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This thesis deals with Al mentoring systems in the medical field especially in
wearable technology and how it could be applied to individual health and wellness
by studying the feasibility and efficacy of Al health wearable devices on end user
perspective. The primary data was collected by employing a quantitative research

method, distributing surveys to students of Oulu University of Applied Sciences.

The statistical analysis includes descriptive statistics, correlation analysis, and
thematic coding for frequency of use of the wearable, user satisfaction, perceived
accuracy, and health impact. The feedback from the respondents says that they
are extremely pleased with the ease of use, physical activity tracking and sleep
improvement but not quite as much with the ability to motivate behavior and im-
prove health. Users expressed notable concerns over data accuracy, privacy, and
device costs, with recommendations for improving Al integration in wearables to
better meet health goals. This thesis would show what is coming from the user
perspective, what the Al health systems lack, and what improvements need to be

made on the Al health mentoring technology.
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GLOSSARY

concept

Al

AloT

Blockchain

FedHealth

loMT

definition

(Artificial Intelligence) The simulation of human
intelligence processes by machines, especially
computer systems, to perform tasks like learning,

reasoning, and self-correction.

The integration of Al with 10T (Internet of Things) to en-
able smart devices and systems to process data and

make autonomous decisions.

A decentralized, distributed ledger technology that pro-
vides secure, transparent, and tamper-proof data shar-

ing, often used in health data management.

A Federated Transfer Learning Framework for wearable
healthcare that ensures data privacy while facilitating

secure data sharing among devices.

(Internet of Medical Things) A network of connected
medical devices that enable the collection, exchange,

and analysis of health data over the internet.

Smart Wearable Sensors Sensors embedded in wearable devices that monitor

Ubiquitous Sensors

physiological signs, environmental data, or physical ac-

tivity with biocompatibility and accuracy.

Sensors integrated into everyday devices that enable
continuous monitoring and data collection, commonly

used in Al-powered health monitoring systems.



1 INTRODUCTION

Health is the foundation of our existence, and preserving well-being ranks among
life's most central objectives. Health maintenance is an ongoing requirement ir-
respective of evolving circumstances, and the traditional adage of 'prevention is
better than cure' is as applicable today as ever. But it is a flaccid attitude to the

craft of health management in general.

Today's world is a technological world, where everything is done on computers
and similar technologies, and devices like mobile phones are available to almost
everyone. These changes have opened opportunities for improving human well-
being as never before. The power of processing of today's technology dwarfs that
of previous generations, and this has led to a profound change in how people

think about health and wellness.

Artificial intelligence (Al), which is not truly a creator in its own right, has already
shown its enormous power to provide useful knowledge from diverse data
streams and sophisticated algorithms. Al will be a significantly good tool for health

management and for making people healthy.

How much can Al truly support people on the path to better health, and how ef-

fectively can it be plugged into the daily rhythms of health practice?

With these considerations in mind, this research explores the potential of Al
through the project titled "Empowering Human Health with Wearables: Exploring
the Feasibility and Efficacy of Al-Powered Health Mentoring Systems."



2 LITERATURE REVIEW

2.1 Wearable Technology in Healthcare

The advancements in wearable health technology have significantly improved the
landscape of healthcare, with the introduction of flexible and stretchable sensors
combined with low power silicon based electronics for medical monitoring. These
devices have been designed to monitor vital signs such as body temperature,
heart rate, respiration rate, blood pressure, pulse oxygenation, and blood glucose
(Khan et al., 2016). Apart from medical monitoring, wearable health technology
has also been integrated into smart homes for continuous and remote monitoring
of elderly health and wellbeing (Majumder et al., 2017). With the introduction of
new brands and devices for wrist worn fitness wearables, sensor support has
been increasing every year, thus enhancing the potential for physical activity

tracking and monitoring (Henriksen et al., 2018).
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FIGURE 1. Longitudinal multi-omics and wearable data enabled deep pheno-
typing for precision health (Mohan Babu, Michael Snyder 2023.)

FIGURE 1 illustrates how health data combined with technology predicts disease

risks and aids in treatment.
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2.1.1 Flexible and Stretchable Devices

The development of flexible and stretchable devices has been a major focus of
advancement in wearable health technology. M. Chen et al. discussed that these
devices can accommodate strain and maintain high performance under defor-
mation, driving innovations in wearable devices (M. Chen et al., 2016). In addi-
tion, the use of graphene-based sensors has further expanded the capabilities of
wearable health technology, allowing for real-time measurement of various health
indicators and enabling personalized healthcare (Jara et al., 2013). Moreover, the
integration of smart textiles has shown potential for personalized healthcare, al-
lowing for the monitoring of real-time physiologic and movement parameters dur-

ing training and competitive sports (Libanori et al., 2022).

FIGURE 2. The Palarum PUP Smart Sock uses eTextile biosensors woven into
the sock sole ( Bbcrossword 2023.)

FIGURE 2 shows the probability of textile wearable for tracking the person’s

health data in the near future.

2.1.2 Smart Wearable Sensors

The development of smart wearable sensors with excellent bio functionality has
been a significant area of progress in wearable health technology. These sensors

have been designed for precise monitoring of vital signs of the human body or

11



the surrounding environment, and have exhibited properties such as biocompat-
ibility, biodegradability, and self-healing (Gibson et al., 2019). Furthermore, smart
loT-enabled garments have shown potential in communicating with smartphones
to process biometric information, promising a new era for retail and sports medi-
cine (R. T. Li et al., 2016).

2.1.3 Future Research Directions and Knowledge Gaps

While there have been significant advancements in wearable health technology,
there are still several knowledge gaps and potential future research directions.
Additionally, further research is needed to explore the potential of Internet of med-
ical things (IoMT) for the management of chronic diseases such as diabetic foot

ulcers, enabling remote monitoring and personalized care (Shan et al., 2019a).

2.2 Al in Personal Health Monitoring

In recent years, the integration of artificial intelligence (Al) algorithms in personal
health monitoring has gained significant attention due to its potential to revolu-
tionize healthcare. This literature review aims to provide a comprehensive over-
view of the role of Al in health tracking, the impact of machine learning on per-

sonal health, and the use of Al for health data analysis.

Sarker discusses the application of Al algorithms in health tracking, emphasizing
the importance of machine learning in analyzing health data (Sarker, 2021). The
author highlights the potential of Al to track various health parameters and identify
patterns that may indicate potential health issues. This finding underscores the
significance of Al in providing personalized health monitoring and early detection

of health conditions.

Rajpurkar et al. also acknowledge the potential of Al in health and medicine; how-
ever, their study did not provide specific findings related to Al algorithms in health
tracking (Rajpurkar et al., 2022). This knowledge gap suggests the need for fur-
ther research to explore the specific applications and impact of Al algorithms in

personal health monitoring.

12



Furthermore, Mohr et al. emphasize the use of Al for health data analysis, partic-
ularly in the context of mental health (Mohr et al., 2017). The authors highlight the
role of ubiquitous sensors and machine learning in understanding mental health
patterns and predicting mental health outcomes. This finding demonstrates the
potential of Al in leveraging health data to gain valuable insights and improve

personalized health monitoring.

Despite the valuable insights provided by the existing research, there are still
knowledge gaps that warrant further exploration. Firstly, there is a need for more
comprehensive studies to elucidate the specific algorithms and techniques used
in Al-based health tracking. Additionally, future research should focus on evalu-
ating the effectiveness and accuracy of Al algorithms in personal health monitor-

ing to ensure reliable and actionable insights.

Moreover, the integration of Al in personal health monitoring raises ethical and
privacy concerns that require careful consideration. Future research should ex-
plore the ethical implications of Al in health tracking and develop guidelines to

ensure the responsible and secure use of Al technologies in healthcare settings.

In conclusion, the existing literature on Al in personal health monitoring highlights
the significant potential of Al algorithms in health tracking and data analysis. How-
ever, there is a need for further research to address knowledge gaps, evaluate
the effectiveness of Al algorithms, and address ethical considerations, ultimately

advancing the field of Al in personal health monitoring.

2.3 Integrating Al and Wearables for Health Mentoring

The integration of artificial intelligence and wearables has shown promising po-
tential in the field of health mentoring. This literature review aims to provide a
comprehensive synthesis of existing research findings related to the combination
of Al and wearables for personalized health recommendations and technology-

assisted health coaching.
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Schull discusses the significance of wearable technology in the design of self-
care and its potential impact on health mentoring. The study emphasizes the im-
portance of data for life and how wearable technology can be utilized to facilitate
self-care practices. The integration of Al with wearables is highlighted as a crucial
aspect of leveraging the data obtained from these devices for personalized health
mentoring (Schill, 2016).

Subramaniyaswamy et al. present an ontology-driven personalized food recom-
mendation system in the context of an loT-based healthcare system. The study
focuses on the use of Al to provide personalized recommendations, particularly
in the domain of dietary choices (Subramaniyaswamy et al., 2019). This research
finding underscores the potential of Al-driven systems to offer tailored health rec-
ommendations based on individual user data, thus contributing to the field of

health mentoring.

Shan et al. shed light on the state of the art in digital health technology and mobile
devices for the management of diabetes mellitus (Shan et al., 2019b). The study
emphasizes the role of technology-assisted health coaching, particularly through
the use of wearables, in the context of managing chronic conditions such as dia-
betes. The findings underscore the potential of wearables and Al-driven technol-
ogies in providing real-time health coaching and monitoring, thereby enhancing

the effectiveness of health mentoring practices.

While the existing research provides valuable insights into the integration of Al
and wearables for health mentoring, there are certain knowledge gaps that war-
rant further investigation. Firstly, there is a need for more extensive studies that
evaluate the long-term effectiveness and user acceptance of Al-driven personal-
ized health recommendations delivered through wearables. Additionally, future
research should focus on the development of advanced Al algorithms that can
analyze wearable data to provide proactive health coaching and mentoring tai-
lored to individual needs. Moreover, the ethical implications and privacy concerns
associated with the use of Al and wearables in health mentoring require thorough

exploration in future studies.
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In conclusion, the literature review highlights the potential of integrating Al with
wearables for personalized health mentoring, as evidenced by the existing re-
search findings. However, there is a need for further research to address the
knowledge gaps and propel the field towards more effective and ethical applica-

tions of Al and wearables in health mentoring.

2.4 Feasibility of Al-Enabled Wearable Health Systems

The integration of Artificial Intelligence (Al) into wearable health systems has the
potential to revolutionize health monitoring, diagnostics, and management. This
literature review aims to explore the practical challenges, scalability, and cost

analysis of Al-powered wearable health systems.

2.4.1 Practical Challenges in Al and Wearables Integration

Pantelopoulos & Bourbakis conducted a survey on wearable sensor-based sys-
tems and highlighted the practical challenges associated with Al and wearables
integration. They emphasized the need for efficient data processing, real-time
monitoring, and seamless connectivity in wearable health systems. These prac-
tical challenges include data accuracy, power consumption, interoperability, and
data security. Addressing these challenges is crucial for the successful imple-
mentation of Al-enabled wearable health systems. (Pantelopoulos & Bourbakis,
2010.)

2.4.2 Scalability of Al-Based Health Monitoring Devices

Abramoff et al. conducted a pivotal trial of an autonomous Al-based diagnostic
system for the detection of diabetic retinopathy in primary care offices. The study
focused on the scalability of Al-based health monitoring devices and demon-
strated the potential for widespread adoption of Al in primary care settings. The
scalability of Al-based health monitoring devices is a critical factor in ensuring
accessibility and affordability, especially in resource-constrained environments.
(Abramoff et al., 2018).

15



2.4.3 Cost Analysis of Al-Powered Wearable Health Systems

Wang et al. discussed the development of flexible sensing electronics for weara-
ble/attachable health monitoring. While the study did not explicitly address the
cost analysis of Al-powered wearable health systems, the advancement of flexi-
ble sensing electronics is a crucial step towards reducing the production costs of
wearable health devices. Cost analysis of Al-powered wearable health systems
is essential to determine the economic feasibility and market affordability of such

technologies. (Wang et al., 2017).

2.4.4 Knowledge Gaps and Future Research Directions

In conclusion, the feasibility of Al-enabled wearable health systems is contingent
on addressing practical challenges, ensuring scalability, and conducting compre-
hensive cost analyses. Future research should focus on filling the identified
knowledge gaps and exploring the potential of Al in conjunction with emerging

technologies for health monitoring and management.

2.5 Efficacy of Al-Powered Health Mentoring Systems

Health behavior change interventions have evolved in recent years due to the
advancements in technology. The integration of artificial intelligence (Al) in health
mentoring systems has shown promise in promoting behavior change and im-
proving health outcomes. This literature review aims to provide an overview of
the effectiveness of Al in health behavior change, outcomes of using Al for health

mentoring, and comparative studies on Al-based vs traditional health mentoring.

2.5.1 Effectiveness of Al in Health Behavior Change

Several studies have investigated the impact of Al on health behavior change.
Webb et al. conducted a systematic review and meta-analysis to assess the im-
pact of theoretical basis, behavior change techniques, and mode of delivery on

the efficacy of internet-based interventions for promoting health behavior change
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(Webb et al., 2010). The findings suggested that Al-powered interventions have
the potential to effectively promote behavior change, especially when incorporat-

ing behavior change techniques and a strong theoretical basis.

Korda & Itani explored the potential of harnessing social media, which often uti-
lizes Al algorithms, for health promotion and behavior change (Korda & Itani,
2013). Their study highlighted the significance of social media platforms in influ-
encing health behavior change, indicating the potential effectiveness of Al-pow-

ered health mentoring systems in reaching and engaging a wider audience.

Furthermore, Zhao et al. conducted an evidence review to determine the influ-
ence of mobile phone apps, many of which incorporate Al elements, on people's
health behavior change (Zhao et al., 2016). The review concluded that mobile
apps have the potential to influence health behavior change, suggesting that Al-
powered health mentoring systems delivered through mobile platforms could be

effective in promoting behavior change.

2.5.2 Outcomes of Using Al for Health Mentoring

The outcomes of using Al for health mentoring have been a subject of interest in
recent research. Cossy-Gantner et al. discussed the contribution of Al to global
health, particularly in resource-poor settings. The study emphasized the potential
of Al in improving health outcomes, indicating that Al-powered health mentoring
systems could play a crucial role in addressing health disparities and promoting

positive health behavior change. (Cossy-Gantner et al., 2018.)

Liu et al. evaluated the eligibility criteria of oncology trials using real-world data
and Al. While the focus of the study was on oncology trials, the findings under-
scored the potential of Al in optimizing health interventions and improving patient
outcomes (Liu et al., 2021). This suggests that Al-powered health mentoring sys-
tems could lead to improved health behavior change outcomes in various clinical

settings.
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2.5.3 Comparative Studies on Al-Based vs Traditional Health Mentoring

In addition to exploring the effectiveness of Al in health behavior change, several
studies have compared Al-based health mentoring with traditional approaches.
Maher et al. conducted a systematic review to determine the effectiveness of
health behavior change interventions that use online social networks (Maher et
al., 2014). The study highlighted the potential of online social networks, often uti-
lizing Al algorithms, in promoting health behavior change, suggesting that Al-
based health mentoring systems may offer unique advantages over traditional

approaches.

Moreover, Milne-lves et al. conducted a systematic review of mobile apps for
health behavior change, which often incorporate Al elements (Milne-lves et al.,
2020). The review encompassed various health domains, including physical ac-
tivity, diet, drug and alcohol use, and mental health. The findings suggested that
mobile apps, particularly those using Al, have the potential to promote positive
health behavior change across diverse health domains, indicating the potential
superiority of Al-based health mentoring systems compared to traditional inter-

ventions.

2.5.4 Knowledge Gaps and Future Research Directions

While the existing literature provides valuable insights into the efficacy of Al-pow-
ered health mentoring systems, there are still knowledge gaps that warrant fur-
ther research. Investigating the impact of Al on specific health behaviors and
populations would contribute to a more comprehensive understanding of the po-

tential of Al-powered health mentoring systems.

In conclusion, the literature reviewed demonstrates the potential effectiveness of
Al-powered health mentoring systems in promoting behavior change and improv-
ing health outcomes. However, ongoing research is essential to address
knowledge gaps and fully understand the impact of Al on health behavior change.
This will ultimately contribute to the development of more effective and tailored

Al-powered interventions for promoting positive health behavior change.
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2.6 User Experience and Engagement

2.6.1 Introduction

User interaction with Al-powered wearables, adoption barriers for wearable
health technology, and patient engagement in Al-assisted health programs are
important aspects of user experience and engagement. The integration of artifi-
cial intelligence (Al) in wearables presents both opportunities and challenges,
and understanding user behavior and engagement is crucial for successful adop-
tion and sustained use. In this review, the researcher aim to synthesize the re-
search findings on these topics and identify knowledge gaps and future research

directions.

2.6.2 User Interaction with Al-Powered Wearables

Xiong et al. explored the use of functional fibers and fabrics for soft robotics,
wearables, and human-robot interface, indicating the potential for innovative user
experiences with Al-powered wearables (Xiong et al., 2021). The study empha-
sizes the importance of material design and human-robot interaction in enhancing

user engagement and experience with Al-powered wearables.

2.6.3 Adoption Barriers for Wearable Health Technology

Baig et al. conducted a systematic review of wearable patient monitoring sys-
tems, highlighting the current challenges and opportunities for clinical adoption
(Baig et al., 2017). The study identified several barriers to the adoption of wear-
able health technology, including technical, organizational, and user-related fac-
tors. Understanding and addressing these barriers are essential for improving

user experience and engagement with Al-powered wearables.
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2.6.4 Patient Engagement in Al-Assisted Health Programs

Fernandez-Caramés & Fraga-Lamas reviewed loT wearables and garments for
creating intelligent connected e-textiles, emphasizing the potential for enhancing
patient engagement in Al-assisted health programs (Fernandez-Caramés &
Fraga-Lamas, 2018). The study highlights the role of intelligent connected e-tex-
tiles in promoting user engagement and experience through personalized and

context-aware interactions.

2.6.5 Knowledge Gaps and Future Research Directions

While the existing literature provides valuable insights into user interaction, adop-
tion barriers, and patient engagement in Al-assisted health programs, several
knowledge gaps and future research directions can be identified. Firstly, there is
a need for further research on the integration of wearable health technology with
electronic health records (Dinh-Le et al., 2019). Understanding the implications
of this integration on user experience and engagement is critical for the success-
ful implementation of Al-powered wearables in healthcare settings. Furthermore,
exploring the potential of AloT-enabled applications for enhancing user engage-
ment with wearable health technology, Sun et al. presents an exciting avenue for

future research (Sun et al., 2021).

In conclusion, user experience and engagement with Al-powered wearables are
complex and multifaceted, influenced by user interaction, adoption barriers, and
patient engagement in Al-assisted health programs. By integrating and synthe-
sizing the existing research findings, this literature review highlights the need for
further research to address knowledge gaps and drive future advancements in
the field.

Overall, these findings underscore the importance of understanding user experi-
ence and engagement to inform the design and implementation of Al-powered
wearables in healthcare and other domains. Further research is needed to ad-
dress the identified knowledge gaps and explore the potential of Al-powered

wearables for enhancing user experience and engagement.
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2.7 Ethical, Legal, and Privacy Concerns in Al and Health Technology

2.7.1 Introduction

Artificial Intelligence (Al) and wearable health technology have become increas-
ingly prevalent in the healthcare industry, offering numerous benefits for patient
care and monitoring. However, the integration of Al and wearable health technol-
ogy also raises crucial ethical, legal, and privacy concerns that must be ad-
dressed. This literature review aims to provide a comprehensive overview of the
existing research findings on these concerns and highlight potential future re-

search directions.

2.7.2 Ethical Implications of Al in Health Mentoring

Rajpurkar et al. emphasize the ethical implications of Al in health and medicine,
highlighting the need for ethical considerations in the development and use of Al
technologies in healthcare (Rajpurkar et al., 2022). The authors underscore the
importance of ensuring that Al systems prioritize patient well-being and safety,
and do not compromise the ethical principles of medical practice. This finding
underscores the critical need for further research into the ethical implications of
Al in health mentoring, particularly in the context of patient-provider relationships

and the potential impact on patient autonomy.

2.7.3 Data Privacy in Wearable Health Technology

Y. Chen et al. focus on data privacy in wearable health technology, emphasizing
the importance of protecting sensitive health data collected from wearables (Y.
Chen et al., 2020). The authors propose a Federated Transfer Learning Frame-
work, FedHealth, to address data privacy concerns and facilitate secure data
sharing among wearable healthcare devices. This research finding underscores
the need for robust data privacy measures in wearable health technology and
suggests the potential for future research to explore advanced encryption and

data anonymization techniques to enhance privacy protection.
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2.7.4 Regulatory Aspects of Al in Healthcare

Gao et al. conduct an empirical study on wearable technology acceptance in
healthcare, shedding light on the regulatory aspects of Al in healthcare (Gao et
al., 2015). The authors highlight the importance of regulatory frameworks to gov-
ern the use of Al in healthcare and ensure compliance with legal and ethical
standards. This finding underscores the need for further research into the devel-
opment of comprehensive regulatory frameworks for Al in healthcare, encom-

passing data privacy, security, and ethical considerations.

2.7.5 Data Security and Privacy in Wireless Body Area Networks

M. Li et al. provide insights into data security and privacy in wireless body area
networks, highlighting the importance of securing sensitive health data transmit-
ted wirelessly (M. Li et al., 2010). The authors emphasize the need for robust
data security measures to protect health data from unauthorized access and
breaches. This finding underscores the significance of addressing data security
and privacy concerns in the context of wearable health technology, calling for
future research to explore encryption protocols and secure communication mech-

anisms for wireless body area networks.

2.7.6 Integrating Blockchain for Data Sharing and Collaboration in Mobile

Healthcare Applications

Liang et al. propose the integration of blockchain for data sharing and collabora-
tion in mobile healthcare applications, aiming to enhance data security and pri-
vacy (Liang et al., 2017). The authors highlight the potential of blockchain tech-
nology to provide a secure and immutable platform for sharing sensitive health
data. This finding suggests the potential for future research to explore the appli-
cation of blockchain in ensuring data privacy and integrity in the context of Al and

wearable health technology.
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2.7.7 Conclusion

In conclusion, the literature review highlights the critical ethical, legal, and privacy
concerns associated with the integration of Al and wearable health technology in
the healthcare industry. The findings from the reviewed research underscore the
need for further investigations into ethical implications, data privacy, regulatory
frameworks, and data security measures to address the existing gaps in
knowledge. Future research directions should focus on developing comprehen-
sive ethical guidelines, privacy-enhancing technologies, and regulatory frame-
works to ensure the responsible and ethical deployment of Al and wearable

health technology in healthcare settings.

2.8 Future Trends and Potential in Al and Wearable Health Technology

The intersection of artificial intelligence (Al) and wearable health technology is an
area of growing interest and innovation. In this literature review, the researcher
synthesize and integrate research findings from the literature to provide insights
into the emerging trends and future potential of Al in personal health management

and wearable health technology.

2.8.1 Emerging Innovations in Health Wearables and Al

Boxall et al. highlighted the emerging innovations in health wearables and Al,
emphasizing the need to address the environmental implications of pharmaceu-
ticals and personal care products (Boxall et al., 2012). While the focus of the
study was on environmental health, the findings underscore the increasing rele-
vance of health wearables and Al in addressing personal health management.
The study suggests the need for further research to understand the potential im-

pact of these emerging innovations on personal health and well-being.
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2.8.2 Future Potential of Al in Personal Health Management

Dash et al. discussed the future potential of Al in personal health management,
particularly in the context of big data in healthcare (Dash et al., 2019). The study
emphasized the role of Al in the management and analysis of healthcare data,
pointing towards the future prospects of Al-driven solutions in personalized health
interventions. This highlights the need for continued research to explore the full

potential of Al in improving personal health management and healthcare delivery.

2.8.3 Predicting Trends in Wearable Health Technology

Dias & Cunha focused on predicting trends in wearable health technology, par-
ticularly in vital sign monitoring systems and technologies (Dias & Cunha, 2018).
The study provided insights into the advancements in wearable devices for health
monitoring and the potential implications for personalized healthcare. This re-
search underscores the need for further investigation into the integration of Al
with wearable health technology to enhance real-time health monitoring and in-

tervention strategies.

2.8.4 Knowledge Gaps and Future Research Directions

While the existing literature has shed light on the emerging trends and potential
of Al and wearable health technology, several knowledge gaps and future re-
search directions are apparent. Rai highlighted the concept of "Explainable Al"
and the need to transition from black box to glass box Al systems (Rai, 2020).
This presents an opportunity for future research to explore transparent and inter-

pretable Al solutions in the context of wearable health technology.

Similarly, Yigitcanlar et al. emphasized the contributions and risks of Al in building
smarter cities, providing insights that can be extrapolated to the development of
Al-driven health wearables and personalized health management systems (Yig-
itcanlar et al., 2020). Future research should explore the ethical, social, and tech-

nical implications of integrating Al into wearable health technology.
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Moreover, Lu et al. and Shen et al. provided valuable insights into wearable
health devices and Al-assisted network-slicing for next-generation wireless net-
works (Lu et al., 2020) (Shen et al., 2020). These findings underscore the need
for interdisciplinary research to develop Al-enabled wearable health devices and
network infrastructure that can support seamless health monitoring and interven-

tion.

In conclusion, the literature reviewed provides a comprehensive understanding
of the emerging trends and potential of Al and wearable health technology. How-
ever, future research should address the highlighted knowledge gaps and explore
the interdisciplinary collaboration needed to realize the full potential of Al in per-
sonalized health management and the development of advanced wearable health

devices.
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3 RESEARCH METHODOLOGY

This part summarizes the research approach used, and explains how the empir-
ical work was conducted. It's on a research methodology, non-probability purpos-
ive sampling, quantitative approach. The data collection process involved distrib-
uting surveys to students at Oulu University of Applied Sciences, and the survey
design included multiple-choice and scale-based questions focused on Al-pow-
ered health mentoring systems. And then, finally, the chapter on quality and va-
lidity of the study, so that the data it has generated is robust and can be mean-
ingfully used to analyze the ways that students use and experience wearable

health technologies.

3.1 Research Type

This paper takes a non-probability purposive sampling strategy, with quantitative
research methods aiming at a targeted understanding of Al-driven health men-
toring systems. This strategy is especially appropriate for this study because it
enables the inclusion of participants of interest, thus ensuring that the data gath-
ered is relevant, and the analysis of the feasibility and effectiveness of these sys-

tems is focused.
Quantitative Methods

Quantitative studies are about gathering and analyzing numerical data in order to
detect patterns, relationships and trends. This approach is used for measuring
attitudes, opinions, behaviors, etc., and other specified variables, and allows for
generalization of the results to a defined sample population. In this study, struc-
tured data was gathered using surveys aimed at assessing participant experi-
ences and perceptions of Al-powered health mentoring systems. They also used
multiple-choice and scale questions, so that the responses could be counted
quickly. The collected data was analyzed using descriptive statistics to summa-
rize key findings, correlation analysis to identify relationships between variables,

and comparative analysis to highlight significant differences among participant
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groups. This method allowed for an in-depth and specific understanding of the

data.

3.2 Theoretical frameworks

Human Health

Prevention

P

Technology Al'in Health Wearable

S

/
A

Ethics and Privacy Challenges and Gaps

FIGURE 3. Theoretical frameworks

FIGURE 3 diagram shows a conceptual framework for how technology can be
integrated to improve human health. It lumps the health system into Prevention
and Cure, with each linked to a central technological field such as Al in Health,
Wearable Technology and loT (Internet of Things). These technologies are part
of the answer to ethics, privacy, and bridging gaps and challenges in healthcare
systems. The connections highlight the holistic perspective required to enhance
human health through prevention, treatment and the ethical use of new technol-
ogies.
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3.3 Methods Used for Data Collection and Analysis

3.3.1 Data Collection:

Questionnaires were sent to students of the Oulu University of Applied Sciences
(OAMK) in email through the student mail system, which contained a link leading
to the Webropol survey. These surveys asked about the use and experience of
Al-powered health-coaching interfaces. The population of choice was chosen be-
cause students have the potential to wear a wearable device or use a phone app
on a daily basis, because they are not expensive, and because they are also
comfortable with technology. This approach aided the development of a relevant
and focused sample for the study, and allowed for the gathering of useful infor-

mation on the use of health-related technology.

3.3.2 Data Analysis:

The quantitative analysis of the data required the use of descriptive statistics to
summarize and describe the information on the survey and correlation analysis
to examine and quantify the relationships between the main variables of interest
and comparative analysis to identify the differences between the various groups
of the respondents. This mixed-methods approach allowed a more nuanced anal-
ysis of patterns and trends in the data, guaranteeing that conclusions were drawn
not only from aggregate summaries, but also from the interaction between varia-
bles, and from comparisons between different groups of the respondents. Using
these exacting analytical techniques, the study offers a comprehensive, well-

rounded analysis of the quantitative data that it collected

3.4 Sources of Data

3.4.1 Primary Data

The main data was sourced from surveys sent out to students at Oulu University
of Applied Sciences (OAMK). The surveys gave quantitative feedback on how
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people experienced and perceived Al-driven health coaches. This strategy ena-
bled the gathering of useful, targeted information and a sense of how wearable
devices and health technology might be used, and might play a role, in students'

everyday lives.

3.4.2 Secondary Data

The secondary data was collected through a systematic literature search of peer-
reviewed articles, academic books, journals and respected online publications.
This information helped to give crucial background and context to the general
significance and prior knowledge of Al-driven health mentoring systems. The lit-
erature review highlighted critical themes (wearable technology, Al in healthcare,
the ethics of health data collection, among others) and provided a context for

interpreting the study's findings against the backdrop of the broader literature.

3.5 How Data Were Collected

The researcher adopted a rigorous, quantitative approach to data collection,
seeking a focused, targeted sense of what sorts of impacts Al-powered health
mentoring systems can have on students' health behavior. Questionnaires were
sent by post to the students at Oulu University of Applied Sciences (OAMK) dur-
ing the period of 24th Sept. to 5th Oct. These surveys included multiple choice
and scale based questions designed to quantify experiences of the respondents
and perceptions of wearable devices and health related technologies. The
Webropol platform was utilized for the distribution and collection of the survey

responses, in order for ensuring efficient and organized data management.

Using surveys, the researcher got certain quantitative information, the type that
can be used to study general trends and relationships between variables. This
targeted data-collection strategy meant that the study collected only the data nec-
essary to identify both the adoption and effectiveness of Al-driven health mentor
programs, and thus improved the trustworthiness and replicability of the study's

results.
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3.6 How Questionary Were Designed

TABLE 1. Categorization of survey questions and response types

Category Question no.  Response type
Demographic 1-4 Single choice

Device usage 5-7 Text field and single choice
Ease of use and satisfaction 8-9 NPS

Effectiveness and Impact 10-13 NPS

Health Behavior Changes 14 Multiple choice
Perception and Future of Al 15-16 NPS

Potential and Barriers 17 - 18 Multiple choice
Privacy and Security Concerns 19 - 20 NPS and single choice
Data Sharing 21 Single choice
Open-Ended Feedback 22 Text field

TABLE 1 presents a spreadsheet, which transformed answers to survey ques-
tions into themes from demographics to device use to user experience. Questions
were phrased as single-choice, multiple-choice or Text field to suit different types
of data. Net Promoter Score (NPS) questions, under Ease of Use and Satisfac-
tion, measure the user's willingness to recommend the user experience on a
scale of 0 to 10. They are divided into Promoters (9-10), Passives (7-8) and De-
tractors (0-6). The NPS score is simply the subtraction of the number of Detrac-
tors from the number of Promoters, a tidy way of summarizing user satisfaction
and loyalty. -100 to 0 consider poor NPS, 0 to 30 consider average to good, 30

to 70 consider very good and 70 to 100 consider excellent score.
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3.7 Population and Sampling

The subjects of this study were students at Oulu University of Applied Sciences
(OAMK), who were expected to range widely in their prior experience with wear-
able technology and health-oriented technologies. The study sought to find a
sample that would be informative about the use of Al-based health-mentoring

systems.

The survey was delivered by email to around 5,000 potential participants. Of
those, 220 participants first entered the survey, but 115 of them didn't proceed to
the questions because they hadn't used Al wearables. Ultimately, 105 partici-
pants fully completed the survey. Although this meant a smaller sample size, the
respondents' experience with wearable technology and health tech made their
input worthwhile. The sampling technique was non-probability purposive sam-
pling, enabling the selection of students most likely to have certain experience of

relevance.

This approach made it possible to keep the collected data focused and useful,
and to glean certain important insights from the ways that students do and might

use Al-powered health mentoring systems.

3.8 Who Respondents Were Selected and Why

The recruitment of respondents for this study was purposefully planned to facili-
tate the provision of useful and informative data on the use of Al-based health
mentoring systems by students. Selection criteria and sampling procedures were
carefully designed to seek out people who were likely to have used wearable or
health technologies, thus ensuring that the data collected would be informative

about how they are used and how they affect people on a day-to-day basis.

3.9 Criteria for Selection

The main qualification to be a respondent was an exposure to and experience

with wearable technologies and health technologies. It was important to obtain
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expert views and understandings of how Al-driven health mentoring systems
might be applied and the consequences of their use. Participants were selected
for their probability of using these technologies in their everyday lives, so that the

data collected would represent actual and significant experiences.

Also, the research looked at students at Oulu University of Applied Sciences
(OAMK) because they are a population that's probable to use wearable health
technology because of their accessibility and because they are familiar with tech.
This student-centric approach gave the researcher a wide and representative

sample to study the effects of Al-powered health mentors in actual life.
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4 ANALYSIS OF RESULTS

This survey screened out the people so that only the ones of interest would actu-
ally take the survey. One of the first questions in the survey, as shown in FIGURE
4, asked whether or not the participant uses an artificial intelligence health care
system. If they clicked "No", meaning they didn't use a system similar to that one,
then the survey would terminate for them, and they would not have to answer any
more questions. A total of 220 participants initially responded, with 105 (or 47.7%
selecting "Yes," indicating they used Al-powered health systems, while 115 (or
52.3% selected "No" and exited the survey at that point. This screening mecha-
nism allowed only those 105 participants with a certain level of background to
proceed to the remainder of the survey, thus facilitating a more targeted explora-

tion of the use of and attitudes towards Al supported health mentoring systems.

Defination of Al power health system.

- Al-powered wearable devices and system are those that use artificial intelligence to provide personalized health insights and
recommendations.

- These devices often track metrics like heart rate, sleep patterns, activity levels, and more, and use Al to analyze data, provide
predictions, and suggest actions, personalized insights.

- Only tracking data cannot be considered as using Al.
As examples,

Al-Powered Smartwatch and smart ring.
Al-Driven Smartphone Health App such as Apple Health, Google Fit,...

TN
. e S— a
Hearing Aids Optical Displays R N al’
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Electronic Socks
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Do you use some Al power health system? *
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FIGURE 4. Filtering process of questioning
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4.1 Demographic of the respondents

TABLE 2 presents demographic data of various traits of the surveyed partici-
pants. In terms of gender, 71.4 percent of participants were female, and 28.6
percent were male. The majority of the respondents, around 73.3 percent, were
between the ages of 18 and 34, with 39 percent in the 18 to 24 age group and
34.3 percent in the 25 to 34 age group. Smaller proportions were found in older
age groups, with 10.5 percent aged 35 to 44, 11.4 percent aged 45 to 54, and

only 4.8 percent aged 55 to 64. There were no respondents under 18 or over 65.

Regarding educational background, most of the respondents, 68.6 percent, held
a Bachelor's degree, while 21.9 percent had a Master's degree, and 9.5 percent
had completed high school. In terms of overall health, the majority rated their
health as Good, with 64.8 percent, followed by 20 percent who rated it as Fair,
and 11.4 percent who considered their health Excellent. Three point eight percent

reported their health being Poor.

That is a fairly comprehensive sociodemographic description of the subjects and
it is important to know where they are coming from in order to examine their ex-

periences and opinions of Al health coaching systems.

34



TABLE 2. Demographic of the respondents

Variable Category Frequency Percentage
Gender Male 30 28.6%
Female 75 71.4%
Age Less than 18 years 0 0.0%
18-24 41 39.0%
25-34 36 34.3%
35-44 11 10.5%
45-54 12 11.4%
55-64 5 4.8%
65+ 0 0.0%
Education level High school 10 9.5%
Bachelor 72 68.6%
Master 23 21.9%
Overall Health Poor 4 3.8%
Fair 21 20.0%
Good 68 64.8%
Excellent 12 11.4%

35



4.2 Familiarity of Al power health system

For a deeper understanding of the usage of Al-powered health systems, the re-
searcher developed the questions to know the types of devices which are partic-
ipants use, the frequency of their usage, and the duration for which they have
been using them. The key questions here asked were: "What Al-powered health
applications or wearables are you using now?", "For how long have you been
using them?", and "How often do you wear your device?". These type of ques-
tions help to researcher to provide insight into participants' experiences and en-

gagement in Al-powered health technologies.
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TABLE 3. The frequency of devices and applications used by the respondents.

Category Frequency Percentage
Smart watch 81 83.51%
Smart Application 9 9.28%
Smart ring 5 5.15%
Smart band 2 2.06%

TABLE 3 presents the summary of the different Al-aided medical devices and
applications used by the respondents (n=97), which was with the text field. Some
of the respondents answered two or three devices and application at the same
time. So the researcher used thematic analysis and refined the answer to only 4
category. The majority of participants, 83.51 percent, reported using smart
watches, including brands such as Apple, Samsung, Polar, Garmin, and Amazfit.
In addition to smart watches, 9.28 percent of the respondents used smart appli-
cations like Apple Health, Samsung Health, Flo, Gentler Streak and Clue. A
smaller portion, 5.15 percent, used smart rings, with Oura being the most popular
choice. Mean-while, 2.06 percent of the respondents reported using smart bands,

including Google Fit and Whoop.

Also, it was noted that those who used "smart" items also used "smart" health
applications on their phones. That must be a trend wearable tech and Iphone

apps all in one for the ultimate health tracking.
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TABLE 4. Usage duration and frequency of Al-powered health devices

Variable Category Frequency  Percentage
For how long? Less than 6 months 8 7.6%
6-12 months 13 12.4%
1-2 years 22 21.0%
Over 2 years 62 59.0%
How often? Daily 81 771%
Sometime (only when need ) 24 22.9%

TABLE 4 presents the average amount of time and how often the participants
used their Al health machine. 59% responded that they used their device for over
2 years, 21% for 1-2 years. A smaller portion, 12.4 percent, indicated using these
devices for six to twelve months, and only 7.6 percent have been using them for

less than six months.

In terms of frequency, the majority of the respondents which is 77.1 percent, use
the devices daily as normal. Meanwhile, 22.9 percent use their devices occasion-
ally, typically only when they feel the need of it. According to this information, the
majority of participants are veterans of Al health peripherals and applications,

using them multiple times a day.
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4.3 Ease of Use and Satisfaction

Questions 8 and 9 were designed to measure ease of use and satisfaction with
accuracy. These issues are important for user acceptance and trust in the tech-
nology. Both questions were phrased on a Net Promoter Score (NPS) scale, in
which participants were asked to report their experiences on a scale ranging from
0 (not at all easy/satisfied) to 10 (extremely easy/satisfied). Based on their re-
sponses, users were categorized as Promoters (those who gave a rating of 9 or
10), Passives (ratings of 7 or 8), and Detractors (ratings from 0 to 6). This ap-
proach makes it possible to make a standardized comparison of ease of use and

satisfaction with the accuracy of health data.

1,09 0

8. Ease of Use ’(/" 33,3% ; '
0,

9. Satisfaction with Accuracy 3(° 58,1 % '

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

m Detractors Passive Promoters

FIGURE 5. Ease of use and satisfaction

Satisfaction with usability and accuracy are among the most dramatic differences.
In the FIGURE 5, 65.7 percent of the respondents rated the Al-powered health
systems very easy to use, putting them in the promoter category. A further 33.3
percent were passives, they thought the devices were relatively easy to use, but
still thought they could be improved. Only one in 100 participants were detractors,
indicating that certain individual found the devices were hard to use. That means
a high score, and an excellent Net Promoter Score (NPS) of 65, in that health

monitoring is generally easy to use.
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Satisfaction with accuracy, by contrast, showed a more even pattern. While 38.1
percent of the respondents were promoters, meaning they were highly satisfied
with the accuracy of the data, a larger portion of 58.1 percent were passives,
indicating that while the accuracy was acceptable, improvements could still be
made. A minority, 3.8 percent, were detractors, who disliked the accuracy. The
NPS for satisfaction with accuracy was lower, at only 34, meaning that, despite
their ease of use, certain users doubt the accuracy of the health information the

devices report.

In general, users reported no trouble using the devices, although there is more

variability in their satisfaction with how accurate the data they record is.

4.4 Effectiveness and Impact

Questions 10-13 were used to test users' perceptions of the effectiveness, accu-
racy and power of Al-powered health systems. These questions sought to under-
stand how well the Al systems are doing at encouraging healthier behavior, at
predicting health outcomes, at enhancing health overall, and at giving useful ad-
vice. All the questions used a Net Promoter Score (NPS) scale, with respondents
asked to rank their experiences on a scale from 0 (not at all) to 10 (very). The
answers were coded as Promoters (9 or 10), Passives (7 or 8) and Detractors (0
to 6), so the answers could be broken down to see how satisfied users were, and

what kind of influence they had.
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10. Motivating behavior - 50% M
11. Prediction accuracy - 118% M
12. Health improvement - 51,7 % E
13. Recommendation helpfulness - | - ST,1% E
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FIGURE 6. User perceptions of Al-powered health systems: motivation, accu-
racy, health improvement, and helpfulness

The results for Question 10: Motivating Behavior 33.6 percent of the respondents
were promoters, who reported that the Al systems were very effective in motivat-
ing them to healthier behavior. 51 percent were passive, meaning they were mod-
erately motivated, while 15.4 percent were detractors, meaning that the system

didn't work for them in this regard. NPS score is 18.

For Question 11: Prediction Accuracy, only 17.5 percent of the respondents were
very satisfied with the accuracy of health predictions, with the majority of 71.8
percent being passive. 10.7 percent were detractors, unhappy with the accuracy

of the system's predictions. NPS score is 7.

In Question 12: Health Improvement, 18.1 percent reported that the systems
driven by the Al had made a big difference to their general health. 51.7 percent
were passive, which implies certain degree of recovery, but 24.8 percent were
detractors, meaning they did not think the systems made them healthier. NPS

score is -7.
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Finally, for Question 13: Advice Usefulness, 19.1 percent of the respondents
rated the Al-provided health advice as very useful in enhancing their daily prac-
tices. While 57.1 percent were passive, 23.8 percent were detractors, unhappy

with the system's recommendations. NPS score is -5.

Taken together, as FIGURE 6, Al-powered healthcare systems were considered
moderately effective by users in terms of promoting behavior and improving their
health, but there were clear concerns about the accuracy of predictions and the
usefulness of recommendations, as evidenced by the lower percentages of pro-

moters.

4.5 Health Behavior Changes

Question 14 was intended to test which particular aspects of participants' lives
they felt most changed by the advice given by their Al-enabled health wearables.
They ranged from components of health, like exercise, nutrition, sleep, psycho-
logical health, and tracking of medical status. This question also reveals which
areas of health are most impacted by Al-powered devices, and so provides the
researcher with an insight into the practical benefits that users believe they get

from using the technology.

Medical conditions
monitoring; 13 Others; 4

Mental well-l
16

Physical activity; 77

FIGURE 7. Impact of Al-powered wearables on various health areas as reported
by the respondents
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On all these, as shown in FIGURE 7, the respondents reported benefits through
their Al-powered health wearables, according to this pie chart. 73.3 percent (n
77) noted the most noticeable improvements in physical activity and 64.8 percent
(n 68) in sleeping. They cited improvements in their mental state in 15.2 percent
(n 16) and improvements in medical condition monitoring in 12.4 percent (n 13).
Less than 4 percent (n 4) reported a better diet, and 3.8 percent selected the

others.

In the others section, the respondents provided a range of responses, including
"menstrual cycle prediction with skin care," while one respondent noted that they
did not experience any changes, stating, "Nothing. | found it myself because the
Al didn't. Another response was simply "None really," and one respondent men-

tioned "Activity".

It is important to note that this question allowed for multiple selections, meaning
the respondents could select more than one area of improvement. Percentages
are also relative to the proportion of overall responses, not to the number of the

respondents. This explains why the total percentage exceeds 100 percent.

That finding suggests that wearables powered by Al are especially effective at
boosting physical activity and improving sleep (and have more modest, though

still significant, impacts on tracking mental health and medical condition).

4.6 Perception and Future of Al in Healthcare

Items 15 and 16 were used to assess users' beliefs about the long-term utility of
Al in medicine, and their long run willingness to wear Al-enabled wearables.
Question 15 asks quiz-takers how confident they are that Al will 'play a significant
role in healthcare in five years' and Question 16 how likely they are to use their
Al-powered wearable health monitor over the next year. Both inquiries employed
the Net Promoter Score (NPS) scale, asking the respondents to indicate how
confident they were, or how likely they were, on a scale ranging from O (not at all)
to 10 (extremely). Responses were classified as Promoters (ratings of 9 or 10),

Passives (ratings of 7 or 8) and Detractors (ratings of 0 to 6), making it possible
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to analyze the respondents' future likelihood to recommend the place, and their

likely future engagement with it, in one analysis.

15. Confidence in Al's impact on healthcare _
_o Q 0
16. Likelihood of continued use 2 ARG

0% 10% 20% 30% 40% 50 % 60 % 70 % 80 % 90 % 100 %

m Detractors Passive  ® Promoters

FIGURE 8. User confidence in ai’s future impact on healthcare and likelihood of
continued wearable use

For Question 15: Belief in the Impact of Al on Healthcare, 57.1 percent are de-
fined as promoters, who are highly confident that Al will have a very significant
impact on improving the quality of healthcare in five years' time'. 32.4 percent are
in the passive camp, reporting a moderate level of confidence, and 10.5 percent
are detractors, expressing a low level of confidence in the ability of Al to make a
difference. These findings are representative of an overall optimistic view of the

contributions of Al to healthcare. NPS score is 47.

In Question 16: 'Probability of Future Use', an important 78.1 percent of the re-
spondents are 'advocates’, meaning they intend to use Al-powered health wear-
ables for tracking their health in the next year. 18.1 percent are passives, showing
a moderate likelihood of continued use, while only 3.8 percent are detractors,
expressing a low likelihood of continuing use. This sort of sustained commitment
of continued use indicates that most users still derive an ongoing benefit from

their Al-equipped health wearables. NPS score is 74.
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Taken together, as shown in FIGURE 8, the findings reflect considerable user
optimism about the future role of Al in health, as well as a strong likelihood of

continued use of Al-enabled wearables.

4.7 User Perspectives on the Promising Applications of Al in Health Sys-

tems

Number 17 was designed to see what users thought the most exciting potentials
of Al-driven health systems are. Participants were given a list of possible re-
sponses from personalized health advice, enhanced fitness and activity tracking,
early detection and diagnosis, mental health care and real-time health monitoring
and were allowed to choose more than one. This methodology sought to paint a

wide canvas of user values and needs concerning Al in medicine.

Improved fitness and activity tracking

Real-time health monitoring

Early detection and diagnosis

Personalized health recommendations

Mental health support

Others = 0%

0% 10% 20% 30% 40% 50% 60% 70% 80%

FIGURE 9. Most promising aspects of Al-powered health systems as perceived
by users

The horizontal bar chart of FIGURE 9 shows how members of each group an-
swered each category, and where they find the greatest potential for intelligent
health systems. The most common was Better fitness and exercise tracking (68

percent), which likely reflects its promise in improving fitness.



Next was Real-time health monitoring (57 percent). That means many people
enjoy the vision of Al continuously tracking health markers and providing timely

information and interventions.

Early detection and diagnosis trailed at 49 percent, but captured the sense that

Al could be particularly useful in identifying hints of disease.

44 percent of the users found health recommendations on demand to be of value,
an indication of interest in the power of Al to provide specific advice based on

personal health information.

Finally, Mental health support came in fourth, being chosen by a quarter of the
respondents, which suggests a more muted but still significant interest in what Al

might do to advance mental wellbeing.

The 'Others' box remained empty, suggesting that the preprogrammed options
did pick up the most common worries of the respondents. This information also
shows that, while patients imagine a wide range of uses for Al in their lives, right
now the most highly rated features they want are health, fitness-tracking and real-

time monitoring.

4.8 Barriers to Frequent Use of Al-Powered Health Wearables

Question 18 was tasked with identifying the primary barriers that prevent users
from using Al-powered health wearables on a daily basis. They spanned the
usual roadblocks, from cost, battery life, data accuracy, complexity, privacy and
lack of interest. There was also an 'Other' box to fill in if the respondents thought
there were other barriers that were important to them but not included in the list.
The question sought to understand the difficulties that users experience as they

try to incorporate Al-driven health technology into their lives.
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FIGURE 10. Primary barriers to frequent use of Al-powered health wearables

The bar chart across the bottom in FIGURE 10 shows the breakdown of re-
sponses for each barrier to wearable use. The most commonly mentioned barrier
was price (53 percent of the respondents), which suggests that, for people to use
these devices consistently, they need to be affordable. Battery life was the next
big stumbling block, with 47 percent of the respondents citing the hassle of regu-

lar recharging.

Accuracy of data was the top answer, chosen by 31 percent, which may signal
users' uncertainty about the accuracy of health data from such devices. 22% cited
lack of interest, which, for certain users, can come down to not caring enough to
use Al-enabled wearables on a regular basis. Privacy concerns were a barrier for
15% of the respondents, underscoring worries about data security in health mon-
itoring. The Other option was the most common response, at 14 percent, followed
by complexity, the most unpopular barrier, at 4 percent, suggesting that usability

of the device is not a major issue.

The answers in the 'Other' column give further insight into the obstacles listed. A
few users raised issues about the weight and hygiene of wearables, the possible
adverse effects of wireless devices, and sensitivity to strap materials. Others ex-

pressed a lack of necessity or a preference for listening to their own body instead
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of relying on technology, with certain individuals noting that wearables affect men-
tal health by creating pressure to meet specific goals. Some of the respondents
cited workplace limitations, such as not being permitted to wear devices at work,
such as for healthcare professionals. Moreover, users reported device errors, in-
cluding inaccurate step counting and heart rate monitoring, both of which can

engender a skepticism of the information that wearables offer.

4.9 Privacy and Security Concerns

Questions 19 and 20 were two questions that were aimed at measuring user ap-
prehension and experience about the privacy and security of the data of their
wearable device. Question 19 aimed to measure respondents' level of concern
about data privacy, using the Net Promoter Score (NPS) scale to categorize users
as Detractors, Passives, or Promoters. Question 20 asked if the respondents had
actually experienced any problems with data security, offering a 'Yes' or 'No' re-

sponse, as well as the possibility to explain the specific problem.

19. privacy concern

0% 20 % 40 % 60 % 80 % 100 %

m Detractors Passive ™ Promoters

FIGURE 11. User concern levels regarding privacy of wearable device data
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For the Question 19, as shown in FIGURE 11, the results indicate a fairly high
degree of concern regarding data privacy, with 54.8 percent falling in the Detrac-
tor category (low on unconcerned), 25 percent in the Passive category, and only
20.2 percent in the Promotor category (low on concern). This distribution gives
an overall Net Promoter Score (NPS) of -35, indicating a net negative attitude to
data privacy confidence in wearable health devices. The large share of detractors
indicates that data privacy is actual issue for most users.

encounter issues; 2

\ No issues; 101

FIGURE 12. User-reported security issues encountered with wearable device
data

Question 20 inquired whether the respondents had encountered any security
concerns regarding their wearable’s data. FIGURE 12 show a substantial 98.1%
(n=101) reported having encountered no issues, while a small 1.9% (n=2) re-

ported experiencing problems.

The responses in the "Yes" category provide additional insight. A user reported
problems with ATK, with updates or loading or something. Another respondent
noted that they experienced focused marketing related to a specific health condi-

tion they had, suggesting possible targeted ads based on their health data.
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4.10 Data Sharing

And question 21 was created to figure out how often users submit data from their
Al-equipped wearables to their doctors. Respondents were given four options—
Never, Rarely, Sometimes, and Often—to indicate how regularly they share this
data. The question is designed to measure the degree of engagement between
wearable users and healthcare professionals regarding data sharing, and to un-
derstand whether users feel that sharing their health data is useful to receive

professional healthcare advice.

Never

Rarely

Sometimes

Often

0% 10% 20% 30% 40% 50% 60%

FIGURE 13. frequency of data sharing from Al-powered wearables with
healthcare providers.

Results indicate, as shown in FIGURE 13, that most users are not consistently
sharing wearable data with clinicians. 52% of the respondents selected Never,
indicating that more than half do not share any data with healthcare providers. 32
percent selected 'Rarely', meaning that they sometimes share data, but still at a
low level of activity. 11% indicated that they Sometimes share data, while only

5% reported sharing data Often.

These results show that while Al-powered wearables are ubiquitous for monitor-

ing personal health, they are not well connected or interacting with professional
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health systems. The extremely high percentage of the respondents who never or
only sometimes share data might signal a missed opportunity in users' habits, or
in healthcare providers' interest, or in privacy concerns that could keep people
from sharing more often. This pattern provides an example of how wearable de-
vice developers and health clinicians could work together to encourage more fre-
quent, relevant data sharing, and ultimately, better health monitoring and out-

comes.

4.11 Feedback on Al-powered wearable

In Question 22, the respondents were invited to answer an open-ended question,
and in their own words describe how their Al-equipped wearable has affected
their health and wellbeing. This qualitative data collection sought to capture rich
and personal information beyond the confines of the survey questions. They were
asked for their thoughts via an online survey sent to them, for them to respond to
in a quantified, considered way. This method enabled a range of experiences and
senses to be captured, and provided a much fuller sense of how the wearables

impacted people's lives.

Physical Activity & Fitness 20%
Sleep Improvement 17%
Motivational Impact 10%

Positive Health Outcomes 8%

Health Awareness 8%
Health Monitoring 7%
Habit Formation 6%
Over-reliance on Technology 5%
Long-term Benefits 4%
Minimal Impact 4%

Mental Health Awareness 3%

Data Accuracy Issues 3%
Stress Management [12%
Psychological Impact 2%
Cost 1%

0% 5% 10% 15% 20% 25%

FIGURE 14. Distribution of thematic codes from user responses on Al-powered
wearables' impact
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This chart, as shown in FIGURE 14, summarizes the thematic analysis of re-
spondents' views on the impact of Al-driven wearables on their health and well-
being. The most commonly reported effect was on physical activity and fitness,
20 percent of the respondents reporting increased incentives to exercise and get
fit. Better sleep was another recurring message, with 17 percent of the respond-
ents reporting improved sleep and awareness through the use of wearable tech-
nology. 10 percent of users reported a motivational effect from the devices, which
they found helpful in encouraging healthier behavior. Another 8 percent of those
surveyed reported improved health, and 8 percent reported greater health con-
sciousness. 7 percent cited tracking health as a notable advantage, since users
could check their health metrics on a recurring basis. Other themes included habit
formation, over reliance on technology, and concerns about data accuracy, with
smaller percentages of the respondents highlighting these aspects. And this anal-
ysis, therefore, offers a rich picture of how users understand the application of Al-

powered wearables to monitor users' health and wellbeing.
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TABLE 5. Summary of codes and categories for Al-powered wearables' impact
analysis

Code Category Frequency Percentage
Health Awareness Behavioral and Lifestyle Changes 10 7,9 %
Habit Formation Behavioral and Lifestyle Changes 7 55%
Motivational Impact Behavioral and Lifestyle Changes 13 10,2 %
Sleep Improvement Impact on Physical Health 22 17,3 %
Physical Activity & Fitness Impact on Physical Health 26 20,5 %
Health Monitoring Impact on Physical Health 9 71 %
Cost Limitations and Concerns 1 0,8 %
Data Accuracy Issues Limitations and Concerns 4 31 %
Over-reliance on Technology Limitations and Concerns 6 4,7 %
Psychological Impact Limitations and Concerns 2 1,6 %
Positive Health Outcomes Perceived Effectiveness 10 7,9 %
Minimal Impact Perceived Effectiveness 5 39%
Long-term Benefits Perceived Effectiveness 5 39%
Mental Health Awareness Impact on Mental Well-being 4 31 %
Stress Management Impact on Mental Well-being 3 24 %

Here is the complete dataset from the thematic analysis of the answers to Ques-
tion 22, as shown in TABLE 5, which describes the effects of Al-equipped wear-
ables on users' health and well-being. The data is organized by Code, Category,

Frequency, and Percentage.

The Codes are topics that emerge from the responses, and the Categories are
ways of grouping the Codes into larger domains. 'Health Awareness', 'Habit For-
mation' and 'Motivational Impact', for instance, all fall under a general heading of

Behavioral and Lifestyle Changes and describe how wearables influence users'
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daily habits and behavior. Under Impact on Physical Health are subheadings
such as 'Physical Activity Fitness', 'Sleep Improvement' and 'Health Monitoring',

which highlight concrete health outcomes, such as getting fitter or sleeping better.

Limitations and Concerns encompass issues such as "Data Accuracy," "Over re-
liance on Technology," and "Cost," highlighting users' perceived drawbacks or
challenges. The Perceived Effectiveness lists 'Positive Health Outcomes' and
'‘Long term Benefits', reflecting the perceived worth of wearables to improve over-
all health. Finally, Impact on Mental Well-being lists 'Mental Health Awareness'

and 'Stress Management', which deal with the psychological value of wearables.

The Frequency and Percent columns tell the researcher how many times each
theme was mentioned, and thus how common these experiences are among the
respondents. For example, 'Physical Activity Fitness' was the most frequently
cited benefit, with 20.5 percent of the respondents citing it, while 'Cost' was the
least, at 0.8 percent. This deep dataset reveals a detailed portrait of the user
experience of Al-powered wearables - the positive experiences they afford, and

the negative experiences they generate.
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5 DISCUSSION

The researcher is pleased to present these findings, as the findings of this study
has given a new outlook on Al today. As a result of the research, the researcher
has accepted the nature of Al as it is today. This research is also hoping that it
will make people think of Al in a more positive light and that it will also lead to

further developments and experimentation in the field.

It is acknowledged that there are hundreds of personal opinions about Al all over
the world, but this research is based on the answers of 100 plus technologically
advanced students in a first world country, at least that's what the population sta-
tistics in TABLE 2 indicate. Most of the respondents were in the 18-24 age range,
with a background in bachelor's degree programs or as recent graduates, and
reported good health. Their familiarity with Al wearables is evident, as seen in the
responses to questions about what devices they use and how they use them.
Most of the respondents indicated that they have been using smartwatches for

over two years on a daily basis, lending credibility to the reliability of the findings.

Al-powered wearable devices were generally reported as easy to use, and the
respondents expressed satisfaction, as evidenced by a high NPS score, which
falls within the "very good" range for both usability and satisfaction. But the Al
seemed to be pretty moderate in its effectiveness, somewhere between average
and good. The accuracy of these devices was also somewhat questionable, bor-

dering on the lower end of the satisfaction scale.

The most intriguing finding, at least for the researcher, is the low belief among
the respondents in the ability of Al wearables to improve overall health. Most an-
swerers found the Al-suggested health recommendations did not significantly
help their everyday lives. They were mainly used for exercise tracking and sleep
monitoring, so although Al wearables can collect data, it is not necessarily going
to improve one’s health significantly. This highlights the need to reconsider the
purpose of Al in health it should extend beyond tracking to actively contribute to

health improvement.
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However, even with these restrictions, there is hope for the future as shown by
the answers in FIGURE 8. The goal should be to enhance Al wearables so that
they serve as more than only tracking tools. Continued research is needed to
develop practical use cases. Many of the respondents hope for improved tracking
accuracy and personalized health recommendations, as Al in other sectors has

shown considerable progress.

Challenges remain, however, including the high cost, short battery life, and data
accuracy issues of Al wearables. Some users already feel disinterested in the
trend of using Al wearables in healthcare, as seen in FIGURE 10. This raises a
future research question: Is it considerably worth it to track these trends of tech-
nology that will never live up to our expectations of feedback that is tailored to our

own health?

Privacy concerns around health data are also significant. Many users are not fully
aware of the potential privacy risks associated with Al wearables, even though
there have not been many security issues reported yet. However, as technology
advances, the associated risks may grow. Privacy will become a critical concern
as Al wearables evolve to provide real-time, personalized health recommenda-
tions, which require synchronized access to biological health data, psychological
information, and medical history. More research is needed on how to inform users
of privacy issues and possible dangers in an understandable and brief way, and
also what type of security precautions must be taken to ensure secure real-time

data synchronization.

The responses from the free-text field highlight more insightful perspectives on
Al health devices, as about half of the respondents were willing to provide addi-
tional insights. The research will include these responses in the APPENDICES,
as most of the feedback is worth reviewing. These responses reveal the current
reality of Al in health devices. According to the results from the thematic analysis
of all responses, the majority of the respondents use Al wearable devices for
physical activity tracking and sleep improvement. This same pattern was also
highlighted in FIGURE 7. This prompts the research to consider more clearly the
role of Al in healthcare. Is it limited to activity tracking?
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Although the majority of the respondents provided feedback on activity tracking
and sleep improvement, only a small number offered more thoughtful perspec-
tives. Comments like “It's my responsibility to react to the information | see, and
usually | make the choice to act and do the work (for example, reduce drinking
when | see how it affects my sleep, or exercise more frequently when | see a
decreased VO2 max score)” lead the research to consider another direction and

raise more questions about Al usage in our health devices.

How can human achieve the use of Al in the healthcare system if there is already
a lack of successful integration even within health devices themselves? Is the use
of Al in health wearable devices only for marketing purposes? How long do the
human need to wait to fully integrate Al into devices so that they can provide
generative responses based on the data collected? A further question is, when
will human be able to use a healthcare system integrated with Al to synchronize
all health data from multiple different sources? How far are human progressing,
and where are human currently? We should conduct more research on the user
perspective to look beyond marketing strategies that use the term 'Al' on new

devices to align with current trends.

Advanced technological inventions by humans should be beneficial to humanity
rather than merely generating profits by exploiting resources. Al holds promise in
various ways to affect our daily lives in the coming years, and human are currently
experiencing one of the most significant movements in human evolution. We
should not fall behind in effectively integrating Al technology into our healthcare

system, as health is the most valuable asset.

In conclusion, as human advance in Al technology, it is essential to harness its
potential thoughtfully, ensuring it truly serves to enhance our health and well-
being rather than merely capitalizing on trends, paving the way for a more mean-

ingful integration of Al in future healthcare.
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APPENDICES

INFORMATION SHEETS FOR QUESTIONNAIRE APPENDIX 1

OULY UNIVERSITY OF
APPLIED SCIEMCES

Information sheet

Mature of the Research

This research explores the practical applications and impact of Al-powered health
mentoring systems integrated with wearable technology. These systems utilize artificial
intelligence to provide personalized health recommendations and monitor individual
health metrics in real-time. The research will examine how these Al-powered wearables
are being used to support health behavior changes, their effectiveness in improving
health outcomes, and the potential benefits and challenges they present in modern
healthcare.

Researcher

The researcher is Zaw Ye Tun who is a master student from the Data Analytics and
Project Management program at Oulu University of Applied Sciences ( OAMK ) |
supervised by principal lecturer Jukka Jauhiainen.

Funding / Sponsors

This research is conducted as part of an academic thesis at OAMK and is not sponsored
by any external organizations.

Population, Sampling, Sample Size

The population for this research includes individuals who use Al-powered health
mentoring systems and wearable technology to monitor and improve their health. The
sampling method will involve convenience sampling through social media and OAMK
student network, targeting individuals who actively use these systems. Given the
accessibility and potential reach, the sample size will aim to collect a minimum of 50 to
100 participants to ensure a diverse and representative sample, accounting for
potential data cleaning and the need for statistical significance. Measures will be taken
to ensure only one response per participant by using features of Webropro software.

65



OULY UNIVERSITY OF
APPLIED SCIEMCES

Data collection methods and types of data collected

Data collection methods for the research include surveying individuals who use Al-powered
smartwatches and apps. The types of data collected will be:

Participants’ demographic and personal information
Information about the type of Al-powered devices used
Participants' experiences with Al-powered wearables
Participants’ views and opinicns

Privacy and security concerns

Duration and the number of takes of the survey

3 minutes to answer the survey, plus 2 minutes for reading, making the overall time
commitment around 5 minutes.

Participation in the research

Participating in the research is entirely voluntary.

Data Privacy and Participants' Control

For this study, participants will complete a quantitative survey, which will be conducted
online. No audio or video recordings will be involved. All responses will be collected
anonymously, and no personal identifying information will be tied to any data.
Participants are free to skip any questions they do not wish to answer and may choose
to withdraw from the survey at any point. All data collected will be securely stored and
used solely for research purposes. Participants' privacy and confidentiality will be
protected throughout the study.

Possible Consequences, Risks, and Benefits

Participants may feel a minor inconvenience due to the time spent answering the
questions, which is estimated to be around 5 minutes. Participation involves minimal risk,
with potential benefits of participating include contributing to important research on the
feasibility and efficacy of Al-powered health mentoring systems.
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OULY UNIVERSITY OF
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Anonymity and Confidentiality

All survey responses will be anonymized to ensure that participants cannot be identified.
Confidentiality will be strictly maintained throughout the research process, The data will
be used solely for the purpose of this research study and will not be shared with third
parties.

Access to Data

Restricted to the research, with findings to be aggregated for analysis and reporting.

Dissemination of Results

Results will be shared through academic channels, including publications and
conferences, with participants receiving a summary of the findings.

Data destruction
After the study is complete, all survey data will be securely destroyed. Only anonymized

results, which do not contain any personal identifying information, will be preserved for
research purposes.

Contact information

Zaw Ye Tun : t3tuzaD0@students.camk._fi
Master student
Data Analytics and Project Management, OAMK
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WEBROPRO QUESTIONNAIRE APPENDIX 2

0] quEm—

Al power health system questions

| Mandatory questions are marked with a star (")

This research, conducted by Zaw Ye Tun, a master's student at OAMK under the supervision of Jukka Jauhiainen, explores
Al-powered health mentoring systems integrated with wearables, focusing on their impact on health bhehavior,
effectiveness, and challenges. It is part of an academic thesis with no external sponsorship. Your responses are anonymous,
and no personally identifiable information will be collected. Participation is voluntary, and the estimated completion time is
3-5 minutes.

For more information... Click here

Defination of Al power health system.

- Al-powered wearable devices and system are those that use artificial intelligence to provide personalized health insights

and recommendations.

- These devices often track metrics like heart rate, sleep patterns, activity levels, and more, and use Al to analyze data,

provide predictions, and suggest actions, personalized insights.
- Only tracking data cannot be considered as using Al
As examples,

Al-Powered Smartwatch and smart ring.
Al-Driven Smartphone Health App such as Apple Health, Google Fit,...
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Male Female

2. Are you male of fernale? O O

High school Bachelor Master Doctor
3. Your highest education level? [including any O O O O
degree you're currently pursuing)

Poor Fair Good Excellent

4. How would you describe your averall health? O O O O

5. What Al-powered health applications or wearables are you using now?

300 characters left

Less than & months, 6-12 months, 1-2 years, Over 2 years

6. For how long have you been using? O O O O

7. How often do you wear your device?

O Daily O Sometime {only when needed)

8. how easy is it to use for health monitoring?

Not at all easy

Extremely Easy

©000e

9. How satisfied are you with the accuracy of the health data provided by your wearable device?
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Not at all satisfy

Extremely satisfy

© 006

10. Rate the effectiveness of the Al system in motivating you to engage in healthier behavior.

Not at all effective

Extremely effective

© 006

11. How accurate do you find the health predictions made by the Al system?

Not at all accurate

Extremely accurate

©0ee

12. How much do you believe Al-powered health applications have improved your overall health?

Mot at all believe

Extremely believe

©O00e

13. How helpful do you find Al-generated health recommendations in improving your daily routines?

Not at all helpful

Extremely helpful

14. which area was most noticeable changes due to recommendations from your Al-powered wearable?

D Physical activity, D Mental well-being

D Diet, D Medical conditions monitoring

D Sleep, D Others
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15. How confident are you that Al can significantly improve healthcare in the next 5 years?

Not at all likely
Extremely likely

NN RN O ONONOROROR

16. How likely are you to continue using your Al-powered wearable for health tracking over the next year?

Not at all likely
Extremely likely

NN RCN O ORORONORON

17. What aspect of Al-powered health systems do you believe holds the most promise?

D Personalized health recommendations D Improved fitness and activity tracking

D Early detection and diagnosis D Mental health support

D Real-time health menitoring D Others

18. What are the main reasons preventing you from using Al-powered health wearables more frequently?

D Battery life, I:l Data accuracy, I:I Cost,
D Complexity, D Privacy Concerns, D Lack of Interest,
D Other

19. How concerned are you about the privacy of your health data collected by the wearable device?

Not at all concern

Extremely concern

© 00

20. Have you ever encountered any issues regarding the security of your wearable’s data?

O No O Yes
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21. how often do you share the data from your Al-powered wearable with your healthcare provider?

O Never, O Rarely, O Sometimes, O Often

22. In your own words, how has your Al-powered wearable impacted your health and well-being?

500 characters left

Figure reference:

Darius Nahavandi, Roohallah Alizadehsani, Abbas Khosravi, U Rajendra Acharya,
Application of artificial intelligence in wearable devices: Opportunities and challenges,
Computer Methods and Programs in Biomedicine,

WVolume 213,2022,106541,1S5N 0169-2607, https://doi.org/10.1016/j.cmpb.2021.106541.

Thank you for your time.
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TEXT FIELD FEEDBACK APPENDIX 3

22. In your own words, how has your Al-powered wearable impacted your health and well-being?

Number of respondents: 52

Responses

Increase awareness

Maybe in the sense that my device reminds me to take small breaks and walk a little during the workday. This keeps me from sitting for hours on an end. Sleep data also helps
me navigate my routines and understand my physical feelings of the day better. Additionally, liking the additional suggested solutions for meditating and falling asleep, though
these are not free features in the app.

It helps a lot when i needed.

| can track my sleep and steps and make changes if needed.

Monitoring heart rate, so that | don't start working out too enthusiastically.
Yes, it has improved but also made it worse from time to time

I have had healthy lifestyle already before using a smartwatch, so there have been quite small effects. One is that | don’t drink almost any alcohol due to the smartwatch
showed how alcohol impacts my sleep.

Olen alkanut urheilla tavoitteellisemmin ja useammin
It has been easier to have trainings in desired efficiency.

With my watch | can see when |'m getting too tired and need longer resting time, | can also see quite clearly what daily actions affect my good night sleep making it better (or
worse).

it is rewarding to get feedback

I think that the overall effect has been mainly positive. It has motivated me exercise more and helps me specially with the gym. For example, it's easy to set timer between
breaks in the gym with your watch. You also see how many calories you have burnt and how many steps you have taken during the day. There is also downsides..for example
you can get hooked with tracking your health too much. | want to keep exercising in the side of joy and not to ruin it with monitoring too much.

it has helped me have a general view of my health (it doesn't have to be completly accurate)

It makes me think about my health more frequently and sometimes gets me activated better than without it

The impact of my smart watch is quiet small to myoverall wellbeing. It is interesting fo save data about gym workouts and running. | also use to look how was my sleep and
activity of the day. But | suppose that my habits would be the same without the watch.

Sometines ut can help me walk more steps daily and | can monitore my heartbeat while exercusing etc.

Not at alll! Al today is useless due to the fact that the data behind is still too shorthanded, narrow and not fact based. Al will though be a great asset in the future, when we let
them loose and they really start to "eat” data. Al is still to confined to be taken seriously.

I have improved my fitness level, since as for instance, the application fitness is very encouraging in completing my daily goal
More physical activity.
It's good for fracking my heart rate, since | have a heart condition, and I've learned what is too stresful for me to do in the evening to cause me lack of sleep.

I can better predict my period and how it affects to my daily life for example mental health, sleep, nutrition and sports. With Knowing how it affects every day, | can plan my
days to support my overall well being. | also feel more compassion for myself and that's how | can better accept me and go through hard days.

Sleep tracking has helped me to plan my daily schedule proper recovery In mind. Better sleep helps studying too.

In the beginning it was exiting and probably inspired me to get more exercise. Now it's mainly for monitoring and collecting data about my jogging routes. One good thing was
that | noticed how easily | can get my sleeping habits disturbed, and also followed up how they were fixed, This helps me do better in the future.

It helps keep track of my counted steps which can encourage me to do better or to take it easy depending on my progress. It also has helped me tracking my stress levels and
heart rate and make changes in my daily life if | have had alot of stress. Yet I'm a little sceptical how accurate the stress tracking can be. Still | feel that it has helped me to
improve my mental health if | notice that my stress levels haven't been so low and do something differently.

My smartwatches help me to track my run regularly, i am a runner, and track the number of steps | take. It's really motivating, especially when | eam achievements for my
progress. Additionally, | monitor the quality and duration of my sleep, as well as my stress levels. All of this helps me better understand my condition and maintain good well-
being.

It knows before any symptoms that I'm catching a flu and asks me to slow down which | do. | know I'm prepared to take it easy.

Improved tracking

My Al-powered smartwatch has improved my health by tracking my activity, and heart rate, helping me stay more active, set fithess goals, and maintain better overall well-
being.

It helps to track the health

| know my sleep quality better

| started walking and running. | can see my rcise impro ts, so it moti to work towards befter health and keep exercising. Not really much impact what non-Al
powered wearable could not do. Expecting Al to further improve to actually make a bigger difference in my health.

It depands, sometimes it's very useful but sometimes it affects my mental health.
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Responses

I track my sleep routines and heartbeat. Also whenever | exercise | want to now the effect and impact of training on my body.
Boosted activity level
mayde inspires to move

I think using watches is great for tracking the effectiveness of a workout. Seeing results after a workout is rewarding but | wouldn't say its the sole reason | exercise. Al will
improve and adapt even more to hopefully diagnose and prevent health problems, being what mostly interests me regarding the issue.

Maybe

Not significantly

It helps me not to concern about every aspect of my sport life

| strive for better sports performance as well as better sleep

I have been able to track my sleep {(amount, quality, sleep stages (REM etc.)) and calory/fat burn. | have also been able to monitor my heartbeat.

I've been able to track my sleeping and activity better, but | don't think it has benefited my overall health and well-being. It's been the same wether or not | have used these
wearables.

| do watch my sleeping pattern and heart rate every now and then.

I'm motivated to be more actice and sleep better (regularly, more)

It has impacted my well-being positively. Before its use | was already healthy, but it has helped me improving and maintaining my heaith and healthy habits, especially my
physical activity. It could help me improving in other areas, but the main purpose of my purchase was increasing my daily physical activity, so | am content with the results
Good luck with your work, itis a great and interesting topic!

| take more steps every day and | my sleep has improved

It is nice to track sleep and recovering statistics and get some ideas what to do if statistics are not that good.

Seeing the step counter is encouraging (although inaccurate, the connected phone app shows more accurate number). Heart rate is not reliable enough to use for diagnosis,
but it gave me reassurance that my pulse is not too high all the time. Mostly | just use it as basic wrist watch

No notable difference really, just tracking my sleep.

Motivates me to be more active

It's merely a tool for me to see how I'm doing, it's not doing anything for me and | think it's a silly marketing tool to say that something like an Oura or Apple Watch actively
does anything. It's my responsibility to react to the info | see, and usually | make the choice to react and do the work (for example, reduce drinking when | see how it affects

my sleep, or exercise more frequently when | see a decreased VO2 max score).

It makes me more aware and helps to remember things more accurately. Like when | had worse sleep etc, if | have to explain it to a Dr for instance.
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