep phases is also
very important, and not having enough of it can affect human health [3], therefore, to see sleep quality
as a whole, it is important to take that into consideration. Although these data are provided in the most
common wearable devices, they have not been used often. It might be because there is not enough
evidence of accuracy, or it can depend a lot for each person, and it did not show an realtionship with
other factors.

The evaluation of physical activity is even narrower. Without special devices to measure muscles,
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oxygen saturation, or overall physical condition of the person, it is harder to measure physical activity
of the day. Steps, distance, and heart rate are the most common ways to evaluate it. Even though
studies have not explicitly stated this, but there could be situations that are difficult to interpret. For
instance, a high heart rate with a low step count during an interval could indicate that the person was
lifting weights or cycling, or it could simply be the result of a stressful situation, such as giving a
presentation, which typically raises heart rate.

Wearable technology opened the way to view a more detailed real-time view of human health that
enables medical doctors to view a more holistic view of their patients. This study reviewed the history
of wearable devices in healthcare and what benefits and risks they could bring [45]. For example, it
gives personalized healthcare insight, where doctors can analyze whether assigned treatment plans
may work or not. Also, new prospects of big data allow the creation of better prediction models that
could enable people to foresee any abnormalities in their health metrics in real-time. It also brings
risks and challenges when dealing with health data from the data security and privacy questions to
continuous transmission and storage of large amounts of data. In addition, current AI development
could shape predictive health analytics and digital remote therapies to the new level.

1.4. Mathematical methods used in similar projects

Overall, in the medicine literature, it is more common to see basic statistical methods, such as linear
correlation, linear regression, logistic regression, and some time series analysis methods [26]. They
are well established and easy to interpret, giving direct insights into the relationship between multiple
variables. The advantages they have are that the results of such methods is that it gives clear hypoth-
esis testing, which allows researchers to understand if the results are significant or not. In addition,
those methods are easier to implement, do not require large computational power, and do not require
a large data set. On the other hand, basic statistical methods assume linearity, and this is harder in
complex data where the relationship is not necessarily going to be linear.

Machine learning methods are able to handle more complex relationships, and not require linearity,
which gives more opportunity for forecasting exercises. It is also more flexible, it offers many dif-
ferent algorithms where any different domain or challenge might find a suitable method. However,
it is limited to interpretability, since not all algorithms are able to explain the relationships between
variables. Also, it requires larger datasets where it is necessary to have test and validation subsets in
order to reduce overfitting possibility. However, it is important to mention that in some areas, such
as the detection of cancer by scanning, machine learning is very effective. The interpretability in this
case is not necessary to understand why algorithm decided on the result, because it is visually seen.
For example, machine learning is very effective in detecting different cancers such as lung, breast,
and skin cancers [46]. However, in the tasks where it is important to understand the relationship, sta-
tistical methods provide more advantages. One study did a systematic review and found that machine
learning models did not perform better than basic statistic models [47].

And this pattern was seen in the majority of the studies where basic statistic models were chosen
for the analysis. Many reviews were done in a simplified way in which data input takes aggregated
data (such as total count step, total sleep minutes, or average heart rate throughout the day from
different wearable devices). Alternatively, more elaborate studies can be explored that utilize raw
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time-series data, such as body movements, heart rate, and step counts. This data can be provided at
minute or second intervals, allowing for the application of time series analysis. It became easier to
conduct research like this because some of the companies are more willing to supply digital health data
structurally. For example, Fitbit, Inc. offers their Web API where users of the device can conveniently
download the data of their collected measurements of the day. Having almost raw full data at a minute-
by-minute level allows mathematicians and data scientists to uncover more insights from Big Data.

One of the study that focused on physical activity and sleep assessment using machine learning tools
[48]. The purpose of the study was to analyze sedentary behaviors with sleep patterns, where they
used commercially available data from Harward University. The data consisted of personal infor-
mation such as height, weight, height, and also amounts of distance, steps, burned calories, and
heart rate during the days. The goal was to analyze the accuracy of different classification meth-
ods, such as Random Forest, XGBoost, Support Vector Machine (SVM) and K-Nearest Neighbors
(KNN). For implementation Python was used with sklearn.preprocessing, sklearn.modelselection,
sklearn.preprocessing, sklearn.ensemble, matplotlib, pyplot, sklearn.metric libraries and functions.
The study found that different methods had different accuracy in different data sets of the device. For
example, Random Forests performed the best with Apple Watch data, while XGBoost showed the
best results with both Apple Watch and Fitbit.

One of those studies used labeled raw acceleration time series data and created new models to detect
sleep patterns or activity intensity [49]. In this study, the authors wanted to train the model to detect
the levels of physical activity of toddlers. The toddlers wore accelerometers, while their activities
during that period were annotated with eight different activities, such as walking, crawling, stand-
ing, sitting, etc. The accelerometer data was then segmented into 2-second windows, which together
with annotations were used to train the models. The study used static window classifiers (K-nearest
neighbors, SVM, Logistic regression, Decision tree, Random forest), and then to improve those mod-
els, they applied a hidden Markov model (HMM) to add more context for each observation. The
results of HMM showed a slight improvement in accuracy for each classifier where the random forest
performed the best.

However, having labeled data or comparing wearable device measurements with actigraphy or golden
standard polysomnography (PSG) increases the cost and difficulty of doing this research. Another
approach to handling this data is to use unsupervised classification through clustering [50]. Studies
such as this eliminate costly (in Lithuania starting at 200C per night) and labor-intensive expert la-
bels and provides an automated approach to detect wake and sleep cycles. Several studies have used
unsupervised machine learning techniques on accelerometer data to identify clusters of physical ac-
tivity [51]. These studies used algorithms such as K-means, DBSCAN, and Hidden Markov Models
(HMM). It is noteworthy that dimensionality reduction studies lean towards the utilization of basic
techniques like Principal Component Analysis (PCA) and correlation analysis.

Unfortunately, it is costly to have annotated data and create classifiers, so it is important to find a
way to analyze data in an unsupervised way. One study that worked with unsupervised machine
learning models tried to distinguish the activity patterns of people during weekdays and weekends.
Specifically, looking at wearable device data, it is possible to distinguish activity patterns using the
Timer-Series Anytime Density Peak (TADPole) clustering method [52]. In this study, people wore
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smart watches for some time, from the extracted variables, such as step count, distance, energy ex-
penditure, and duration with starting and ending points, then performed a clustering analysis with
the TADPole clustering method from dtwclust package in R. In the results, it is seen that the energy
expenditure in this study was the main variable for the cluster analysis. The data was divided into
weekdays and weekends to mimic better human behavior, and the authors found two groups of people
with more stable activities throughout weekdays and weekends and more shifting activities where
different patterns occur throughout the week. It was also seen that age was a major factor in patterns
of physical activity.

Another study was to investigate complex chronic patients (people with functional decline that can be
seen in changes in mobility patterns) [53]. Those patients were measured with the Barthel Index which
measures the extent of a person’s independent mobility. The authors of this study collected patient
data such as step count and heart rate, where from these hour-by-hour measurements they created the
Mean Activity Profiles of taking median measurements of each entry within every hour of the day.
Those profiles, as separate time series entries, were analyzed using the K-means algorithm with the
distance function Dynamic Time Warping (DTW) from tslearn library. Four distinct clusters of Mean
Activity Profiles were discovered where one of the clusters had a high correlation with a spectrum of
patients with the Barthel index. The discovery showed that by analyzing the person’s activity and his
or her behavior, it is possible to detect complex chronic patients of one of the spectrum.

With all the opportunities that a large amount of personal data offers, new artificial intelligence meth-
ods, and much higher computing power, now it is possible to find more personalized studies that
can provide recommendations or detect abnormalities on the personal level. The new study showed
how new technologies help to create better personalized prediction models to detect blood pressure
spikes [54]. This incorporated data from Fitbit API such as heart rate, breathing rate, blood oxy-
gen levels (SpO2), and skin temperature, also Omron’s Healthcare API which provides time-stamped
measurements of blood pressure. Humans are very different, and their biosignals differ from person
to person, and to avoid generalized predictions, the model was trained with individual data separately.
For building models, long short-term memory (LSTM) and Transformer Neural Networks were ap-
plied by using library Tensorflow. This study was just a pilot project to see if it is possible to predict
blood pressure spikes by training models in not generalized, but personalized approach, however,
studies like this bring good prospects for human health by applying machine learning techniques on
biosignals for detecting illnesses or abnormalities on the personal level.

In another study [55] the data from Fitbit Web API was employed to detect sleep/wake cycles. The
authors stated that they were one of the first unsupervised and personalized approaches in the litera-
ture. The Fitbit data used heart rate (minute-by-minute) and steps (total count in 15-minute periods) to
create a model utilizing the hidden Markov model (HMM). As a result, this unsupervised model was
able to detect sleep/wake cycles, and later the results were checked against Fitbit-generated cycles,
and the model had 87. 31% agreement with the results. In addition, they experimented and created
personalized algorithms for each person. This time they tried to do with the day-to-day approach, and
they found a significant difference in sleep/wake cycles between weekdays and weekends.

Another interesting study developed an algorithm U-BEHAVED which can detect changes in activity
and behavior over time and uses the moving mean step number and the difference in step number per
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hour, allowing the algorithm to detect even new habits [56].

An interesting application of data from wearable devices was mentioned in one study in which, based
on some biometric data, it was possible to detect symptoms of COVID-19 [57]. The study took
wearable device data from participants who have reported obtaining symptoms of the COVID-19
virus and then divided into groups by people who actually received a diagnosis of COVID-19 and
those who did not receive a diagnosis. Retrospectively, data from several months were taken to
analyze what changes or disturbances were detected before seeing visual symptoms of COVDI-19.
Two methods were developed to detect differences: resting heart rate difference and heart rate in
steps (HROS). Using Gaussian density estimation, anomalies were calculated. The sickness detection
window was created from 14 days before to 7 days after the first symptoms. With this method 63%
of cases would be detected in real-time data tracking before COVID-19 symptoms appeared.

Regarding the impact of physical activity on sleep quality, there are not many similar studies with
applications of machine learning or mathematics. One of the studies tried to predict sleep quality
that was defined as good or bad based on slept minutes (402 minutes and more was considered good
sleep) [58]. For physical activity, the study did not approach time series data and took aggregated
data of calories, steps, distance, and minutes of different types of activities that were generated by
Fitbit. They used Long-short Term Memory (LSTM), Gated Recurrent Unit (GRU), and Convolution
Neural Network (CNN) for model building and implemented them with Python and the most common
libraries like Tensorflow, Anaconda, Keras, and Scikit-learn. Even though the GRU model performed
the best, it still had low accuracy which was explained by the authors by not a sufficient amount of
data. Also, they marked that the day window was used from 00:00 to 23:59, which does not consider
people still being active after midnight.

Another study in similar context as this project, used 10-minute intervals of heart rate and step count
to predict sleep quality [59]. This study proposed four different LSTM models: a multivariate stacked
LSTM network, a dual-input stacked LSTM network, an LSTM-based autoencoder model, and a
stacked LSTM with a one-dimensional convolution block. The first model was the best, while more
complex models performed worse because of overfitting the data. The quality of sleep was defined
by the number of deep sleeps because the evaluation of sleep quality based on deep sleep minutes has
evidence of a correlation between deep sleep and overall sleep quality [60]. Another drawback that
can be visible is that it was done only on one person’s data, which as well might lead to overfitting.

To this day, there are still not many personalized approaches to similar topic studies. It may include
weight, gender, and some other parameters, but it mainly takes a generic approach to measure the
impact, and which subgroup of participants sees the bigger impact on good quality sleep. One of
the studies tried to take a more personalized approach and collected more personal data to see the
impact of physical activity on sleep [61]. This study collected the weight, height, BMI, fat mass,
and lean mass of the participants. Furthermore, they monitored activity data using an accelerometer
and with the R package GGIR determined periods of sedentary behavior and physical activity. For
sleep quality, they had subjective (PSQI) and objective (Wake After Sleep Onset (WASO), Total Sleep
Time (TST), and Sleep Efficiency (SE)) measurements of sleep quality. They also used individually
measured data such as VO2max and the muscular strength of the body. Using all this data, the authors
were able to apply statistical analysis - descriptive analysis, simple linear regression, and multiple
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linear regression. Those models were adjusted by the person’s measurements. For statistical analysis,
they used SPSS, v.23.0. The results showed that overall physical activity, better muscular strength,
and VO2max have a positive impact on quality and quantity of sleep.

Another study that used steps and sleep quality from Fitbit devices conducted research on the day-
to-day association between both measurements in overweight and obese participants [62]. This study
decided that the evaluation of physical activity uses only heart rate, heart rate variability, and step
data, and did not include physical intensity measurement, which could also be provided by Fitbit.
The reason for this decision was the lack of evidence on the accuracy of other activity measurements,
while the step count is calculated accurately based on the evidence. For sleep measurements, they used
Total Sleep Time (TST) and Sleep Efficiency (SE), which was derived from the formula mentioned
above. The other measurements such as weight and height were taken, and because of potentially
different behaviors during different days, the days were marked as public holidays, weekdays versus
weekends, and seasons.

The study created different linear regression models, however, the most important for this study were
two: where the independent variable was selected as the total count of steps per previous day, and the
dependent variables for two models were Sleep Efficiency and Total Sleep Time. It is worth mention-
ing that each model was trained separately for each individual, which created a more personalized
approach. With the same variables, other models were created by using Generalized Additive Models
(GAMs), which are recommended for nonlinear person-specific time series analysis. For the analysis,
the authors used the R packages mgcv and visreg. The results that were received were very complex,
and even though they found just some association of daily total steps and sleep time and sleep effi-
ciency, it varied a lot from person to person, and as discussed, they recommended looking at each
person on an individual level.

Human health and its improvement recommendations are not one-size-fits-all, but to understand the
individual itself, it requires a lot of data to provide good medical conclusions. To solve this problem,
wearable technology allowed scientists to collect large amounts of sequential life-logging data and
provide healthcare analytics at the individual level [63]. This study focused on predicting physical
activity from time series data from wearable devices. They took the activity data from mobile phones
that consisted of activity type, distance traveled and duration during the activity, as well as each
activity was labeled by intensity from 1 to 5. To create a model which could predict activity level,
the authors of the study used a hybrid approach by combining two models into one MOGP-HMM:
Multi-objective Genetic Programming (MOGP) helped to predict the class based on time series data,
and the Hidden Markov Model (HMM) predicted the activity status over time-based observations.
The study aimed to compare this new model’s performance with already known SVM-HMMs, and
the results showed that the new model was able to achieve comparable performance.

In general, a mixture of different methods was observed by analyzing how scientists in recent studies
were able to approach this problem of detecting the relationship between human physical activity and
sleep quality. It is seen the pattern than usually the studies are designed to review the relationship
in larger groups of people, sometimes specifically to one or another group, like diabetic patients,
students, specific occupations, such as policeman or nursers, etc. In addition to this, the same metrics
were used most of the time, either a Pittsburgh Sleep Quality Index (PSQI) or the time spent sleeping
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to improve sleep quality, or steps and average heart rate to measure physical activity. Based on that,
different methods were applied to analyze the relationship.

The majority of studies, especially from medical or social sciences, used simple statistical models
due to ease of use and good interpretability, which is very important when the goal is to explain the
relationship and provide the necessary recommendations. On the other hand, new technology with
larger amounts of data gave an opportunity to mathematicians explore machine learning techniques
to create different models for detection of abnormalities, also detection and classification of physical
activity types, also very often trying to detect sleep times and sleep phases.

Although the accuracy of sleep time with detection of wake-up and sleep times is getting better, there
is still a lot of room for improvement to work on sleep phases detections, which is expensive because
of the necessity of polysomnography results to be compared with. However, emerging consumer
technologies now allow for the collection of additional biosignals, such as brain waves through in-
tegrated electroencephalogram (EEG) trackers. These advances could potentially improve visibility
of sleep patterns in the future, complementing heart rate and accelerometer-based movement sleep
phases detections.

What is interesting to see how this topic became interdisciplinary combining knowledge from medicine,
neuroscience about the body, then psychology, and economy to help understand the value of those
studies with findings, and how the recommendations must be translated to people because it may
impact their quality of sleep to bring a positive impact to the economy. Also, mathematical experts
are trained in understanding data analysis with statistics, to show actual relationships, help to easily
discover patterns, and apply complex calculations that might unlock interesting insights. And on top
of that, informatics that help to create a technical solution which would not only allow processing and
analyzing large data amounts, but also create data integrations with medical institutions, provide user-
friendly feedback to the individual, and even bring prompt real-time notifications about reminders of
working out or go to bed on time.

1.5. Foundation for project’s objectives and relevance

The relationship between human physical activity and sleep quality is a popular topic due to its impor-
tance for both human health and economic impact. Poor sleep has been associated with substantial
losses to healthcare systems at the governmental level, as well as increased expenses for employ-
ers. Workers who do not get adequate sleep may be less productive and creative, participate less in
work activities, and have a higher risk of accidents at work. Educating people about sleep hygiene
and providing personalized recommendations was also shown to be important and demonstrated the
relevance of the focus of this project.

Multiple studies have shown that physical activity affects sleep quality. However, most of these
studies are based on subjective sleep and activity questionnaires, or used only few metrics. The
reason could be that the relationship of some metrics was not strong between multiple people and
they were not widely used, but with this project it could be possible to validate metrics on individual
level that are less often or never used before. It shows the importance of having a semi-automated
framework that would enable quick detection of personal relationships between physical activity and
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sleep quality metrics.

Recent studies also attempted to obtain a more complete view of daily activities by applying various
time series analysis and machine learning methods. This was made possible by improvements in
technology that allows to gather extensive data sets, not only on a larger population but also at an
individual level. These methods have shown the ability to detect daily activities or identify deeper
patterns, for example, applying time series clustering analysis.
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2. Research Methods

After completing the literature review, it was found that the topic of the impact of physical activity
on sleep quality and overall recommendations to improve sleep quality are very relevant topics. Un-
fortunately, most studies only investigated the relationship in large groups of people, and they often
overlooked individual differences. This project aims to address this gap and open the possibility of
finding a more meaningful relationship between physical activity and sleep quality based on an in-
dividualized level. In addition, in recent years it became possible due to the new wave of wearable
technology which allows collecting a lot of biometrics that can unlock the patterns of each person
separately. The key feature of this research is its focus on individual needs by trying multiple dif-
ferent biomarkers that have not been explored together in other studies. This section of the project
will propose a methodology that uses various metrics of physical activity and sleep quality to find
more individualized relationships. This section includes data pre-processing steps, creation of the
Activity-Sleep Metric table, the analysis methods to use, and its technical implementation.

2.1. Human physical activity and sleep quality metrics

This methodology will focus on the available Fitbit data that was provided by the company. Many
studies specifically reviewed the accuracy of the wearable devices, and in some of the metrics pro-
vided, there might still be lack of accurate records [39]. However, it is important to note that this
project focus is not on accuracy or phase detection, hence the idea is to use the already aggregated
and processed Fitbit data. Fitbit provides multiple data sets on daily activity and sleep, and for this
project, specific data sets will be used.

The werable device data provided by the company contains multiple files with physical activity and
sleep data. Each sleep and activity data source is in different formats, hence, there is a need for a
better structure that would help to automate the analysis. First, for physical activity analysis, the
time series data file is provided which contains two minute-by-minute time series, one for steps count
and another average heart rate. For sleep data, one file provides aggregated data, such as total sleep
minutes, total deep sleep minutes, sleep start and end times, etc. Also, in this project, another sleep
file will be used which provides exact timings when and what sleep phase occurred during the night.
For this matter, the goal is to create an Activity-Sleep metrics table which would include all the daily
physical activity and sleep quality metrics. Before going into the details of the data preparation, it is
important to define the metrics of physical activity and sleep quality that will be used in this project
based on literature review and can be derived from Fitbit data.

2.1.1. Sleep quality metrics

• Sleep Minutes or Total Sleep Time (TST): Widely used in medical studies, TST serves as an
indicator of sleep duration. Longer sleep duration is often associated with better sleep quality.
Fitbit calculates sleep minutes by excluding awake minutes from the total recorded time in bed.
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For instance, if a person slept for 8 hours but 1 hour was recorded as awake, the calculated sleep
hours would be 7 hours, identifying only the restful sleep period. For classification exercises, it
would be possible to classify sleep based on the threshold, where the most popular threshold is
420 minutes[58].

• Awake minutes or Wake After Sleep Onset (WASO): WASO measures the duration of wake-
fulness after the initial onset of sleep. In the Fitbit data, this measurement is referred to as
"Awake Minutes." Higher amounts of awake minutes recorded during the sleep period may
suggest poorer sleep quality.

• Awakening Frequency: Similar to awake minutes, this measure indicates the frequency of
awakenings during sleep. A higher number of awakening episodes suggests less restful sleep
and may indicate poorer sleep quality.

• Sleep Efficiency: It is a ratio of Total Sleep Time (TST) and Total Time in Bed (TTB). This
measurement helps to identify if a person slept through all the time in bed or if he or she
had trouble falling asleep. Fitbit API provides its Sleep Efficiency measurement, however, it
does not follow the same logic, and it could be their internal calculation, which is not clearly
explained in their documentation. However, it would be good to analyze both measurements
(Fitbit calculated and literature-based) as well as a part of this project.

• Light, Deep, REM Sleep: As it was already mentioned in some studies [59] [60], deep sleep
minutes had promising results to be used as the measure of quality. Evaluating sleep not only
by duration but also based on sleep structure gives additional insights into the sleep quality
differences

• Deep, Light, and REM Sleep ratios: Ideally, sleep stages should be balanced, and it must
have around 25% of sleeping time for REM sleep, and the same part of the sleep for deep sleep
[3]. This means that if a person has a 7-hour sleep, ideally, there should be around 100 minutes
of each sleep stage. The rest of the sleep should be around 50%. To my knowledge, there are
no such examples in current studies, but knowing the importance of sleep phase composition, it
could bring additional value in classification models where more than 420 minutes of sleep with
around 25% of deep and 25% of REM sleep could be classified as good, and if the ratio is lower,
then just moderate quality. Based on Garmin’s documentation, they consider a good balance for
deep sleep around 16%-33% of their sleeping time, and for REM around 21% to 31% of total
sleep. Taking into consideration the company’s recommendation, it would be possible based on
the structure of sleep classify sleep quality as good or poor quality sleep if it meets the required
ratios.

2.1.2. Physical activity metrics

• Total Steps Count: Steps count is a common metric for measuring personal physical activity.
Typically in studies, it was aggregated as a daily step count. Addressing the gap in previous
studies where aggregation was done based on calendar date, in this project the Awake Period is
introduced to cut the day into the windows from waking up to sleep times.
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Table 1. Sleep quality metrics

Feature Unit of Metric Name in Models Metric Scale

Sleep minutes min y1 Quantitative
Deep, Light, REM minutes min y2, y3, y4 Quantitative
Awake minutes min y5 Quantitative
Efficiency (provided by device) % y6 Quantitative
Efficiency (calculated TST/TTB) % y7 Quantitative
Deep, REM, Light ratio % y8, y9, y10 Quantitative
Frequency of awakenings count y11 Quantitative

• Heart Rate Measurement: Heart rate can also be aggregated as an average of the Awake
Period. Also, the maximum heart rate during the Awake Period can identify if there was any
more intense activity during the day.

• Intensity Score Calculation (moderate-to-vigorous): To get a summarized view of the inten-
sity of the day, it is possible to calculate the Active Minutes based on heart rate during each
minute. There is no single rule, and it is based on each individual, but as a general rule of
thumb, it can be classified into Moderate activity (50-70% of maximum heart rate) and Vigor-
ous activity (70-90% of maximum heart rate). Then it is possible to score each minute: 1 point
for moderate activity and 2 points for vigorous activity. To calculate maximum heart rate, an
equation can be used 208 - 0.7age [64].

• Activity Score Calculation: Each class of minutes (vigorous, moderate, light) can be treated
quantitatively, in this case not losing the importance of light activity. The activity score com-
bines minutes into points: Vigorous activity (+3 points per minute), Moderate activity (+2
points per minute), and Light activity (+1 points per minute). Sedentary minutes are excluded.
Offers a holistic view of daily physical activity.

• Detailed Daily Time Series Data: Time series data can be used effectively for cluster analysis
to identify distinct groups of days based on their patterns. Methods such as k-shape clustering
and k-means with Dynamic Time Warping (DTW) distance metrics are commonly employed
to measure similarities within the data. These techniques help to discover clusters that exhibit
similar dynamics over time.

• Intensive Minutes Before Bed: Based on the medical literature, it is not recommended to
exercise intensively 2-3 hours before bedtime [23], hence, this metric was added to this method-
ology to test the real data. This metric can be calculated by taking 2-3 hours before recorded
sleep and applying the Intensity Score Calculation.

It is also important to mention that humans behave differently during the weekends [52], so it is
important to include categorical variables for the weekends.
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Table 2. Physical activity metrics

Feature Unit of Metric Name in Models Metric Scale

Period Steps Count count/period x1 Quantitative
Average Awake Period Heart
Rate

beats/min x2 Quantitative

Maximum Awake Period Heart
Rate

beats/min x3 Quantitative

Intensity Score points x4 Quantitative
Activity Score points x5 Quantitative
Intensity Score Before Bed points x6 Quantitative

Intensive Activity Before Bed boolean c1 Categorical
Activity Cluster Number (DTW,
k-shape)

number c2, c3 Categorical

Is Day off boolean c4 Categorical

2.2. Data pre-processing

The first step before combining the mentioned fields is to remove invalid, inconsistent, or insufficient
data. Since the focus is to understand how physical activity might affect sleep quality, both active and
sleep period data must be valid and present together to be included in the analysis.

Fitbit provides some identifications for sleep data where the data might not be sufficient. For example,
the field isMainSleep identifies if the record is the main sleep or not, which is helpful for detecting
naps or other shorter sleep episodes. In addition, the Fitbit API provides another value infoCode
which indicates the records that were calculated based on insufficient data, or the sleep record was
less than 3 hours of sleep. Those records (nights) should be excluded for further analysis.

Regarding physical activity data, Fitbit does not provide aggregated or similar information that would
help clean the data. For this reason, planned physical activity metrics must be calculated. But before
that, it is important to define what is Awake Period. In previous studies on similar subjects, it was
seen that there was a gap in how step count or any activity was calculated about the day. Usually, the
day was defined as the period from midnight to midnight, without taking into account that a person
might go to sleep after midnight, and steps will be counted for the following day. For this reason,
in this methodology, it is suggested to introduce the Awake Period definition, which would explicitly
refer to the time from waking up to the time a person falls asleep. This Awake Period can be easily
calculated by approaching sleep’s data of Sleep Start and Sleep End timings.

For Awake Period data there are no specific identifications provided by Fitbit, and similar studies did
not come up with one rule on how much of non-wear time could be a threshold to be removed from
the analysis. There are multiple examples in wearable device data where different studies set different
exclusion criteria for non-wear periods: less than 1000 minutes (around 16 hours) of the recorded full
day, [65], less than 1000 steps for the day [66], less than 8 hours monitored of the awake period [67],
less than 10 hours monitored of the awake period [68], or more strict less than 1400 minutes (23 hours
20minutes) [62]. These variations suggest that the choice of threshold largely depends on the specific
objectives and context of the project, but typically requires at least 60% of the data to be available
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throughout the day. To ensure robust data, it is feasible to increase this threshold up to a point where
the proportion of removed records does not exceed 5-10% of the total data.

Outliers should also be removed in this data cleaning section to improve the robustness of the models.
There are two options to find outliers: Z-score or Interquartile Range (IQR) methods. The Z-score
represents the number of standard deviations that is different from the mean. As a common practice,
the outliers are beyond the thresholds of -3 and 3. This method can be used if the data is normally
distributed. However, the IQR method can be used on skewed data. The IQR is the difference between
the 75th percentile (Q3) and the 25th percentile (Q1). Observations that fall below Q1 - 1.5IQR or
above Q3 + 1.5IQR can be defined as outliers. In this methodology, it is important to check the data
before applying any of the methods and then choose accordingly.

2.3. Awake Periods clustering based on physical activity data time series

The received minute-by-minute activity data received for steps and heart rate can present challenges
in trying to clean and aggregate them for analysis. However, it can also offer some opportunities by
deepening the understanding of the daily patterns of human activity. Although aggregated data such
as total steps and average with maximum heart rates per day can provide valuable information and
overall health trends, it might overlook some patterns that could happen within the day. To unlock
these hidden patterns of the data, clustering analysis can add value to this methodology.

In clustering analysis, objects are grouped into clusters that are more similar to each other than to
those in other clusters. This method is particularly useful with data that was not labeled before, and
might hold interesting patterns within different data points. Calculating the distance in time series
clustering analysis might be a challenge, since similar days and similar activities will not necessarily
be the same length or at the same time. For example, there could be two very similar days, but a
person starts exercising at slightly different times, the exercise might be of different lengths, and the
calculated Euclidean distance might be very high 3. To solve this problem, it is possible to use k-

Fig. 3. Comparison of distance metrics: Euclidean distance and Dynamic Time Warping. Source:
https://geoenergymath.com/wp-content/uploads/2024/03/image.png

means clustering method, but for distance metrics it is necessary to use the one that is dedicated to
time series. Dynamic Time Warping (DTW) algorithm can take into account sequences that may vary
in time or speed, and algorithm allows "elastic" transformations in order to minimize the distance of
similar time series [69]. Historically, DTW was used for speech recognition to detect similar words
or sentences to manage different speech speeds, but it found a very good application in the healthcare
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field on biometrics time series data. To calculate the distance of two time series, the goal is to align
them by stretching and compressing until the minimum distance is found.

Given two sequences X = [x1,x2, . . . ,xn] and Y = [y1,y2, . . . ,ym], the cost matrix C is defined as the
pairwise distance of all time series points:

C ∈ RN×M : ci, j = ∥xi − y j∥, i ∈ [1 : N], j ∈ [1 : M]

Time series points need to create an alignment path where xi will have its corresponding y j. Basically,
the alignment of two time series is a sequence of points p = (p1, p2, . . . , pK) with pl = (il, jl) ∈ [1 :
N]× [1 : M] for l ∈ [1 : K]. The boundary condition must be met where the first and last points
are linked to each other p1 = (1,1) and pK = (N,M). Other conditions, such as monotonicity and
step-size conditions, must be met. For distance calculation, it is necessary to have the cost function
calculated:

cp(X ,Y ) =
L

∑
l=1

c(xnl ,yml)

where the final DTW distance calculation is done using this function:

DTW(X ,Y ) = cp∗(X ,Y ) = min{cp(X ,Y ) | p ∈ PN×M}

K-means method uses this distance metric for its calculations and is an effective way to find similar
time series.

Another clustering method that is used mainly on time series data is the k-shape method. This algo-
rithm focuses more on the shape of the data, and by calculating the distance between two time series it
continues considering the shape. It is less computationally demanding, but still requires recalculation
of the distances, hence, it can be heavy on large datasets. It uses shape-based distance (SBD). SBD
between two z-normalized time series X and Y is calculated by:

SBD(X ,Y ) = 1−max
τ

(
1
n

n

∑
i=1

(Z(X)i ·Z(Y )i+τ)

)

where Z(X) and Z(Y ) are the z-normalized time series, and τ represents the lag. This technique has
been shown to exceed other clustering methods, is domain independent, and is a scalable solution for
time series clustering tasks [70].

In this methodology, it is important to unlock deeper patterns within days, and both distance metrics
might help to find different clusters that were grouped by shape or differ in time or speed. DTW
algorithm requires the same size time series data while the k-shape method can deal with different
lengths. But for the current simplicity of the software implementation creation, for both metrics time
series of the Awake Period will be cut into the same size windows. Since individuals are not regular
and do not necessarily go to bed and wake up at the same time, it is better to calculate the usual
wake-up and sleep times, as a usual start and end of the Awake Period.

Instead of taking an average or mean time not to lose some crucial information, the decision is for
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the usual wake-up time to take the 25th quantile by including a little bit more than the average of
the morning, and for the usual sleep time, the 75th quantile will be assigned. Calculating quantiles
in times is not straightforward. Knowing that a person can go to sleep before or after midnight,
where linearity can be lost. For this reason, to calculate the usual sleep time, the actual time should
be converted to minutes to midnight. In other words, if the sleep time was 23:45, then minutes to
midnight would be 15 minutes, and if midnight is passed, it would get a value below zero. Then a
calculation of the 75th quantile is performed, and the value of the usual sleep time can be assigned.

Having usual wake-up and sleep times, it is possible to create a matrix where rows will identify
different Awake periods (different days), and each column will represent the value of the same time
during that day. Each day’s time series should be aggregated into 10-minute, 15-minute, or 1-hour
intervals to reduce computational power. There is no single approach to this topic, and different
studies applied different aggregations.

2.4. Physical activity’s and sleep quality relationship model

The goal of this project is to find a relationship between physical activity and sleep quality. Although
many studies approached similar topics with multiple linear regression, quantile regression, and logis-
tic regression models, they used models on multiple people and derived results that fit a more generic
group of people. In this project, an individualized approach will be taken in which each person might
have different models that can identify the areas of physical activity that can be worked on to improve
sleep quality.

2.4.1. Multiple linear regression analysis

Multiple linear regression is a statistical technique that helps to understand the relationship between
one dependent variable (Y) and two or more independent variables (Xi, i = 1,2, . . . , p). The goal of
this method is to find a linear relationship between variables by applying ordinary least-squares (OLS)
regression. The model assumes that by modifying independent variables (also called regressors), it
should linearly impact the result (Y). The model can be written as the formula:

E(Y ) = β0 +β1X1 +β2X2 + . . .+βpXp,

where:

• E(Y ) is the expected value (mean) of the dependent variable Y ,

• β0,β1, . . . ,βp are the coefficients,

• X1,X2, . . . ,Xp are the independent variables.

Since there are multiple metrics of physical activity, it is possible to generate a large number of
different multiple regression models for each sleep metric. To avoid the time-consuming task of
manually fitting each model, the All Subsets Regression method is used. This method creates all
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possible combinations of predictor variables (X) and automatically fits regression models for each
outcome variable (Y) separately. An additional condition is added to require a minimum of three
predictors to accelerate the process. The final results table for multiple linear regression filters out
models where the adjusted R-squared is less than 0.1 and where multicollinearity is present (i.e., at
least one variable has a Variance Inflation Factor (VIF) greater than 10). The same process is applied
to multiple quantile regression, but filtering is based on the Pseudo R-squared value. The threshold
for Pseudo R-squared is selected manually, as it does not have the same interpretation as adjusted
R-squared.

Once All Subset Regression is completed, only the best-fitting models will be taken for further review.
For creating the model, a standard procedure is going to be taken:

1. Model fiting: Choose Y and X which had the highest adjusted R-squared and has potential
for stronger relationship models. Fit the variables into the model function (categorical variables
must be converted to dummy variables).

2. Iterative Refinement:

• Outlier and Influence Points Detection: Identify and remove outliers; during the first it-
eration, the standardized residual values can be chosen 3, and adjusted if necessary with
other iterations. Use leverage and Cook’s distance to identify Influence points.

• Re-fit the Model: After cleaning the data, refit the model with the revised data set and
compare the adjusted R-squared, AIC, and BIC values to assess improvement.

3. Validate Model and Performance: If the model reached the highest adjusted R-squared and
lowest AIC and BIC values, the model should be validated for the linear regression assumptions,
such as no multicollinearity (variance inflation factor (VIF) < 10), homoscedasticity (White’s
test), no auto-correlations (the Durbin-Watson statistics) and no strong outliers (standartized
residual values within the range of -3 and 3)

2.4.2. Multiple quantile regression analysis

If the created linear regression model does not satisfy all necessary assumptions, it is possible to
apply multiple quantile regression, which is recommended when data have medium outliers or do not
satisfy the normality of residuals assumption. This model estimates the conditional median or other
τ quantiles of the response variable

Qτ(Y ) = β0(τ)+β1(τ)X1 + · · ·+βp(τ)Xp,

where:

• Qτ(Y ) is the τ-th quantile of the dependent variable Y ,

• β0(τ),β1(τ), . . . ,βp(τ) are the estimated coefficients for the τ-th quantile,
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• X1,X2, . . . ,Xp are the independent variables,

• 0 < τ < 1.

The application process is very similar.

1. Model fitting: Choose Y and the independent variables X which had the highest Pseudo R-
squared and has potential to create stronger relationship models. Fit the variables into the
model function (categorical variables must be converted to dummy variables). While fitting the
model, specify the quantile(s) at which to estimate the model, starting with 50th.

2. Iterative Refinement:

• Outlier and Influence Points Detection: Identify and remove outliers; during the first it-
eration the standartized residual values can be chosen 3, and adjusted if necessary with
other iterations. Use leverage and Cook’s distance to identify Influence points.

• Re-fit the Model: After cleaning the data, refit the quantile model with the revised data set
and compare the adjusted R-squared, AIC, BIC values to assess the improvement.

3. Validate Model and Performance: If the model reached the highest pseudo R-squared and lowest
AIC and BIC values, the model should be validated for for the quantile regression assumptions,
such as no multicollinearity (variance inflation factor (VIF) < 10), no auto-correlations (the
Durbin-Watson statistics) and no strong outliers (standartized residual values within the range
of -3 and 3).

By applying this model, it is possible to obtain a more detailed understanding of how predictors
affect different segments of the outcome distribution, providing a comprehensive view that may not
be possible with linear regression.

2.5. Solution implementation with Python

Python was selected to implement the methodology of this project due to its comprehensive libraries,
ease of use, and extensive support and tutorials. This implementation aims to create a proof of concept
(POC) of the methodology as a semi-automated process to load data from any individual, prepare
the data for analysis, apply the data to multiple models, and provide the results. If this concept,
created as a base using Jupyter Notebook or Google Colab Notebook, proves successful, the code can
be extended in the future to develop an application with a user interface, enhanced flexibility, and
improved visualization of key findings.

Data pre-processing. One of the primary challenges of this project is the nature of the data itself.
Wearable device companies, such as Fitbit, provide data in their structures and formats. Although
the data is somewhat aggregated and prepared for initial use, it still requires significant cleaning and
preprocessing to fit the specific needs of this methodology. This project will utilize four specific
datasets supplied by Fitbit:
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• User Info: This dataset contains the user identification code, his or her birthday, and gender.

• Minute Data: This dataset contains full-day information on step count and heart rate per each
recorded minute.

• Sleep Data Entries: This list contains multiple aggregated records of sleep quality for each
night. It includes the total duration of sleep, the duration of the deep, REM and light phases of
sleep, the calculated efficiency (using a proprietary algorithm not disclosed by the company),
and the total time spent in bed.

• Sleep Data Series: This dataset contains a more detailed view of sleep over time of the night,
providing the actual time and duration of each phase.

The goal of the pre-processing step is to gather all necessary metrics from different sources and save
them to the Activity-Sleep metrics table. The process is shown in Figure 4. In the first step of data
loading, all files are loaded into pandas dataframes for easier data manipulation and built-in functions,
such as data cleaning, arithmetic calculations, and data merging. Sleep data entries contain indicators
of insufficient data that can be easily filtered out. For outlier detection, additional functions must be
added for the IQR and z-score (SciPy library) methods to detect outliers. Based on the methodology,
the selection of the method should be based on domain knowledge; both results are printed and then
the best option is chosen for the final removal.

Fitbit initially provides only a few metrics such as sleep minutes, deep/REM/light sleep minutes,
efficiency, and awake minutes with start and end times of sleep. Additional features are generated
and calculated within the feature engineering step. Awake times are counted and taken from another
sleep data series file.

Fig. 4. Process flow of Activity-Sleep metrics table creation and data pre-processing

The second part of the data pre-processing involves cutting the time series data of steps and heart rate
into Awake period windows, which are calculated based on sleep end and the next day’s sleep start
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times. Days with less than 40% non-wear time (entries without heart rate recorded) are removed. For
each day, the total steps, average, and maximum heart rate are calculated using the pandas functions.
Functions are created for Activity and Intensity scores, involving maximum heart rate calculated from
the date of birth found in the user information file. Outlier detection and removal follow the same
process as in the sleep part.

Both tables are merged together, creating the Activity-Sleep metrics table based on the date, with the
understanding that sleep metrics should be merged with the previous day’s activity. An additional
feature, Day Off, is calculated by combining manually inserted public holidays and weekends using
the datetime library.

Visualizations for outlier detection and descriptive analysis are implemented with seaborn and mat-
plotlib.pyplot libraries.

Time series clustering analysis. For clustering analysis, the tslearn library is used along with the
TimeSeriesKMeans and KShape classes. Two functions are created for time series data matrix prepa-
ration: one for k-means, which requires the same-size time series (the window is cut based on the
quantiles explained in the previous section), and one for k-shape, where it is possible to keep the
actual wake-up and sleep times, requiring only padding to create a matrix with the numpy library.
Once time series matrices are prepared, they are used for clustering analysis, where the results of
each assigned cluster each day are included in the final Activity-Sleep metrics table (Fig. 5).

Fig. 5. Clustering analysis process flow and results merging to the final Activity-Sleep metrics table

Relationship analysis with regression models. In this step, the statsmodels library is used pri-
marily for model fitting and the required assumption testing. To keep the code cleaner, additional
functions are created for data preparation (including dummy variable creation), experiment execu-
tion, assumption testing, and outlier detection. All Subset Regression is performed using itertools to
create all possible combinations.
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This part still requires some manual input and cannot be fully automated. Based on the best models
selected from All Subset Regression, each model is manually fit separately. The first model is initially
fitted according to the automated solution. Outlier diagnostics are run, and if any outliers are detected,
they are removed, and the model is re-fitted. Once outliers are no longer visible or there are no more
strong leverage points, model diagnostics are run to test if the model fulfills all the assumptions. Since
all the functions are already written, the model fitting process works more as a configuration of steps
taken in the final model creation.

Final remarks. This implemented methodology solution allows an in-depth analysis of each person
separately using Fitbit data. Currently, as a pilot version, it includes a semi-automated process to load
data files, clean insufficient data, remove outliers, and use already aggregated Fitbit data to engineer
additional features and create an Activity-Sleep metrics table. Then it performs a daily activity time
series clustering analysis and performs a relationship analysis from all gathered data. Steps such as
outlier removal and feature selection for modeling require domain knowledge and must be reviewed
manually to ensure that they are performed correctly. In the next section, this methodology will be
tested on real data.
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3. Experiments

The new technology of wearable devices now enables scientists to look deeper into each individual
and, based on that, provide more tailored recommendations on sleep quality. One of the objectives of
this project is to apply methodology on real user data, which would be able to provide insights of the
most influential individualized metrics based on different models that could explain the individual’s
relationship between physical activity and sleep quality. First, the data will be reviewed to better un-
derstand the domain, the quality of the data, and detect initial differences between each user. The data
will then be cleaned and processed based on the recommendations of the methodology in the second
section. Then for each person, an Activity-Sleep Metrics table will be created which will consist of
cleaned and structured data that include processed and engineered features of physical activity and
sleep quality; this can be seen as a table that consists of all possible Xs and Ys for modeling and re-
lationship analysis. In addition, the daily time series of the Awake Period will go through time series
clustering analysis, which would help to unlock new patterns. With all the prepared metrics, different
models will be created to find which metrics of physical activity may impact or relate the most to
sleep quality metrics. The goal is to find the strongest relationship for each individual separately,
which might differ from person to person. The results and recommendations will be presented and
limitations with future work recommendations will be discussed.

3.1. Descriptive data analysis

Person A data pre-processing. Starting with the person A data analysis, all CSV files were loaded
into the Jupyter Notebook and filtered by UserId. Person A is a female born in the 1980s. A total
of 331 lines were loaded from the sleep data file, and a total of 466560 lines were loaded from the
activity file, which contained minute-by-minute information of the 324 unique days.

For sleep data, it was necessary to clean it based on Fitbit indicators of insufficiently measured sleep
entries, also removing the entries that are not marked as main sleep. This step removed 11 entries from
the data set. The key metrics gathered from the device will be checked for outliers. After checking the
potential outliers with both methods, IQR picked more relevant outliers based on different metrics,
which, in total, removed 10 rows (3. 13% of the filtered data set). In addition, in this step new metrics
were engineered as calculated sleep efficiency, ratios of sleep phases, and frequency of awakening.

The next step was to clean up and aggregate the data set of physical activity metrics. To aggregate
data of the Awake Period (from the time the person woke up to the time it fell asleep), the starting
and ending times were taken from the sleep entries data set. If the previous day sleep entry with the
waking time was not available, the median value of the waking time was used. Having time series
windows of Awake Periods it was possible to check how much non-wear time was detected (non-
wear time was indicated by records with missing heart rate). Since no direct recommendation was
found on the acceptable amount of non-wear data for modeling, a quick analysis was conducted to
determine how many records would be removed at different thresholds. Only four records were found
to not meet the 60% threshold, indicating that increasing the threshold could provide more robust
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data. Therefore, a 75% threshold for available data was set, resulting in the removal of only 2.27%
records from the dataset.

The total steps, the average, and the maximum heart rate were calculated. For intensity score, the
person’s age was used to calculate the moderate heart rate range, from 89 to 125 beats per minute.
Using these parameters, intensity and activity minutes were calculated. The intensity score before bed
was filtered based on two hours before the sleep time. This score was also used to create a categorical
variable to indicate late night activity.

For outlier detection, the key focus was on aggregated data (such as steps and heart rate). After
reviewing the z-score and IQR methods for outlier detection, both methods provided similar results.
It detected 11 outliers, which were 3. 33% of the physical activity data set. After removal of outliers,
the tables of physical activity and sleep quality metrics were merged on the date of entry, taking into
account the difference of one day on the side of sleep quality metrics (activity happened on Monday
and should be merged with sleep data that occurred on Tuesday). The final Activity-Sleep metrics
table was created with a total of 290 entries.

Having first view of the relationship between physical activity and sleep quality metrics, the linear
correlations are generally weak to moderate (Fig. 6). The average heart rate (x2) shows more no-
ticeable correlations with certain sleep quality metrics. For example, it shows a moderate positive
correlation of r = 0.19 with sleep minutes (y1) and r = 0.20 with awake minutes (y5), along with a
moderate negative correlation of r = -0.19 with sleep efficiency (y6). The awake minutes (y5) also
have a weak negative correlation with the maximum heart rate (x3) the day before and a weak positive
correlation with the intensity score (x4). The correlation matrix revealed only weak to moderate linear
correlations. Furthermore, examining the scatter plots for each pair of metric of physical activity and
sleep quality (as shown in Figure 14 in Appendix A), no non-linear relationships were identified.

Fig. 6. Correlation matrix of physical activity and sleep quality metrics of person A
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After analyzing the correlation among the physical activity metrics presented in Figure 7, it was found
that the majority of these metrics have moderate correlations. Specifically, the intensity score (x4) and
the activity score (x5) demonstrate a very strong linear correlation (r = 0.87), suggesting that these
metrics are highly connected and likely reflect similar aspects of physical activity, therefore, one of
them will be removed from further analysis.

Fig. 7. Correlation matrix of physical activity metrics of person A

Given this high correlation, it will be essential to check for multicollinearity when including these
variables in the regression analysis, as multicollinearity can inflate the variance of the coefficient
estimates and make the model unstable. Although only one intensity or activity score will be used,
the other metrics should still be carefully checked to ensure that they do not collectively introduce
multicollinearity into the models.

Reviewing the categorical variables in Table 3, such as the day off variable (c4) (0 - working days,
1 - weekends and public holidays), it is evident that there is a difference between the averages. For
example, during working days, the person averages 376 minutes of sleep (y1), which is 46.7 minutes
less than during weekends. This pattern is consistent in other sleep phases, with more minutes on av-
erage spent in each phase on weekends. Interestingly, awake minutes (y5) also increase on weekends,
indicating potential interruptions in sleep that should be investigated further. Regarding the standard
deviation, it suggests that sleep patterns during weekends and public holidays are less consistent. This
variability could be due to differences in daily routines, social activities, and other factors.
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Table 3. Comparison of sleep metrics between days off and working days for person A

Sleep
Minutes (y1)

Deep Sleep
Minutes (y2)

Light Sleep
Minutes (y3)

REM Sleep
Minutes (y4)

Awake
Minutes (y5)

day off (c4) mean std mean std mean std mean std mean std
0 376.0 39.0 69.9 19.5 215.7 30.6 90.4 19.9 52.0 10.4
1 422.7 54.9 85.3 19.9 235.2 35.0 102.2 24.6 62.4 13.2

Sleep phase ratios do not variate similarly between weekends and weekdays (Fig. 4), however, it is
possible to see that for this person during the weekend on average the deep sleep ratio (y8) is higher,
meaning more restful sleep. The average light ratio (y10) is lower during the weekend, and the REM
sleep ratio (y9) remains the same.

Table 4. Comparison of sleep phase ratios between days off and working days for person A

Deep Ratio (y8) REM Ratio (y9) Light Ratio (y10)
day off (c4) mean std mean std mean std

0 18.6 4.7 24.0 4.2 57.5 6.6
1 20.2 4.1 24.0 4.2 55.8 5.9

Person B data pre-processing. Person B, a male born in the 1990s, had approximately 473 sleep
data records loaded for analysis. The outlier detection methods identified similar outliers, but ul-
timately the z-score method was chosen for its ability to pinpoint specific outliers. This method
removed 21 outliers, accounting for approximately 4% of the original data. Activity data was also
prepared for aggregation, and the days with more than 40% of non-wear time were removed. Then
data was aggregated, and activity and intensity scores were calculated based on a personal calculated
moderate intensity heart rate (94.9 to 132.8 beats per minute). Then outliers were detected by using
z-score and IQR methods. Both provided similar results, but IQR method was picked just because
it identified more outliers that were seen from the boxplots. Since there were less valid data in ac-
tivity data, after merging physical activity and sleep quality metrics in total there were 401 entries in
Activity-Sleep metrics table.

Reviewing the correlation matrix of pairs of physical activity and sleep quality metrics (Fig. 8), only
weak correlations were found, similarly, as observed for person A. There is a positive correlation
(0.16) between average heart rate (x2) and deep sleep minutes (y2), indicating that higher average
heart rates during awake periods might be associated with longer durations of deep sleep and more
restful sleep. In contrast, light sleep minutes (y3) show a slight negative correlation (-0.22) with the
average heart rate (x2), suggesting that higher average heart rates might reduce light sleep duration.
This pattern is also reflected in the deep and light sleep ratios, indicating that the average heart rate
could influence the composition of the sleep phases, potentially leading to more restful sleep. No
other linear relationships were detected. Furthermore, the scatter plots in Figure 15 in the appendix
did not reveal any linear or non-linear relationships.

After analyzing the correlation among the physical activity metrics presented in Figure 9, it was found
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Fig. 8. Correlation matrix of physical activity and sleep quality metrics of person B

that the majority of these metrics have moderate correlations, similarly to the previous person. The
same approach will be taken that activity score (x5) is not going to be included in analysis, and each
model will need to be checked for potential multicollinearity.

Fig. 9. Correlation matrix of physical activity metrics of person B
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Tables 5 and 6 show a similar pattern in which during the weekend sleep in all minutes on average is
longer than during the weekends. Although, the ratios of sleep phases did not change much between
weekends and weekdays.

Table 5. Comparison of sleep metrics between weekends or public holidays and working days for person A

Sleep
Minutes (y1)

Deep Sleep
Minutes (y2)

Light Sleep
Minutes (y3)

REM Sleep
Minutes (y4)

Awaken
Minutes (y5)

day off (c4) mean std mean std mean std mean std mean std
0 407.8 40.2 76.2 21.9 243.0 35.5 88.5 22.4 56.3 14.6
1 458.1 57.1 83.2 22.3 274.0 44.3 100.9 26.1 67.9 16.2

Table 6. Comparison of sleep phase ratios between weekends or public holidays and working days for person
B

Deep Ratio
(y8)

REM Ratio
(y9)

Light Ratio
(y10)

day off (c4) mean std mean std mean std
0 18.7 5.0 21.6 4.8 59.7 7.4
1 18.1 4.3 22.0 4.9 60.0 7.1

Comparison on data. Looking separately at both persons it was seen that there are similar be-
haviour patterns, and similar weak correlations between physical activity and sleep quality metircs.
Checking both of them side by side (in Tables 7 and 8) main difference was seen that person A is
overall more active, as on average daily steps is around twice more than person B. This can give
stronger relationships in person A analysis.

Table 7. Descriptive statistics comparison of physical activity metrics for person A and person B data

x1
Total
Steps

x2
Avg.
HR

x3
Max
HR

x4
Intensity

Score

x5
Activity

Score

x6
Int. Sc.

Before Bed

A Mean 16543.2 79.2 133.4 273.2 551.8 21.1
B Mean 7358.6 73.3 124.7 177.6 424.0 10.9

A Median 15358 78.8 129.2 229 496 10
B Median 6783 73.6 124.6 107 362 4

A Min 5057 64.5 99.8 61 121 0
B Min 185 59.4 95.6 13 59 0

A Max 37169 95.6 181.1 910 1453 242
B Max 23830 90.6 190.0 910 1638 242

A Std 5706.5 4.8 14.9 142.3 238.1 27.4
B Std 3287.6 4.4 15.0 175.0 268.3 29.2
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Table 8. Descriptive statistics comparison of sleep quality metrics for person A and person B data

y1 y2 y3 y4 y5 y6 y7 y8 y9 y10 y11

A Mean 390.6 74.0 222.7 94.0 55.8 90.9 87.4 18.9 57.2 23.9 5.0
B Mean 420.2 78.3 249.7 92.3 59.3 94.4 87.7 18.6 59.6 21.8 4.4

A Median 384 75 223 90 55 91 88 19 58 22 4
B Median 415 78 249 90 57 95 88 19 59 22 4

A Min 158 20 111 24 28 82 73 7 39 7 2
B Min 171 4 109 30 12 85 78 1 41 5 0

A Max 598 180 392 182 141 99 98 35 88 36 12
B Max 548 138 306 175 102 97 93 32 78 34 10

A Std 50.9 21.3 34.2 22.9 12.9 2.8 2.5 4.6 6.7 4.4 1.5
B Std 58.4 23.3 44.1 26.1 17.5 2.6 2.8 5.0 7.5 5.1 1.6

y1 - Sleep Minutes, y2 - Deep Sleep Minutes, y3 - Light Sleep Minutes, y4 - REM Sleep Minutes, y5 -
Awake Minutes, y6 - Sleep Efficiency (provided by Fitbit), y7 - Sleep Efficiency (calculated based on
literature), y8 - Deep Sleep Ration, y9 - REM Sleep Ration, y10 - Light Sleep Ratio, y11 - Frequency
of Awakenings.

3.2. Person A data analysis

3.2.1. Awake Period clustering based on steps time series

Next step is to get a better view of the person’s daily activity by applying a time series clustering
analysis. First, the k-means method with the Dynamic Time Warping (DTW) distance metric requires
equal size time series to be analyzed and added to clusters; hence, it is not possible to use actual
wake-up and sleep times. For this reason, the average timings of waking up and going to sleep were
calculated. To avoid missing some of the crucial data, the 25th quantile was taken for wake-up time,
and for bedtime the 75th quantile. This ensures to include a little extra time to the day not to seriously
cut activity where a person might wake up earlier or go to bed later as an average day. For person A,
the usual awake time was 08:49 and the sleep time was 02:05.

Then, daily minute-by-minute data was cut into a set of daily time series, forming a matrix. Each daily
time series was aggregated into 20-minute intervals. With the data prepared, clustering analysis was
performed using the k-means method with the DTW distance metric. The goal was to find clusters
that could be easily explained or interpreted, especially if they would be significant in regression
modeling. After different trials, 4 clusters were selected, and the results are shown in Figure 10, with
calculated and plotted centroids for better visualization. Cluster 2 was the most distinct, showing
activity spread throughout the day without any specific pattern. The other three clusters showed
similarities, such as having more activity in the first part of the day, then lower activity, and slightly
higher activity in the evening. Although they appeared similar, there were some distinctions. Cluster
0 had only around 1000 steps in the first part of the day, with more steps in the late evening. Cluster
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3 was similar, but activity in the evening tended to be a little earlier. Cluster 1 had twice the activity
of the morning steps compared to the others.

(a) Cluster 0 (b) Cluster 1

(c) Cluster 2 (d) Cluster 3

Fig. 10. Time series clustering results using k-means with DTW distance metric for person A

Applying the k-shape method, the identification of distinct clusters was more challenging. However,
three interpretable clusters were identified (Figure 11). The second cluster exhibited a greater variety
of days, while clusters 0 and 2 shared similarities to the previously discussed clusters identified using
DTW. Despite multiple attempts, the creation of visually distinct clusters remained difficult.

(a) Cluster 0 (b) Cluster 1 (c) Cluster 2

Fig. 11. Time series clustering results using k-shape method for person A

More detailed comparisons of clusters and sleep metrics are provided in the Appendix A Tables 17 and
18, and only sleep minutes (y1) are shown to have a small difference in their averages. For example,
DTW created cluster 2 with the highest average sleep minutes, while cluster 3 had the lowest average.
The K-shaped clusters did not show very different averages between the clusters.

Following the cluster analysis, new columns representing the identified clusters were created and
added to the comprehensive Activity-Sleep metrics table. These metrics will be treated as categorical
variables and in the model itself converted to dummy variables according to the regression modeling
requirements.
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3.2.2. Investigation of the relationship between physical activity and sleep quality

After compiling all the metrics into a single table, the next step involved analyzing the relationships
between them. Various metrics will be used to identify the strongest relationships. To expedite
this process and pinpoint the most significant relationships, an automated script, as an all subsets
regression with multicollinearity control, will be run to explore different combinations of physical
activity metrics, including categorical variables, and determine which sleep quality metrics are most
affected.

The performance of multiple linear regression models will be measured using adjusted R-squared,
AIC, and BIC, while pseudo R-squared, AIC, and BIC will be used for multiple quantile regression
models. This initial all subsets regression round aims to identify the strongest relationships from
the first model fit, acknowledging that these models might still contain outliers or fail to meet all
assumptions. Once potentially good models are identified, they will be examined more closely, and
further tuning may be performed to enhance their accuracy and reliability.

For person A, the strongest relationships were identified and are presented in Table 9. The most
robust models of initial fit relate to sleep minutes (y1), which included categorical variables such as
the results of the clustering of the two clustering methods used (c2 and c3), weekends (c4) and whether
there was intensive activity before bed (c1). Continuous metrics such as total steps (x1), maximum
heart rate (x3), and intensity score before bed (x6) were also included. Similar metrics influenced
the models for deep sleep minutes (y2). For awake minutes (y5), similar metrics were chosen, but
with few differences. Only the DTW clustering results (c2) were included in the top models, with the
average heart rate (x2) being used instead of the maximum heart rate.

Table 9. Top multiple linear regression models for different sleep quality metrics for person A

Features Target Adj. R-squared
[x6, c4, c1, c2, c3] y1 sleep minutes 0.20
[x1, x6, c4, c1, c2] y1 sleep minutes 0.19
[x3, x6, c4, c1, c3] y1 sleep minutes 0.19

[x6, c4, c1, c3] y2 deep sleep minutes 0.11
[x3, x4, c4, c3] y2 deep sleep minutes 0.11
[x3, c4, c2, c3] y2 deep sleep minutes 0.11
[x1, c4, c1, c2] y5 awake minutes 0.17

[x1, x6, c4, c1, c2] y5 awake minutes 0.17
[x2, c4, c1, c2] y5 awake minutes 0.17

As the all subsets regression identified the highest adjusted R-Squared was detected by analyzing
the strongest relationship with sleep minutes (y1). One of the models that was able to fulfill all
the assumptions is presented in Table 10. The model heavily depended on the categorical variable
indicating weekdays versus weekends (c4). The results indicated that sleep minutes (y1) increased by
almost an hour on weekends compared to weekdays. Other physical activity metrics did not show a
significant impact on sleep duration in this model.

One of the models that showed interpretable results is presented in Table 11. The chosen sleep quality
metric was awake minutes (y5). Although total steps were not statistically significant due to their
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Table 10. Multiple linear regression model of sleep minutes (y1) relationship with physical activity metrics
for person A (adjusted R-squared = 0.325, AIC = 2548, BIC = 2566)

Variable Coefficient Std. Error t-value P-value
const 377.5 9.094 41.511 0.000
x1_total_steps_awake_period -0.0004 0.001 -0.732 0.465
c4_day_off 54.9 5.033 10.914 0.000
c3_clusters_kshape_1 0.65 5.884 0.110 0.913
c3_clusters_kshape_2 8.12 5.051 1.609 0.109

p-value, removing them resulted in slightly worse model performance with an adjusted R-squared =
0.230, AIC = 1921, BIC = 1942.

The categorical variable indicating intense activity two hours before bed (c1) was statistically signif-
icant, suggesting that such activity increases the average number of awake minutes by 3.5 minutes.
In addition, weekends (c4) added approximately 10 minutes to the awake time. This model is very
important because the results of the cluster analysis also showed significance. Cluster 0 was removed
from the model to avoid multicollinearity and acts as a base. Clusters 2 and 3 showed statistical sig-
nificance and can therefore add 5.9 or 3.3 minutes compared to Cluster 0. Cluster 0 represented the
days with a smaller step count in the morning but more active in the evening. Cluster 2 represented
the day with full-day steps, which can tell that those days with more activity also increase the average
awaken minutes. Cluster 3 is very similar to Cluster 0, but shows a little bit longer activity in the
evenings.

Table 11. Multiple linear regression results for awake minutes (Y5) with physical activity metrics for person
A (adjusted R-squared = 0.244, AIC = 1895, BIC = 1920)

Variable Coefficient Std. Error t-Value p-Value

const 48.6 2.086 23.291 0.000
x1_total_steps_awake_period -0.0001 0.000 -0.843 0.400
c1_intensive_activity_before_bed 3.5 1.113 3.156 0.002
c4_day_off 10.2914 1.269 8.112 0.000
c2_clusters_dtw_1 1.6 1.538 1.025 0.306
c2_clusters_dtw_2 5.9 2.041 2.892 0.004
c2_clusters_dtw_3 3.3 1.573 2.116 0.035

Since both models met all assumptions, there will be no further steps with quantile regression. How-
ever, it is possible to review 12 and see that very similar models were recommended.

3.3. Person B data analysis

3.3.1. Awake Period clustering based on steps time series

To prepare data for time series clustering analysis, the same approach is used as for person A. First,
for the k-means method, the Awake Period windows must be cut into equal parts. For the start Awake
period, 0.25 quantiles of wake up time were used, and for the end Awake period 0.75 quantiles of
sleep time. It cut the windows from 08:49 to 02:00 a.m.
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Table 12. Top multiple quantile regression models for different sleep quality metrics for person A

Features Pseudo R-squared Target AIC BIC
[x1, x2, x4, x6, c4, c1] 0.19 y1 sleep minutes 2204 2229
[x1, x3, x4, x6, c4, c1] 0.19 y1 sleep minutes 2205 2231
[x3, x6, c4, c1, c2, c3] 0.21 y1 sleep minutes 2205 2242
[x2, x4, x6, c4, c1, c3] 0.12 y2 deep sleep minutes 1737 1766
[x1, x2, x4, c4, c1, c3] 0.12 y2 deep sleep minutes 1737 1766
[x1, x4, x6, c4, c2, c3] 0.13 y2 deep sleep minutes 1737 1773
[x1, x2, x6, c4, c1, c2] 0.18 y5 awake minutes 1407 1440
[x1, x2, x4, c4, c1, c2] 0.18 y5 awake minutes 1408 1441
[x1, x2, x3, c4, c1, c2] 0.18 y5 awake minutes 1408 1441

The results of the k-means method with DTW distance metrics are presented in Figure 12). Multiple
trials were performed to find the clusters that could be interpreted, and these results showed the best
distinguishing ones. Although clusters 1 and 2 looked very similar, with small differences in the
evening. They showed some steps activity regularly in the morning, afternoon, and early evening.
Cluster 1 showed some more activity later in the evening. Cluster 0 can indicate days with some
random activities throughout the day, and cluster 3 showed days that mainly had only one spike
throughout the day. K-shape method the best results presented with three clusters shown in figure 13.

(a) Cluster 0 (b) Cluster 1

(c) Cluster 2 (d) Cluster 3

Fig. 12. Time series clustering results using k-means with DTW distance metric for person B

Cluster 2 showed a similar pattern that was seen in k-means as well, where key activities occurred
three times per day. It also had a similar amount of days included in the cluster as with the k-mean
method per two similar clusters. Cluster 0 combines similar days that had more intensive activity
around the middle of the day. And Cluster 1 connected fewer days that did not look having an
interesting pattern.

The tables of sleep metrics statistics based on clustering results are provided in Appendix Tables 19
and 20. Those clustering results were added to the final Activity-Sleep metrics table and will be used
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(a) Cluster 0 (b) Cluster 1

(c) Cluster 2

Fig. 13. Time series clustering results using k-shape method for person B

for relationship analysis.

3.3.2. Investigation of the relationship between physical activity and sleep quality

The same methodology was applied to person B. The results for person B, as summarized in Table 13,
indicate similar patterns. The top models for Person B also included both categorical variables and
continuous metrics. These models were evaluated based on adjusted R-squared values to determine
the strength of the relationships between physical activity and sleep quality metrics. Here it is possible
to see some differences as well, for example, awake minutes (y5) initial fit models are not that strong
as it was for person A, and instead of deep minutes (y2), here the light minutes (y3) models were
selected instead.

Table 13. Top multiple linear regression models for different sleep quality metrics for person B

Features Target Adj. R-squared
Top 3 Models for y1_sleep_minutes

[x4, c4, c2, ] y1_sleep_minutes 0.22
[x1, x4, x6, c4, c2] y1_sleep_minutes 0.21
[x1, x6, c4, c1, c2] y1_sleep_minutes 0.21

Top 3 Models for y3_light_sleep_minutes
[x2, x4, x6, c4, c2,] y3_light_sleep_minutes 0.17

[x2, x4, c4, c2,] y3_light_sleep_minutes 0.17
[x2, x4, c4, c1, c2] y3_light_sleep_minutes 0.17

Top 3 Models for y5_awake_minutes
[x2, x4, x6, c4, c2] y5_awake_minutes 0.13
[x2, x4, c4, c1, c2] y5_awake_minutes 0.13

[x2, x4, c4, c2] y5_awake_minutes 0.13

The first regression model was developed to identify the strongest physical activity metrics associated
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with sleep minutes (Table 14). Additionally, this model met all the necessary assumptions for multiple
linear regression.

The model indicates a significant relationship between sleep minutes (y1) and weekends (c4), with
individual spending, on average, 55 more minutes sleeping during weekends compared to weekdays.
Cluster 3 showed a significant negative relationship with sleep minutes (y1), where days characterized
by a single spike in step activity rather than multiple smaller spikes that were associated with 24.7
fewer sleep minutes on average during the awake period.

Although the exact nature of the difference between these days and others is not immediately clear
from the clustering analysis, it suggests that days with a singular spike in activity could negatively
impact sleep duration. More research with the individual may be necessary to understand specific
activities or events on these days that could have negatively influenced sleep.

The intensity score (x4) was not statistically significant, but its inclusion helped to improve the overall
fit of the model and met all assumptions.

Table 14. Multiple linear regression model of sleep minutes (y1) relationship with physical activity metrics
for person B (R-squared = 0.297, AIC = 3933, and the BIC = 3957)

Variable Coefficient Std. Error t-value P-value
const 410.8 5.344 76.881 0.000
x4_intensity_score 0.02 0.015 1.608 0.109
c4_day_off 55.4414 4.58 12.094 0.000
c2_clusters_dtw_1 -5.53 5.754 -0.961 0.337
c2_clusters_dtw_2 2.25 6.010 0.375 0.708
c2_clusters_dtw_3 -24.66 5.928 -4.159 0.000

Another model identified from the all subsets regression was for light sleep minutes (y3). It was
possible to create a model (Table 15) that meets all linear regression assumptions. This time, the
clustering results were removed because their exclusion slightly improved the model. In this model,
all physical activity metrics are significant.

Starting with the average heart rate (x2), each additional beat per minute added to the average heart
rate can reduce the number of minutes of light sleep (y3) by 0.63. Each unit increase in the intensity
score (x4), which measures each minute in which the person’s heart rate is higher than 50% of their
maximum heart rate, is associated with an increase of 0.025 minutes in light sleep. Furthermore,
weekends (c4) add an average of 12.383 more minutes of light sleep.
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Table 15. Multiple linear regression model of sleep minutes (y1) relationship with physical activity metric for
person B (adjusted R-squared = 0.2, AIC = 2667, BIC = 2682)

Variable Coefficient Std. Error t-value P-value
const 98.1800 12.566 7.813 0.000
x2_avg_hr_awake_period -0.6348 0.174 -3.652 0.000
x4_intensity_score 0.0254 0.007 3.617 0.000
c4_day_off 12.3830 1.467 8.440 0.000

Two models were created for the relationship between sleep minutes (y1) and light sleep minutes
(y3) with physical activity. The awake minutes (y5) model did not perform well and did not meet the
majority of the assumptions, and if additional review would be needed, multiple quantile regression
could be performed. Top models of quantile regression all subest regressions results are in Table 16.

Table 16. Top multiple quantile regression models for different sleep quality metrics for person B

Features Pseudo R-squared Target
[x4, c4, c2] 0.13 y1_sleep_minutes
[x2, c4, c2] 0.13 y1_sleep_minutes
[x3, c4, c2] 0.13 y1_sleep_minutes
[x2, x4, c4, c2] 0.08 y3_light_sleep_minutes
[x1, x2, x4, c4, c2] 0.09 y3_light_sleep_minutes
[x2, c4, c2] 0.08 y3_light_sleep_minutes
[x1, x2, x3, x6, c4, c2, c3] 0.05 y4_rem_sleep_minutes
[x1, x2, x4, x6, c4, c2, c3] 0.05 y4_rem_sleep_minutes
[x1, x2, x3, x4, c4, c2, c3] 0.05 y4_rem_sleep_minutes
[x2, x3, x4, c4, c2] 0.10 y5_awake_minutes
[x1, x2, x4, c4] 0.09 y5_awake_minutes
[x1, x2, x4, c4, c3] 0.10 y5_awake_minutes
[x1, x2, x4, c1, c2] 0.06 y10_light_ratio
[x1, x2, c4, c1, c2] 0.05 y10_light_ratio
[x1, x2, x4, c2] 0.05 y10_light_ratio
[x2, x3, x6, c4, c2, c3] 0.05 y11_frequency_of_awakenings
[x2, x3, x6, c4, c1, c2, c3] 0.05 y11_frequency_of_awakenings
[x1, x2, x3, x6, c4, c2, c3] 0.05 y11_frequency_of_awakenings

3.4. Discussion

The methodology was successfully tested on real data from two different persons and this experiment
gave individual results, even though both experiments had similarities. From the descriptive analysis,
both persons shared similar amounts of sleep minutes in all phases, only the average minutes of sleep
was 30 minutes lower for person A, which also was under the recommended 7 hours of sleep. The
structure of the sleep phases also did not differ much. However, in the physical activity data it was
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seen that person A has about two times more steps, which could be the reason why the created models
had higher exploratory power.

With regard to sleep quality metrics, both people were able to have stronger regression models with
sleep minutes metric. According to other studies in the literature review, this metric was frequently
used in various disciplines and appears to be usually influenced by other factors, such as physical
activity. Not an exception in this project - both individuals were able to have a sleep minutes model.
However, for person A, the greatest impact of sleep minutes was whether the day was a weekend
(or public holiday) or a weekday. On the other hand, for person B, the sleep minutes model was
influenced by time series clustering analysis results, which is a unique piece of the experiment that
was brought about by this project.

The application of the results of the time series cluster analysis in regression models demonstrated
promise for future research, as they proved to be significant in certain customized models within
this project. As a pilot version, this method was used only on steps data within the Awake period,
yet it could be extended and tested on heart rate, or even on both combined. In addition, various
modifications can be introduced, such as different aggregation intervals. The nuance with clustering
analysis is that it cannot be fully automated and requires additional check to see if the results of the
clusters can be interpret to understand what type of days may impact different sleep metrics. It gives
a deeper look at the activity, behavior, and routines of each person that can impact sleep quality.

It was interesting to see that some of the sleep quality metrics differed for both people. For exam-
ple, for person A the model for awake minutes was created, which was impacted by dtw clustering
results, whether she has more intensive activity two hours before bed, and whether it was a weekend.
However, for person B, the light sleep minutes model showed more explanatory power, which was
affected by the average heart rate, the intensity score and whether it was a weekend. This showed the
importance that each person is different and different factors can influence their sleep. This created
tool enables people to find the metrics that are impacted the most within their own help without trying
to follow general recommendations that were made on multiple people or even specific groups.

Unfortunately, the new metrics included in this work that were related to sleep structure, such as REM,
deep, and light sleep ratios, did not show a strong relationship with physical activity with any person.
However, it is important to acknowledge that wearable devices currently lack precision in detecting
sleep phases, with sleep minutes being the only metric measured with relatively higher accuracy.
Knowing how fast technology involves, it is valuable to keep these metrics in the methodology.

From an economic perspective, this experiment demonstrated that it is possible to detect relationships
between physical activity and sleep quality using wearable devices, without the need for expensive
laboratory experiments. It enables people to track their biometrics by pinpointing physical activity
metrics that can impact sleep quality, make actionable changes, and observe if these changes improve
the selected metrics. As some reviewed studies showed, just by being informed about how to take care
of your sleep and being track that, it actually can increase sleep quality. This project also highlighted
the importance of personalized analysis. For example, some studies found a correlation between a
higher number of steps and improved sleep quality in larger populations. However, for individuals
A and B, the step count did not significantly affect their sleep duration. This discrepancy could be
due to the fact that general studies often capture a brief period of a person’s life, suggesting that more
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active individuals with higher step counts generally sleep better. However, this does not necessarily
mean that increasing your step count in a single day will improve your quality of sleep.

Implementing a personalized approach in workplaces can improve employee satisfaction by showing
that the company cares about their health and individuality. Improved sleep quality among employees
can lead to increased productivity, engagement, and creativity. In addition, good sleep is associated
with fewer health problems, resulting in fewer sick leave and fewer workplace accidents. Further-
more, if individuals can extend their sleep duration to the suggested 7 hours, it could potentially
reduce healthcare expenses related to poor sleep quality.

Since this method uses data from the Fitbit wearable device, it can be applied to any commonly used
wearable device, making the solution scalable and reused on current wearable devices without the
need to buy a new one, to make it a more sustainable option. It can be developed into a user-friendly
application in which individuals can select different metrics to see how physical activity impacts their
sleep quality and identify areas of focus.

Finally, although this finding was not the primary focus of the project, it should be mentioned the
significant impact of weekends on sleep quality. According to the models, weekends add almost an
hour to the total sleep time on average for both individuals. This metric was included in most models
and has consistently been proven to be significant. Unfortunately, it is a metric that individuals have
limited control over. However, future studies in Lithuania or Europe could explore the broader impli-
cations of poor sleep on the economy. Such studies might calculate how the additional sleep gained
from non-working days can save costs, and enhance productivity and engagement at the workplace.

3.5. Limitations and future work recommendations

One significant limitation in understanding the relationship between various factors and sleep quality
is the lack of comprehensive biometrics. Sleep is influenced by multiple factors, including physical
activity, stress, diet, and alcohol consumption. To improve the explanation of what most significantly
affects sleep, it would be beneficial to collect additional data on diet, alcohol consumption, and stress
levels daily.

Also, it is important to mention that the accuracy of wearable devices is still questionable, and while
sleep minutes and step count already show acceptable accuracy, other metrics are still not reliable,
and the results can still vary for technical reasons.

For future work, this methodology can be extended not only to include more biometrics but also
to incorporate additional methods. For example, logistic regression could be used to classify sleep
quality into categories such as poor, moderate, and good, or just poor-good. The previous studies
usually used standard thresholds, such as 420 minutes (7 hours), but knowing that each individual
is different, and sometimes progress, and not perfection, is more important, those thresholds can be
adjusted based on person’s goals - longer sleep, longer deep sleep minutes.

In addition, machine learning approaches could be used for forecasting. The provided Activity-Sleep
metrics table can also be treated as time series data, enabling time series analysis. However, missing
data and outlier detection should be reviewed with time-series practices. Code implementation can
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also be created to load not only Fitbit data, but also any other wearable device data that contains
simple metrics such as minute-by-minute (or other interval) steps and heart rate data, overall sleep,
deep sleep, REM sleep, light sleep and awake minutes, and total time in bed with waking up and sleep
times.
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Conclusion

1. The literature review confirmed the economic and health importance of addressing sleep quality,
emphasizing the high costs for government associated due to the poor sleep outcomes. In
addition, for companies, sleep quality affects worker productivity, engagement, creativity, and
the frequency of accidents at work. The literature revealed various findings on human’s physical
activity impact on sleep quality, which in some cases had opposite relationships, showing the
importance of more personalized approach in physical activity and sleep quality relationship
analysis.

2. A set of indicators was proposed for the analysis of the data provided by the company. This
is a new approach to use various metrics to find a personalized evaluation of the relationship
between physical activity and sleep quality metrics.

3. After applying the developed and implemented Python methodology to the real data of two
individuals, the results demonstrated the impact of human physical activity on sleep quality
metrics and highlighted the importance of personalized models, which revealed varying results
between individuals.

4. The inclusion of time-series clustering results using the k-means method combined with the
Dynamic Time Warping (DTW) distance metric in multiple regression models has proven to be
a significant regressor, highlighting the effectiveness of this novel approach.

5. The findings advocate for a shift towards personalized sleep medicine, where customized rec-
ommendations can significantly improve sleep quality and improve overall productivity and
health outcomes. This personalized strategy has economic implications by potentially reducing
healthcare costs and improving workplace efficiency and productivity.

This project was carried out in collaboration with the company dhealthIQ, which specializes in remote
patient monitoring and personalized therapy solutions. Furthermore, this project was presented at the
student conference Mathematics and Natural Sciences: Theory and Application, hosted by the Faculty
of Mathematics and Natural Sciences at Kaunas University of Technology on May 17, 2024.
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1. Plots representing data analysis of person A

Fig. 14. Correlation matrix of physical activity and sleep quality metrics of person A
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Table 17. Comparison of sleep metrics across different DTW clusters of person A

y1 y2 y3 y4 y5
c2_clusters_dtw mean std mean std mean std mean std mean std
0 390.5 49.6 74.3 19.4 221.7 32.7 94.5 22.7 52.0 10.2
1 386.2 46.1 71.6 19.9 222.1 30.5 92.4 22.0 53.9 12.0
2 404.1 52.8 79.3 22.1 228.9 35.5 95.9 22.3 59.1 12.4
3 379.6 45.8 73.5 21.5 213.3 33.4 92.9 21.1 55.2 13.0

Table 18. Comparison of sleep metrics between different K-Shape clusters for person A

y1 y2 y3 y4 y5
c3_clusters_kshape mean std mean std mean std mean std mean std
0 384.1 48.4 71.0 22.1 219.9 31.1 93.2 21.4 55.8 12.7
1 396.7 53.3 76.7 22.6 225.7 33.0 94.3 22.9 57.8 13.0
2 387.4 45.5 74.7 18.5 219.2 34.1 93.6 21.8 52.5 10.9
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2. Plots representing data analysis of person B

Fig. 15. Correlation matrix of physical activity and sleep quality metrics of person B
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Table 19. Comparison of sleep metrics across different DTW clusters of person B

y1 y2 y3 y4 y5
c2_clusters_dtw mean std mean std mean std mean std mean std
0 428.1 52.8 80.5 22.5 250.7 41.1 96.9 25.9 61.8 17.2
1 421.6 46.8 75.2 20.9 255.6 37.9 90.1 25.1 58.7 14.5
2 426.7 48.9 80.8 21.6 254.3 41.9 92.6 22.9 60.8 16.5
3 410.8 53.2 77.2 23.8 244.2 40.9 89.4 22.4 57.1 15.9

Table 20. Comparison of sleep metrics between different K-Shape clusters for person B

y1 y2 y3 y4 y5
c3_clusters_kshape mean std mean std mean std mean std mean std
0 384.1 48.4 71.0 22.1 219.9 31.1 93.2 21.4 55.8 12.7
1 396.7 53.3 76.7 22.6 225.7 33.0 94.3 22.9 57.8 13.0
2 387.4 45.5 74.7 18.5 219.2 34.1 93.6 21.8 52.5 10.9
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