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ASSESSING COMMERCIAL WEARABLES IN PREDICTING PHYSICAL 

ACTIVITY: A CASE STUDY OF APPLE AND FITBIT 
 

ABSTRACT 

This study explored the predictive accuracy of Apple Watch and Fitbit in tracking physical 

activity, employing advanced machine learning models, feature engineering, ensemble learning, 

and interpretable machine learning. Using Microsoft Power BI, an interactive dashboard was also 

constructed to analyze user demographics, physiological metrics, and activity patterns. The 

machine learning models, including Logistic Regression, Naïve Bayes, Decision Tree, Random 

Forest, LightGBM, XGBoost, CatBoost, and Artificial Neural Network (ANN) were 

comprehensively evaluated using multiple metrics. Interpretability was enhanced through 

Shapley values, unravelling the contribution of features to classification results. Stacking models 

reveal insights into their performance compared to individual models. The result generally 

showed that the single LightGBM model was better compared to other models and stacking. 

Furthermore, the dashboard insights provide a detailed exploration of user engagement across 

different activities, revealing variations in heart rates, distances, and calorie expenditure. This 

study contributes unique insights into wearable technology.  

 

Key words: Wearable Technology; Predictive Accuracy; Physical Activity; Apple Watch; Fitbit; 

Machine Learning  
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CHAPTER ONE 

INTRODUCTION 

1.1 Background 

The emergence of commercial wearable devices has marked a significant breakthrough in 

promoting physical activity within the general populace. These devices, equipped with activity-

tracking capabilities, represent a pioneering innovation in technology designed to be worn 

directly on the body (Amit et al., 2020). Described as portable electronic gadgets, they can either 

be directly worn on the body or seamlessly integrated into an individual's clothing or 

accessories, as articulated by Zhang, Sun, and Chen (2022). Among the well-known 

commercially available wearable devices are Apple Watch, Fitbit, Samsung Gear, and others, 

primarily falling into the categories of smartwatches and fitness trackers. It is essential to note 

that this study focuses specifically on these categories, excluding other wearable device 

classifications such as smart clothing, body-mounted sensors, augmented reality headsets, 

hearing aids, virtual reality headsets, and smart jewelry. 

Aside from being physical gadgets, wearable technology facilitates robust functionalities through 

data exchange, cloud computing, and application assistance. Advancements in technology have 

addressed previous challenges related to the bulkiness and transportation issues of wearable 

devices. Simpler and lighter components are now employed to create fundamental parts like 

sensors. The evolution of Web 2.0, combined with the maturity of big data, cloud technology, 

data mining, and integrated technologies, has significantly elevated the reputation and 

capabilities of wearable technology. Presently, these devices are capable of continuous and non-

invasive measurement of various physiological parameters such as temperature, blood pressure, 

sweat biomarkers, electrodermal activities, electromyography, electrocardiography, and 

electroencephalogram (Than, Zan, and Chen, 2020). The increasing capabilities of these 

wearable devices have a potentially profound impact on global health and healthcare. With their 

ability to continuously monitor vital health parameters, they stand to revolutionize health 

practices and interventions on a global scale. 

The proliferation of commercial wearable devices represents a pivotal juncture in bridging the 

gap between technology and personal health management. Despite their promise to foster 
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physical activity and health monitoring, the accuracy and reliability of these devices in assessing 

and predicting physical activity levels have drawn substantial scrutiny. Numerous studies have 

highlighted discrepancies in the precision of these wearables, raising concerns about their 

efficacy in providing accurate data on physical activity. Factors such as placement on the body, 

sensor quality, individual variations, and the algorithms used for activity detection contribute to 

these discrepancies (Nweke et al., 2018; Arvidsson, Fridolfsson and Börjesson, 2019; Wang, 

Cang and Yu, 2019). Such variations can lead to disparities in the recorded data, affecting the 

overall reliability of these devices in quantifying and analyzing physical activity. Moreover, 

while wearable devices have evolved to encompass a wide array of health-monitoring 

capabilities, there is an imminent need for a comprehensive evaluation of their accuracy in 

predicting physical activity levels. The potential of these devices to positively influence health 

outcomes relies heavily on their capacity to provide precise and consistent data, a facet that 

necessitates rigorous examination. 

This study seeks to address these gaps in the literature by conducting a meticulous evaluation 

specifically focused on Apple Watch and Fitbit. This research aims to provide valuable insights 

into the reliability and accuracy of commercially available wearables by analyzing and 

comparing the performance of these two prominent devices in predicting physical activity. The 

findings will not only contribute to academic discourse but also offer practical implications for 

individuals, healthcare practitioners, and the fitness industry reliant on these devices for activity 

tracking and health management. In doing so, this study endeavours to shed light on the veracity 

of data provided by these wearables, aiming to further refine their capabilities and establish their 

credibility in accurately predicting physical activity, an imperative step toward leveraging 

technology for improved personal health and well-being. 

1.2 Research Problem and Justification 

In spite of the potential of wearing devices and the level of development attained, the accuracy of 

commercial wearable devices has been called into question (Raykar and Shet, 2020). According 

to Mondal et al. (2020), selectivity, precision, and calibration still have a great deal of room for 

development. Therefore, it is possible that wearable wristwatch measurements will not be useful. 

For example, fall and sleep detection results are found to not be accurate enough for practical use 

(Liu et al., 2020; Xiong et al., 2020). It is necessary to conduct additional research on wearable 
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technology with various degrees of accuracy for ordinary and everyday uses (Jackson et al., 

2019; Xuan et al., 2020). This could explain why not many institutions in the healthcare sector 

use wearable devices for patient care or safety as asserted by Krey (2020). They are 

insufficiently precise or dependable to serve as a basis for making treatment decisions in clinical 

settings (Kanady et al., 2020). Therefore, the utility of consumer wearable technology needs to 

be confirmed by additional research. Apple Watch was chosen because it has generally been 

reported to have the highest accuracy in studies by Hardekopf and Fountaine (2017) and Cosoli 

and Scalise (2019). It is crucial to note that commercial wearable devices use proprietary 

software algorithms (typically machine learning based), making it impossible to determine how 

the measurement data were actually acquired (Cosoli, Spinsante and Scalise, 2020). The data 

(accessible directly on the device, or through a smartphone or internet applications) cannot be 

accurately compared due to the absence of generally accepted test protocols and techniques, 

which is a problem for researchers who want to evaluate the performances of various devices. 

1.3 Research Question  

The aim of this study is to investigate the accuracy of commercial wearable devices in predicting 

physical activity, using Apple watch and Fitbit data. The study will concentrate on the following 

research objectives in order to accomplish this: 

1) The first objective is to focus on comparing advanced machine learning models (model 

development), including deep learning architectures, to achieve higher accuracy and 

robustness in predictive tasks. This includes Decision Tree, Logistic Regression, Naïve 

Bayes, Xgboost, Lightgbm, Catboost and Artificial Neural Networks (ANN).  

2) The second objective is to develop and implement advanced feature engineering and 

selection techniques in Python to enhance model performance, including identification of 

the most important features and domain-specific feature creation.  

3) The third objective is to investigate and implement ensemble learning methods and 

model stacking strategies to combine diverse models for superior predictive performance, 

exploring techniques like boosting, bagging, and stacking. 

4) The fourth objective is to make machine learning models more interpretable and 

transparent, allowing for a better understanding of the decision-making process, which is 

essential for both practical application and ethical considerations. This is to innovate 
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methods to improve interpretability and explainability of complex models, ensuring 

transparency and understanding of how these models make decisions. 

5) The fifth objective is to utilize Microsoft Power BI to design and construct a 

comprehensive and visually intuitive dashboard based on the dataset. This dashboard 

aims to distill actionable insights from the dataset in relation to Apple and Fitbit 

wearables, providing a user-friendly interface for the exploration and analysis of key 

metrics related to physical activity. 

1.4 Research Questions  

The study will concentrate on the following research questions in order to accomplish this: 

1) How accurate is Apple Watch in predicting sedentary behaviour and mild, moderate and 

strenuous physical activity? 

2) How does Apple watch compare with Fitbit for predicting physical activity? 

3) Which Machine Learning models are the most accurately in predicting physical activity 

with Apple Watch data? 

4) What features can aid in forecasting for future studies? 

1.5 Research Hypothesis 

H1: Apple watch will accurately predict moderate and vigorous physical activity. 

H2: Fitbit watch will accurately predict light and sedentary behaviour. 

1.6 Significance of the Study 

The significance of this proposed study lies in its profound potential to elevate the field of 

machine learning and data analysis to new heights, impacting multiple crucial dimensions. At the 

forefront, this research endeavours to propel the current understanding of machine learning 

methodologies to an advanced level. It seeks to provide unique insights into model performance 

and interpretability by concentrating on the latest techniques and harnessing the latest 

technologies. These advancements are anticipated to carve a path toward the forefront of cutting-

edge machine learning research and application. The practical implications of this study extend 

far beyond academia. In this regard, industries heavily reliant on data-driven decision-making, 
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such as healthcare, finance, autonomous systems, and e-commerce, stand to benefit significantly. 

The development of enhanced machine learning models could potentially revolutionize these 

sectors, optimizing operations and refining decision-making processes. 

 

A paramount aspect of this study revolves around addressing the ethical and transparent 

application of artificial intelligence. The emphasis on transparency, fairness, and the reduction of 

biases in machine learning models aligns closely with the current efforts to ensure ethical 

practices in AI applications. These endeavours are pivotal in fostering trust and reliability in the 

application of machine learning models. Moreover, the investigation into efficient deployment 

strategies for machine learning models is of immense practical importance. Bridging the gap 

between model development and real-world implementation is often a bottleneck in various 

applications. Successful integration can pave the way for smoother deployment processes, 

offering practical solutions in diverse scenarios. Academically, the study's outcomes are poised 

to contribute substantially. The insights, methodologies, and advancements in machine learning 

techniques could lay the groundwork for future research, providing invaluable resources for 

scholars, researchers, and practitioners in the field. On a more practical level, this study's 

outcomes hold significance for professionals seeking to enhance their data analysis and machine 

learning skills, starting with the researcher. Furthermore, it has the potential to serve as an 

educational resource, offering new methodologies and best practices for both learning and 

teaching machine learning using Python. 

1.7 Structure of this Report 

Each chapter of this report contributes significantly to the study, progressing from the initial 

identification of the problem to the proposal and development of advanced solutions, ending 

with insightful conclusions and directions for future research.  The structure of this research 

report follows a sequential and comprehensive approach, comprising the following five key 

chapters: 

 

 Chapter 1: Introduction and Problem Identification  

This opening chapter sets the stage by providing an introduction to the study. It articulates the 

context and significance of the research while identifying the existing gaps in the field of 



12 
 

machine learning analysis. The chapter will offer a detailed examination of the problem 

statements, setting the foundation for subsequent explorations. 

 

 Chapter 2: Literature Review 

Building upon the introduction, this chapter extensively explores existing policy frameworks, 

industry reports, and relevant literature in the domain of advanced machine learning and Python-

based data analysis. It critically evaluates prior studies, methodologies, and best practices to 

provide a comprehensive background for the study. 

 

 Chapter 3: Implementation  

This chapter describes the research plan, methodologies, and design employed in the study. It 

focuses on the methodical approach adopted for developing and refining advanced machine 

learning models. Additionally, it highlights the strategies used for enhancing model 

interpretability, scalability, and considerations in the analysis. 

 

 Chapter 4: Results   

Focused on the core findings of the study, this chapter presents the proposed solutions and key 

features developed. It discusses the innovative machine-learning techniques, models, and 

strategies implemented using Python. This chapter aims to detail the advancements made in 

model performance, interpretability, handling unstructured data, and ethical considerations. 

 

 Chapter 5: Conclusions and Future Work  

The concluding chapter summarizes the key findings and insights derived from the study. It 

discusses the implications of the research outcomes, offering a reflection on the significance of 

the study. Furthermore, this chapter outlines potential areas for future work and advancements in 

the field, paving the way for subsequent research endeavours. 

 

 

 

 



13 
 

CHAPTER TWO 

LITERATURE REVIEW 

2.1 Preamble  

With the advent of wearable technology, vital indications such as heart rate, step count, and other 

factors like calories elevation, may now be monitored in real-time (Sunny et al., 2022). These 

tools make it possible to monitor the aforementioned physiological indicators longitudinally and 

continuously. Increased activity is expected to translate into significant favourable health effects, 

both physical and mental. Tracking, measuring, and recording one's physical activity can be a 

technique to monitor and encourage oneself to participate in regular physical activity (Germini et 

al., 2022). The majority of physical activity tracking used to be done manually by the individual 

or an outside assessor using records. There is the possibility to develop novel measures of 

physical activity and sedentary behaviour utilizing technologies that are already widely used by 

the public, even though specific measures from commercial wearable devices (i.e., Heart rate 

steps) are known to involve measurement error (Fuller et al., 2021). This study aims to 

investigate if movement types may be predicted using information from commercial wearables 

like the Apple Watch.  

2.2 Physical Activity 

Physical inactivity is a serious public health issue on a global scale. According to a recent study, 

81 percent of teenagers who are enrolled in school and roughly 23 percent of adults are not 

meeting the recommended levels of physical activity (World Health Organization, 2015). 

Governmental agencies have tried to increase these figures by putting into place programs that 

encourage physical activity. Behavior change is a tried-and-true technique to enhance physical 

activity, even though the successful promotion of physical activity is a difficult multifaceted 

issue (Conn, Hafdahl and Mehr, 2011). Guidelines for physical activity have been defined using 

metrics from commercial wearable devices, such as 10,000 steps per day and 100 steps per 

minute for moderate to strenuous activity (Fuller et al., 2020). The number of steps taken by 

different devices varies, according to research, and the relevance of these measurements may 

differ by device type and brand (Case et al., 2015).  
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The American Heart Association (AHA) suggests physical activity as one of the "Life's Simple 

7" lifestyle recommendations to maintain health since it is inversely connected with poor 

cardiovascular outcomes and all-cause mortality (Bayoumy et al., 2021; Blond et al., 2019). The 

evaluation of physical activity levels has historically been subjective and, if recorded at all, only 

done so during clinic visits. This method's limitations include insufficient information, recall 

bias, and the inability to impartially evaluate physical activity in a real-world setting. Common 

statements like "I walk for 30 minutes five times a week" exclude crucial details such physical 

activity intensity, distance, and idle time. Therefore, the subjective reporting of physical activity 

levels will become outdated because digital health trends like wearables and smartphones can 

precisely and objectively measure physical activity and energy expenditure using a variety of 

sensors. 

2.3 Commercial Wearable Devices 

Consumers are starting to control their health with consumer-grade software and hardware as 

technological advancements continue to become increasingly integrated in daily life. Consumer-

grade linked electronic gadgets known as "smart wearables" can be worn as an accessory or sewn 

into clothing and are of the highest quality (Bayoumy et al., 2021). They come in a variety of 

forms, such as smartwatches, rings, and wristbands, to name a few, and all of them feature many 

advanced sensors and powerful processing capacity. These gadgets serve as a motivational tool 

that can increase physical activity rather than just being a fitness accessory. Wearables 

incorporate a range of behavioural change psychological strategies (Lewis et al., 2020). These 

methods, also known as features, include social support (socialization), incentives, recognition, 

alerts, and giving feedback. The features that are most crucial to facilitating a change in physical 

activity are perhaps social support, personalization, prompts, and activity tracking. 

2.4 Artificial Intelligence (AI) 

Artificial intelligence (AI) is already capable of complex tasks including picture categorization, 

speech recognition, translation, object identification, driving, gaming, finance, and even legal 

decision-making (Vatandsoost and Litkouhi, 2019). By using sophisticated algorithms and data 

from electronic health records (EHRs), clinical research results published in PubMed, millions of 
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patient imaging results, hundreds of biomarkers, and data retrieved from EHRs, AI is able to 

identify diseases (Krittanawong, 2018). As per Ray, Nagarajan, and Minu, (2022), artificial 

intelligence is defined as a program that is capable of doing tasks often associated with the 

human intellect. Artificial intelligence is a theory and the development of computerized systems 

intended to carry out tasks that would ordinarily be completed utilizing human intelligence and 

senses including hearing, vision, language comprehension, and decision-making (McGrow, 

2019). The recent improvements in the Artificial intelligence technologies across healthcare, 

brings about certain speculations on substituting the human physicians in the future. But 

practically, AI medical technologies cannot replace human physicians, but they can help them 

get better outcomes and greater accuracy. Healthcare data availability is a key factor supporting 

the development of AI solutions in the medical area (Manne and Kantheti, 2021). Recently, there 

has been a lot of work done by scientists and researchers to use AI to medical diagnosis, 

treatment, and care. AI appears to be quickly transforming the face of healthcare. Medical 

physics foresees that AI will significantly advance healthcare as a whole. Some scientists 

anticipate that AI will have an impact on medical physics research and practice, while others 

think that this is implausible given AI's current state of development and practical constraints 

(Vatandsoost and Litkouhi, 2019). 

2.5 Machine Learning (ML) 

The phrase "Machine Learning" is attributed to Arthur Samuel of IBM, who in 1959 suggested 

that it would be able to educate computers to learn what they need to know about the 

environment and how to do jobs for themselves (Simon 1983). In the branch of computer science 

known as "machine learning," algorithms and statistical techniques are used to recognize patterns 

and draw conclusions from data without the use of explicit programming. It is a method for 

creating software that can learn from data and adjust itself to perform tasks like prediction better 

(Dash et al., 2022). The premise that computers may learn without being programmed to carry 

out specific tasks gave rise to the application of AI known as machine learning (Panesar and 

Panesar, 2020). Techniques used in machine learning include Bayesian approaches, 

reinforcement learning, neural networks, explanation-based, inductive logic programming, 

natural language processing, and decision trees. Examples of cutting-edge ML models include 
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Xgboost, Lightgbm, Logistic Regression, Support Vector Machine, Naive Bayes, Random 

Forest.  

The machine learning enables software applications to predict outcomes more precisely and 

particularly without having to be explicitly programmed. The creation of algorithms that can 

both receive input data and utilize statistical analysis to predict an output while updating outputs 

with fresh data is the main goal of machine learning (Saleh, 2019). Machines learn from prior 

instances and historical trends, and based on their prior knowledge, a model that can be used to 

predict future values can be developed. Machine learning can be used to help find answers to 

problems based on the study of data when the data and questions are too big to be resolved 

organically (Bansal, Singh and Kaur, 2020). It can facilitate quicker searches for crucial items. 

Because machines learn more quickly and can even outperform humans in some fields, complex 

issues are easily handled. As a result, its demand is always increasing (Bansal, Singh and Kaur, 

2020). Machine learning is becoming more important as big data and cloud computing does 

since it uses computational power to solve various problems.  

2.6 Predicting Physical Activity with Commercial Wearable Devices  

When employed in a research intervention, wearables have proven to be reliable and effective, 

according to researchers. Despite the fact that these tools may not be the best for measuring 

exercise, they are nonetheless capable of accurately monitoring steps and sedentary behaviour 

(Nelson et al., 2016; Evenson, Goto and Furberg, 2015). The wearer receives an accurate 

assessment of their physical activity patterns thanks to this. Enhancements in all physical activity 

metrics result from this validity. According to research conducted by Brickwood et al., (2019) 

wearing a wearable increased daily step count, moderate and vigorous activity levels, and overall 

energy expenditure much more than comparator groups. Engagement with these gadgets depend 

on a number of variables. These variables include tracking precision, social utility, aesthetics, 

and the device's physical design (Harrison et al., 2015). A diary study of people using wearable 

technology for the first time revealed that the way the data was recorded, handled, visualized, 

and used had an impact on the participants' involvement (Rapp and Cena, 2016). Although it has 

been demonstrated that the wearables are beneficial in interventions with a variety of 

demographics, they don't seem to be as successful as conventional behavioural interventions 
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(Lewis et al., 2015; Sypes, Newton and Lewis, 2019). Additionally, improvements in 

functionality and usability could boost wearables' effectiveness by boosting engagement.  

According to a study conducted by Fuller et al., (2020), Consumer wearable device reviews from 

nine different brands (Apple Inc., Fitbit, Garmin, Mio, Misfit, Polar, Samsung, Withings, and 

Xiaomi) were included in this systematic review of 158 publications. The reviews focused on the 

accuracy and precision of the devices in measuring heart rate, energy expenditure, and step 

count. In addition to highlighting the findings of the inter- and intra-device reliability of the nine 

consumer wearable companies, this review looked at the validity of consumer wearable devices 

in both free-living and laboratory situations. Fitbit received the most attention across the 

research, while Xiaomi and Mio received the least. Apple, Fitbit, and Garmin were roughly 50% 

accurate on average, with Apple and Samsung having the highest validity for step count. No 

brand was within the allowed energy expenditure accuracy criteria. Steps, heart rate, and calorie 

inter-device reliabilities were all quite high. Only step count had enough data to determine intra-

device dependability, and the results revealed a lot of variation. No one gadget or brand stood out 

as the "gold standard" in fitness wearables, nor was there one that involved a thorough evaluation 

across all metrics. The market for electronic devices is now dominated by applications for basic 

biophysical signal monitors, such as heart rate monitors, temperature monitors, and motion 

monitors. Apple Watch has a heart rate tracking feature that is as accurate as clinical monitors 

for patients and can also identify irregular heartbeats and inform users (Wang, 2020). Many 

different sectors are also covered by other wearable systems. According to a study, it was found 

that data acquired from commercial wearable devices can predict movement types in 82% of 

Apple watch (Fuller et al., 2021). In this following sections, special review is carried out for two 

very related studies. These studies were very critical in helping the research navigate this 

research domain. 

2.7 Literature Review: Wearable Technology and Physical Activity Monitoring 

(Tokucoglu, 2018) 

Tokucoglu (2018) conducted a comprehensive review focusing on the utilization of wearable 

technology for monitoring physical activity and its applications in healthcare. The study 

emphasized the necessity of objective and accurate measurements for evaluating both healthy 
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individuals and patients, highlighting the role of wearable sensors and related technologies in this 

context. 

 

 

Key research highlights from this study include: 

1. Wearable Technology System: The study provided an in-depth analysis of the 

components required for a wearable technology system, encompassing sensors, 

communication hardware, software, and analyzing equipment. It classified wearable 

devices into head-mounted gadgets and bodily placed instruments, detailing recent 

advances in microelectronics and e-textile production. 

2. Wearable Technology Devices: The historical evolution of wearable devices, from 

watches to modern smartwatches, was outlined. The study discussed commercially 

available devices capable of measuring vital signs continuously, such as blood pressure, 

heart rate, and oxygen concentration. It also touched upon the integration of flexible 

sensors into garments, known as "e-textile," facilitating electrocardiographic and 

electromyographic data collection. 

3. Potential Uses in Medicine: Jones et al. explored potential medical applications of 

wearable technologies, emphasizing their role in monitoring congestive heart failure, 

dysrhythmia, asthma, balance problems, Parkinson's disease, sleep disorders, and various 

chronic conditions. The study highlighted the importance of motion sensors and posture 

detection devices in evaluating efficacy of treatment and enhancing patient outcomes. 

4. Handicaps of Wearable Technologies: The study acknowledged challenges associated 

with wearable technologies, including potential discomfort for users, data accuracy 

concerns, and the ethical implications related to privacy and information usage. Safety 

and privacy issues were identified as crucial considerations, posing questions about 

authorized personnel, decision-making competence, and financing. 
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The research by Tokucoglu (2018) aligns with the present study's objectives of investigating the 

predictive capabilities of commercial wearables. The emphasis on the diverse applications of 

wearable technology in healthcare, particularly in monitoring specific medical conditions, 

resonates with the current focus on predicting movement types. The challenges identified, such 

as user discomfort and data accuracy, inform the potential limitations of the current study and 

underscore the need for thoughtful consideration of ethical and practical aspects. Overall, the 

insights contribute to the understanding of the broader landscape of wearable technology in 

healthcare, providing a foundation for the present study's exploration of predicting movement 

types using commercial wearables. 

2.8    Literature Review: Machine Learning Approaches for Physical Activity Recognition 

(Bianchim et al., 2023) 

The study by Bianchim et al. (2023) aimed to develop and validate machine learning models for 

predicting physical activity (PA) intensities in children and adolescents with cystic fibrosis (CF). 

The research utilized accelerometers from different brands and placements on both wrists and 

waist. Three machine learning classifiers (K-Nearest Neighbour, Random Forest, and eXtreme 

Gradient Boosted Decision Tree) were employed to identify input signal patterns for each PA 

type and intensity. The study involved 35 children and adolescents with CF and 28 healthy 

youth, and a 10-fold cross-validation assessed the performance of the classifiers. 

The key findings from this study include: 

1. Prediction Accuracy: The machine learning models achieved high accuracy (97–100%) 

for predicting different PA intensities, with sensitivity and specificity greater than 95%. 

Notably, ActiGraph GT9X on the dominant wrist and waist and GENEActiv on the 

dominant wrist failed to predict vigorous intensity PA activities. 

2. Influence of Health Condition: Children with CF exhibited higher energy expenditure 

during certain activities compared to healthy peers, emphasizing the need for CF-specific 

approaches in predicting PA levels. 

3. Accelerometer Brand and Placement: The study found that GENEActiv demonstrated 

higher accuracy than ActiGraph, and overall, all placements (wrist and waist) yielded 

comparable accuracy across classifiers. However, there were instances where specific 
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placements and brands failed to predict certain PA intensities, highlighting the 

importance of considering these factors in PA measurement. 

4. Machine Learning Algorithms: The XGBoost and k-NN algorithms achieved higher 

sensitivity and classification accuracy compared to Random Forest, suggesting their 

potential superiority in predicting PA intensities. 

5. Implications for CF Treatment: The study's findings have potential implications for 

clinical practice, indicating that machine learning algorithms could be used to identify 

daily patterns of PA in youth with CF, contributing to the design of PA interventions and 

specific recommendations for this population. 

The study provides novel insights into the use of machine learning models with raw 

accelerometry data to predict PA intensities in children and adolescents with CF, emphasizing 

the importance of considering health conditions, accelerometer brand, and placement for 

accurate predictions. This study also provides insights into methodologies, challenges, and 

potential benefits. Consideration of factors such as accelerometer brand, placement, and the 

unique characteristics of the target population, as discussed in the study, could enhance the 

design and interpretation of the current work. 

2.9    Research Gap 

Wearable technology and mobile cloud computing have advanced quickly as a result of the shift 

to individualized, evidence-based healthcare, which will relieve pressure on healthcare systems, 

save costs, and improve health outcomes. However, the majority of wearable wrist and textile 

technology that is currently commercially available is at the level of general health and fitness. 

The existing body of scientific literature on the application of wrist and textile monitoring 

technology to support clinical judgments in physical activity suggests that more work is needed 

to get the technology into clinical practice. 
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CHAPTER THREE 

IMPLEMENTATION 

3.1 Preamble 

In this chapter, the methodology employed for the classification of physical activity in the 

dataset is described. The dataset utilized for this analysis is sourced from Kaggle.com and 

comprises a set of 20 distinct features. These features include diverse user-related attributes, 

including age, gender, height, weight, heart rate, device specifications, the activity variable 

(serving as the target variable), and additional parameters assessing aspects of body metabolism. 

The implementation chapter is structured into two pivotal aspects. The first aspect is dedicated to 

the application of machine learning techniques for the classification of physical activity, wherein 

various machine learning algorithms are deployed to discern patterns and relationships within the 

dataset. Subsequently, the second aspect focuses on the design and implementation of a 

comprehensive dashboard, employing Microsoft Power BI as the primary tool. This dashboard is 

devised to facilitate the visual representation and interpretation of additional insights derived 

from the dataset, fostering a user-friendly interface for in-depth exploration of key metrics 

related to physical activity. 

3.2 Data Understanding 

The method employed to investigate the dataset in order to build a robust machine learning 

model, integral to attaining the project objectives, is described in this section. In the initial step, 

the requisite libraries essential for project manipulation were imported. The utilization of the 

Google Colab Jupyter notebook is chosen for project management due to its adaptable nature and 

open-source attributes (Kimm, Paik and Kimm, 2021). 

 

In the following code snippet, the necessary libraries are imported. This step installs some of the 

packages that were used in the analysis. i.e. the libraries not loaded by default in Jupyter 

notebook. Furthermore, the necessary libraries, notably Pandas and NumPy for data 

preprocessing and cleaning, as well as Seaborn and Matplotlib for data visualization, are 
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imported. Additionally, machine learning libraries and tools for model explainability are 

included in this set of useful libraries. 

 

 

 

 

The following data investigation steps involved checking the data dimension, datatypes, 

duplicate values, and missing values in our dataset.  

3.2.1 Dimension of the data 

This is the act of checking the total rows (observations) and total columns (features) of the 

dataset (Giri and Lengyel, 2023). This aided in understanding the complexity of the dataset, 

providing guidance for subsequent processes involving data visualization and machine learning. 

The following code snippet shows that the dataset comprises 6264 observations with 20 columns.  
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3.2.2 Data types of the features 

The process involved checking the data types of each feature in the dataset. This guided the 

subsequent data cleaning phase, ensuring correction of any features with incorrect data types to 

mitigate bias during machine learning model training. The following code snippet shows that the 

dataset comprises 14 numerical features, 4 integers and 2 categorical features. 
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3.2.3 Duplicate Rows 

The scrutiny for duplicate rows within the dataset is considered a prudent data investigation 

procedure (Qizi, Kadambayevich and Atabaevich, 2023). Duplicate values here are defined as 

instances where the entire set of feature values for a particular record is repeated. The 

significance of this verification lies in the necessity to eliminate such duplicates, as their 

presence contributes to dataset dimensionality and may introduce redundancy into the analytical 

process. Furthermore, detection and subsequent removal of these duplicates serve to streamline 

the dataset and enhance the precision of the analysis. The following code snippet shows that 

there are no duplicate values in the dataset. 

 

3.2.4 Missing Values 

This step was done to check if there are omitted records in dataset. The following code snippet 

shows that there are no missing values in the dataset. This concludes the data investigation steps. 
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3.3 Data Cleaning 

Data cleaning is a process of handling any incorrect, duplicate, missing, or erroneous values in 

the data set (Chai, 2020). Due to the nature of the dataset, during investigation it was observed 

that some columns will not be useful in further analysis of the data. This data cleaning step 

involved dropping the columns. This is shown in the following code snippet. 

 

3.4 Data Visualization 

Data visualization constituted an integral component of the initial steps in the analysis, aiming to 

extract insights from the data. Various charts, including bar charts, histograms, and scatter plots, 

were employed to reveal patterns within the dataset. The visualization encompassed univariate, 

bivariate, and multivariate analyses. The chi-square statistical test was applied to discern patterns 

within categorical features, while correlation analysis was utilized to understand associations 

between numerical variables. 
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3.4.1 Univariate Analyses 

The bar chart in Figure 3.1 below shows that lying is the most frequent activity captured. 

Moreover, the classes are slightly balance. 

 

 

Figure 3.1: Activity occurrence 
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Figure 3.2: Device occurrence 

 

The bar chart in Figure 3.2 above shows that Apple watch users were more in the dataset 

compared to Fitbit users. 

 

 

Figure 3.3: Age distribution of users 
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Figure 3.3 above shows that the majority of users fall between 20 - 25 years old, the maximum 

age is 58 years, and, there is an age gap from 40-45 years range where no users were found. The 

absence of users within the age range of 40 to 45, as illustrated in Figure 3.3, implies a notable 

gap or lack of representation for individuals falling within this specific age bracket in the dataset. 

This gap could potentially impact the robustness of the analysis, as insights derived from the 

dataset may not adequately capture the characteristics or behaviors of users within the 40 to 45 

years age range. 

 

Figure 3.4: Height distribution of users 

 

Figure 3.4 above shows most height of users falls between 160-165cm. 
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Figure 3.5: Gender distribution of users (0=females; 1=males) 

 

Figure 3.5 above shows that the dataset comprises users with more females using the fitness 

devices than male. 
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3.4.2 Bivariate Analysis 

The Chi-square test is a statistical method employed to assess whether there is a significant 

association between two categorical variables. This evaluates the likelihood that any observed 

association in the data could have occurred by chance. The test is premised on the null 

hypothesis, which posits that the two variables are independent of each other. If the observed 

data significantly deviate from what would be expected under this null hypothesis, the test would 

have concluded that the variables have a dependent relationship. Figure 3.6 below shows that 

lying activities is the most frequent in both devices (Apple, Fitbit) with 13% and 9.5% 

respectively. Furthermore, chi square test shows that the correlations between variables for the 

two devices are not statistically significant. 

 

 

Figure 3.6: Correlation between variables  

 

In terms of gender, Figure 3.7 shows that females dominated the category of activity in the 

dataset. 

Further chi square test for this category shows that the correlations between variables for the two 

devices were not statistically significant. 
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Figure 3.7: Bivariate gender analysis 

 

3.4.4 Multi Variate Analysis 

In the multivariate analysis in Figure 3.8 below, it can be deduced that the higher the normal 

heart rate the higher the intensity of the activity, having a 95% correlation. Furthermore, there is 

strong correlation between height and weight with 69%. More still, gender is correlated with 

height and weight with 74% and 58% respectively. The correlation graph also shows that age is 

mostly negative correlated with some features. 
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Figure 3.8: Correlations among variables 

 

 

3.5 Data Splitting 

To facilitate the achievement of the project objectives, the dataset was split by device into Apple 

Watch and Fitbit data as shown by the following code snippet. 

 

3.6 Feature Engineering  

The feature engineering process involves the science and art of generating new features from 

existing ones in the dataset, thereby enhancing the accuracy of the model (Kanjilal and Uysal, 
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2021). The creation of these new features is informed by domain-specific knowledge and 

extensive research. The process is shown in the following code snippet. 

 

 

In this regard, Calories Burned per Step quantifies the average caloric expenditure per step taken. 

Derived by dividing the total calories burned by the total number of steps, this feature provides a 

detailed perspective on energy efficiency during physical activity. Its significance lies in its 

utility for personalized health and fitness assessments, particularly in evaluating the caloric cost 

associated with various activities. The Cardiovascular Fitness Index represents the ratio of the 

resting heart rate to the maximum estimated heart rate, offering insights into an individual's 

cardiovascular fitness. A lower ratio is generally indicative of superior fitness, suggesting a 

lower heart rate for a given level of exertion. This index serves as a potential proxy for assessing 

cardiovascular efficiency and overall heart health. The Active vs Resting Heart Rate Differential 

captures the variance between the active heart rate and the resting heart rate. This metric 

provides insights into the heart's responsiveness to physical activity, offering a measure of the 

adaptability and resilience of the cardiovascular system. Step Intensity, a composite measure 

derived from the multiplication of the number of steps and the heart rate, reflects the intensity of 

physical activity. Higher values indicate more vigorous exercise. This compound measure holds 

potential significance in studies exploring the interplay between the volume and intensity of 

physical activity. 
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3.6 Dashboard design and Build  

As part of the project's implementation, the process of constructing the dashboard using Power 

BI involved several steps. Initially, the relevant dataset, encompassing the assessed commercial 

wearables data, was imported into the Power BI environment. Subsequently, data cleaning 

procedures were executed to ensure the integrity and consistency of the dataset. Following data 

preparation, the construction of the dashboard commenced with the identification and selection 

of key performance indicators (KPIs) and metrics to be visualized. Visualization components 

such as charts, graphs, and tables were strategically chosen to effectively represent the essential 

aspects of the dataset, aligning with the project's objectives. The Power BI tools were then 

employed to create and customize the chosen visualizations, ensuring coherence and clarity in 

conveying insights. Various features within Power BI, such as filters, slicers, and drill-through 

functionalities, were utilized to enhance interactivity and facilitate a more dynamic exploration 

of the data. Additionally, considerations were given to the aesthetic aspects of the dashboard, 

including colour schemes, font choices, and layout design, to optimize user experience and 

comprehension. The dashboard was refined iteratively, incorporating feedback and adjustments 

to improve its effectiveness in conveying meaningful insights derived from the assessed 

commercial wearables data. Finally, the completed Power BI dashboard was shared at the 

following link: 

https://app.powerbi.com/view?r=eyJrIjoiOGRmYjBhNjUtMTJmNi00OTU3LWExZTQtZmUyN

zcyNzAyODk2IiwidCI6Ijg4ZTlhN2RjLTU2MzMtNGM2Ni1iNjZjLTkyZGY1Y2E3NDhmYyJ9  

allowing stakeholders and end-users to interact with the visualizations, explore patterns, and 

draw insights relevant to the project's objectives.  

The dashboard provides a comprehensive visualization of various metrics related to physical 

activity, segmented by age grades, and distinguished between Apple Watch and Fitbit devices. 

The visualizations include averages of calories, average distance, entropy steps, average heart 

rate, resting heart rate, normalized heart rate, steps, and steps times distance across different age 

groups. The upper section of the dashboard displays bar charts depicting the average values of 

calories and average distance, as well as entropy steps and entropy heart, categorized by age 

grades. This visual representation enables a comparative analysis of these metrics across 

different age groups. The subsequent section showcases the average heart rate, resting heart rate, 

https://app.powerbi.com/view?r=eyJrIjoiOGRmYjBhNjUtMTJmNi00OTU3LWExZTQtZmUyNzcyNzAyODk2IiwidCI6Ijg4ZTlhN2RjLTU2MzMtNGM2Ni1iNjZjLTkyZGY1Y2E3NDhmYyJ9
https://app.powerbi.com/view?r=eyJrIjoiOGRmYjBhNjUtMTJmNi00OTU3LWExZTQtZmUyNzcyNzAyODk2IiwidCI6Ijg4ZTlhN2RjLTU2MzMtNGM2Ni1iNjZjLTkyZGY1Y2E3NDhmYyJ9
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and normalized heart rate, providing insights into the cardiovascular aspects of the users. The bar 

charts are segmented by age grades, allowing for a nuanced examination of heart rate trends 

within each group. The third section exhibits the average values of steps and steps times 

distance, differentiated by age grades. This comparison provides a perspective on the physical 

activity levels across various age groups. The dashboard also features a breakdown of individual 

metrics, allowing users to explore specific details such as average calories, average distance, 

average heart rate, and average steps. Users can filter the data by device (Apple Watch or Fitbit), 

gender (female or male), and specific activities. Furthermore, a demographic analysis is 

presented with a bar chart illustrating the count of users within each age group. This adds an 

additional layer of understanding regarding the distribution of users across different age 

categories. 
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CHAPTER FOUR 

RESULTS 

This chapter unveils the results of the activity classification process and generated insights from 

the dashboard. The preceding chapter described aspects of data investigation, data cleansing, 

data visualization, and feature engineering, aimed at extracting insights from the data to enhance 

the robustness of the results of this chapter. The following sections will expound upon the 

comparative performances of the generalized machine learning models, achieved through the 

establishment of training and test data, utilizing stratified one-holdout cross-validation 

techniques. Furthermore, the focus of this chapter is also directed towards the use of the 

interpretable machine learning, specifically Shapley values, to describe the features in the 

context of demystifying the inherent complexities of the various machine learning models. This 

chapter also presents the results of the dashboard. 

4.1 Cross Validation 

Cross-validation is a technique employed to partition the dataset into training and test sets, 

serving as a means to assess the model's performance on previously unseen data (de Rooij and 

Weeda, 2020). In this project, the approach of stratified one-holdout cross-validation (LandJr and 

Schaffer, 2019) is adopted to ensure the preservation of class distribution across both the training 

and test sets throughout the training and evaluation phases of the machine learning models. The 

dataset was consequently partitioned into 80% training data and 20% test data, with a designated 

random seed of 2023. This random seed is chosen to maintain consistency in the dataset splitting 

process, ensuring uniformity in the allocation of data for training and testing purposes. The 

process is shown in the following code snippet. 
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The code snippet above shows the cross validation for Apple data. 

 

 

 

The code snippet above shows the cross validation for Fitbit data. 

 

The mapping of the activity image is shown in the code below. This aims to enhance the clarity 

and understanding of how different activities are categorized or classified within the context of 

the project. 
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4.2 Machine Learning  

The algorithms designated for predicting the likelihood of a transaction being fraudulent or non-

fraudulent encompass the following models: 

1. Logistic Regression 

2. Naive Bayes 

3. Decision Tree 

4. Random Forest 

5. LightGBM 

6. XGBoost 

7. CatBoost 

8. Artificial Neural Network (ANN) 

The evaluation metrics employed to assess the performance of the models are outlined as follows 

(Chicco and Jurman, 2020; Chicco and Jurman, 2023; Foody, 2023): 

 Accuracy: This metric quantifies the ratio of correctly predicted observations to the total 

number of observations, providing an indication of the overall correctness of model 

predictions. Accuracy=Number of Correct Predictions/Total Number of Predictions 

 F1 Score: The F1 Score, being the harmonic mean of Precision and Recall, serves to 

balance the trade-off between Precision and Recall, offering a comprehensive measure of 

the model's performance. F1=2×(Precision×Recall)/Precision+Recall 

 Recall: Also known as sensitivity or true positive rate, Recall signifies the ratio of 

correctly predicted positive observations to all actual positives, providing insights into the 

model's ability to identify positive instances.      

Recall=True Positives/True Positives + False Negatives 

 Precision: Precision represents the ratio of correctly predicted positive observations to 

the total predicted positives, elucidating the accuracy of positive predictions made by the 

model. Precision=True Positives/True Positives + False Positives 

 MCC (Matthews Correlation Coefficient): The MCC serves as a correlation coefficient 

between observed and predicted binary classifications, considering both true and false 

positives and negatives, providing a comprehensive measure of model performance. 

MCC=(TP×TN−FP×FN)/sqrt(TP+FP)×(TP+FN)×(TN+FP)×(TN+FN)  
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Figure 4.1: Classification results comparisons among models based on Apple data 

 

From Figure 4.1 above, the best model in classifying the activity based on Apple data is the 

LightGBM model.  

 

 

 

Figure 4.2: Classification results comparisons among models based on Fitbit data 
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From Figure 4.2, the best model in classifying the activity on Fitbit data is also LightGBM 

model. 

 

 

 

Figure 4.3: Confusion matrix for Apple result 

 

From the confusion matrix in Figure 4.3, it can be seen that the Self pace walk (3) and Running 7 

METs (4) have less misclassified classes than others. 
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Figure 4.4: Confusion matrix for Fitbit result 

 

From Figure 4.4, the Running 3 METs (1) Sitting (5), and Running 5 METs (2)  have less 

misclassified classes than others. 

 

4.3 Interpretable Machine Learning  

Interpretable machine learning serves as a methodology that enables an understanding of the 

underlying mechanisms of black-box models, facilitating informed decision-making (Mi, Li and 

Zhou, 2020). The adoption of interpretable models is instrumental in fostering trust in the 

model's predictions, diagnosing errors, ensuring ethical compliance, and facilitating model 

debugging. Given that our primary model operates as a black-box model, Shapley values will be 

employed for interpretation purposes. SHAP (Shapley Additive Explanation) presents a game-

theoretic approach designed to explain the output of any machine learning model, as detailed in 

the documentation (https://shap.readthedocs.io/en/latest/). Shapely Additive Explanations play a 

crucial role in discerning the contribution of each feature to the model's output. This 

https://shap.readthedocs.io/en/latest/
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understanding enhances the trustworthiness of the model and provides insights into the impact of 

individual features on the assigned class. The ensuing analysis will focus on elucidating the top 

features' contributions to determining the classification results. Furthermore, Shapley values will 

aid in anomaly detection, specifically in identifying features that predominantly consist of 

outliers during the training and evaluation phases of the models. This multifaceted approach 

contributes to a comprehensive interpretation of the model's decision-making processes. 

 

 

Figure 4.5: Shapely plot summary for Apple classification result 

 

In Figure 4.5, it is evident that the predominant features crucial for the classification of activities 

in Apple data are identified. Notably, the feature "corr heart steps" exhibits the most substantial 

influence, particularly on Class 2 (Running 5 METs). Additionally, it is observed that the feature 
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"sd norm heart" holds significant influence over Class 5 (Sitting), and this pattern persists across 

other classes as well. 

 

 

Figure 4.6: Shapely plot summary for Fitbit classification result 

 

Similarly, from Figure 4.6, the feature "distance" is observed to exert the most significant 

influence, particularly on Class 3 (Running 7 METs). Furthermore, it is noted that the feature 

"corr heart steps" holds the most influence over Class 2 (Running 7 METs), and this trend 

extends to other classes as well. 
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4.4 Stack Model for Apple and FitBit  

Stacking, also recognized as "stacked generalization," represents an ensemble machine learning 

technique employed to amalgamate multiple classification or regression models (Brownlee, 

2021; Çodur, 2023). The fundamental concept underlying stacking is to enhance predictive 

performance by harnessing the collective strengths of diverse base models. 

 

 

 

The code snippet above shows that stacking models for the apple data classification performed so 

poorly. 

 

 

 

Similarly, from the code above, the stacking models for Fitbit data classification is slightly better 

that with Apple data. However, the conclusion still remains that single LightGBM model is far 

better than stacking in classification performance. 

4.4 Dashboard Insights  

The dashboard offers a comprehensive comparative analysis between users of Apple Watch and 

Fitbit, unraveling insights across several dimensions. An overview of the dashboard is shown in 

Figure 4.7 below. It is important to note that the dashboard is interactive. Therefore, the 

following insights are generated by interacting with the dashboard. Notably, the data illustrates a 

considerable preference for Apple Watch, with 3,656 individuals (58.37%) opting for this device, 

as opposed to 2,608 (41.63%) who chose Fitbit. This suggests a significant dominance of Apple 

Watch in the user base, implying, albeit weakly, a higher market share. Upon closer examination 

of gender distribution, both devices showcase comparable patterns. Female users slightly 
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outnumber males, with Apple Watch having 1,925 females (52.65%) and 1,731 males (47.34%). 

Similarly, Fitbit reflects 1,925 females (52.65%) and 1,731 males (47.34%). These findings 

indicate a consistent gender distribution across both devices. 

 

 

 

 

 

 

 

Figure 4.7: An overview of the dashboard 

 

The absence of users in the age range of 40 to 45 years stands out as a noteworthy observation in 

the demographic analysis, prompting a closer examination of potential contributing factors. This 

peculiar gap sparks intriguing questions, leading to the exploration of various considerations that 

could elucidate the reasons behind this phenomenon. The absence of users aged 40-45 may 

suggest a deliberate focus on different age groups or possibly a gap in marketing efforts tailored 

to attract individuals within this particular age bracket. Furthermore, differences in preferences 

for wearable technology across age groups become a relevant avenue for exploration. Influenced 
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by factors such as lifestyle, technological affinity, and health consciousness, understanding why 

individuals in the 40-45 age range refrain from utilizing these wearables could provide valuable 

insights. The lack of users in the specified age gap might also be indicative of broader health and 

fitness trends. It raises the possibility that individuals in the 40-45 age range may not be as 

inclined to use commercial wearables for tracking physical activities. A detailed exploration into 

their lifestyle patterns, fitness habits, and health priorities could shed light on whether wearables 

align with their preferences and needs. Patterns of technological adoption within the 40-45 age 

range could also offer valuable insights. Factors such as familiarity with wearable technology, 

comfort with digital devices, and attitudes toward health-tracking tools may play a pivotal role in 

their decision-making process. Investigating the technological behaviours and preferences of 

individuals within this age gap is crucial for understanding their reluctance to embrace 

commercial wearables.  

 

The average physiological metrics, such as heart rate and distance covered, reveal intriguing 

patterns. The collective average heart rate for both devices is 86.14 bpm, suggesting a 

commonality in physiological responses. However, a more detailed exploration of gender-

specific averages unveils subtle distinctions. For instance, male Apple Watch users exhibit an 

average heart rate of 82.81 bpm, whereas male Fitbit users record an average of 86.06 bpm. The 

average distance covered during activities stands at 13.83 meters for both devices, indicating 

parity in this aspect of user engagement. The following detailed exploration of specific activities 

sheds light on diverse user engagement patterns: 

 

a. Lying: 

 Apple Watch users: Average heart rate of 80.31 bpm, distance covered 0.09 km, and 

calories burnt 6.15. 

 Fitbit users: Average heart rate of 78.16 bpm, distance covered 27.24 km, and calories 

burnt 10.28. 

b. Running 3 METs: 

 Apple Watch users: Average heart rate of 86.3 bpm, distance covered 0.06 km, and 

calories burnt 7.57. 
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 Fitbit users: Average heart rate of 83.55 bpm, distance covered 31.95 km, and calories 

burnt 59.17. 

c. Running 5 METs: 

 Apple Watch users: Average heart rate of 98.07 bpm, distance covered 0.08 km, and 

calories burnt 5.72. 

 Fitbit users: Average heart rate of 80.58 bpm, distance covered 33.89 km, and calories 

burnt 67.35. 

d. Running 7 METs: 

 Apple Watch users: Average heart rate of 113.31 bpm, distance covered 0.10 km, and 

calories burnt 2.48. 

 Fitbit users: Average heart rate of 78.73 bpm, distance covered 37.23 km, and calories 

burnt 33.74. 

e. Running Self-Paced Walking: 

 Apple Watch users: Average heart rate of 85.66 bpm, distance covered 0.06 km, and 

calories burnt 7.62. 

 Fitbit users: Average heart rate of 78.05 bpm, distance covered 37.33 km, and calories 

burnt 57.92. 

f. Sitting: 

 Apple Watch users: Average heart rate of 85.66 bpm, distance covered 0.06 km, and 

calories burnt 7.62. 

 Fitbit users: Average heart rate of 76.23 bpm, distance covered 33.13 km, and calories 

burnt 20.50. 
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CHAPTER FIVE 

DISCUSSION AND CONCLUSION 

5.1 Summary of Findings 

This chapter presents the outcomes of the activity classification process and insights derived 

from the dashboard, aligning with the objectives outlined in the study. The focus on comparing 

advanced machine learning models, implementing feature engineering techniques, exploring 

ensemble learning methods, ensuring interpretability, and constructing a comprehensive 

dashboard using Microsoft Power BI is systematically addressed. Cross-validation, an essential 

technique for assessing model performance, was employed through stratified one-holdout cross-

validation. The dataset was partitioned into 80% training data and 20% test data, maintaining 

class distribution across both sets. This process aimed to ensure consistency in the dataset 

splitting, crucial for training and evaluating machine learning models. 

Eight models, including Logistic Regression, Naive Bayes, Decision Tree, Random Forest, 

LightGBM, XGBoost, CatBoost, and Artificial Neural Network (ANN), were utilized to predict 

the likelihood of transaction fraudulence. Evaluation metrics such as Accuracy, F1 Score, Recall, 

Precision, and MCC were employed. Notably, LightGBM emerged as the best-performing model 

for both Apple and Fitbit data. Interpretable machine learning using Shapley values was 

introduced to elucidate the black-box model. Shapley Additive Explanations provided insights 

into feature contributions for both Apple and Fitbit classifications. Top features influencing 

classification outcomes were identified, enhancing the trustworthiness and transparency of the 

models. The stacking of models, aimed at combining diverse models for superior predictive 

performance, was explored. However, results indicated that a single LightGBM model 

outperformed the stacking approach for both Apple and Fitbit classifications.  

The dashboard presented a comparative analysis of Apple Watch and Fitbit users. Apple Watch 

dominated with 58.37% users, while Fitbit accounted for 41.63%. Gender distribution revealed a 

slight female majority for both devices. The average heart rate for both devices was 86.14 bpm. 

Notably, a demographic gap was observed, with no users in the 40-45 age range, prompting 

further exploration. Detailed physiological metrics unveiled insightful patterns. Specific 

activities demonstrated varied user engagement, with notable distinctions between Apple Watch 
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and Fitbit users. For instance, in Running 5 METs, Apple Watch users exhibited an average heart 

rate of 98.07 bpm, while Fitbit users recorded 80.58 bpm. The absence of users in the 40-45 age 

range raised questions about market targeting, user preferences, health trends, and technological 

adoption, requiring further investigation. 

5.2 Discussions 

This study’s findings can be discussed and juxtaposed in the light of several studies that have 

explored similar topics. For instance, Ridgers et al. (2021) conducted a cluster-randomized 

controlled trial to examine the effect of commercial wearables and digital behavior change 

resources on the physical activity of adolescents attending schools in socio-economically 

disadvantaged areas. The study used Fitbit Flex devices and online digital resources delivered via 

Facebook to promote physical activity among the participants. The study found no significant 

differences between the intervention and control groups in terms of accelerometer-derived and 

self-reported physical activity levels immediately post-intervention and at 6-months follow-up. 

The study suggested that commercial wearables alone may not be sufficient to increase physical 

activity levels among youth, especially in socio-economically disadvantaged settings. 

 

Another relevant study is by Bunn et al. (2018), which conducted a systematic review of the 

current state of commercial wearable technology in physical activity monitoring. The study 

evaluated several devices, including Fitbit Flex, for their accuracy and validity in measuring 

biometric information such as steps, heart rate, and caloric expenditure. The study found that 

most devices were reasonably accurate in measuring steps, but less so in measuring heart rate 

and caloric expenditure. The study also noted that device accuracy varied depending on the type 

and intensity of physical activity, as well as individual characteristics such as age, gender, and 

body mass index. The study recommended that users and researchers should be aware of the 

limitations and sources of error in commercial wearable devices and use them with caution. 

 

A third pertinent study is by Melton et al. (2016), which investigated the feasibility and 

effectiveness of using commercial wearable devices and smartphone applications to increase 

physical activity and fitness among college students. The study used a randomized controlled 

trial design to compare the effects of Fitbit Charge 2 devices and MyFitnessPal applications on 
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the participants’ physical activity levels, fitness, and body composition. The study found that 

both interventions resulted in significant increases in physical activity and fitness, as well as 

significant decreases in body fat percentage, compared to the control group. The study also found 

that the Fitbit group had higher adherence and satisfaction rates than the MyFitnessPal group. 

The study concluded that commercial wearable devices and smartphone applications can be 

feasible and effective tools for promoting physical activity and fitness among college students. 

 

In comparing the findings of this study with existing academic research, several key insights and 

methodological approaches can be discussed. This study's emphasis on employing advanced 

machine learning models aligns with the broader trend in predictive analytics research. Various 

studies, such as those by Wang and Jiang (2023) and Kit et al. (2023), have demonstrated the 

efficacy of LightGBM and the importance of selecting appropriate algorithms for specific 

physical activity tasks. These studies provide a broader context and perspective for the current 

study, as they address similar research questions and use similar methods and devices. However, 

they also highlight some of the differences and gaps that the current study attempts to fill. For 

example, the current study focuses on comparing two specific devices, Apple Watch and Fitbit, 

rather than a range of devices. Furthermore, the study by Ridgers et al. (2021), focusing on 

adolescents in socio-economically disadvantaged areas, highlights the potential limitations of 

relying solely on commercial wearables. The lack of significant differences in physical activity 

levels raises questions about the effectiveness of these devices, especially in specific 

demographic contexts. It emphasizes the importance of considering socio-economic factors and 

supplementary interventions for a holistic approach to promoting physical activity among youth. 

 

In conclusion, the identification of LightGBM as the best-performing model with Fitbit data, 

showcasing higher accuracy than Apple watch data, is a noteworthy outcome in the context of 

this study. However, it is essential to approach these findings with a critical perspective, 

acknowledging the influence of contextual variations and contrasting results from other studies. 

Firstly, the generalizability of model performance across different studies can be challenging due 

to variations in data characteristics, participant demographics, and study designs. Models that 

excel in one context may not necessarily perform optimally in another. Therefore, while 

LightGBM may exhibit superior accuracy in this study, it is crucial to recognize that the 
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effectiveness of machine learning models can be highly context-dependent. Moreover, the choice 

of evaluation metrics can impact the perceived performance of a model. Different studies may 

prioritize various metrics such as accuracy, precision, recall, or F1 score based on the specific 

objectives and characteristics of their datasets. Therefore, a model deemed effective in one study 

based on a specific metric might not demonstrate the same level of effectiveness when 

considering alternative evaluation criteria. Comparisons with other studies, especially those 

using different wearable devices or diverse populations, should be approached cautiously. 

Factors such as device-specific features, user behaviors, and health conditions can significantly 

influence the performance of predictive models. Consequently, discrepancies in findings may 

stem from variations in these factors rather than inherent deficiencies in the models themselves. 

The dynamic nature of technology and advancements in machine learning also contribute to the 

evolving landscape of predictive analytics. New algorithms, techniques, and models emerge, 

leading to variations in recommendations across different studies. As technology continues to 

progress, the superiority of certain models may change, and adopting a flexible approach to 

accommodate emerging trends is crucial. 

5.3 Implication of Findings/Recommendation 

Based on these findings and insights, the following recommendations are made to enhance the 

user experience, effectiveness, and market positioning of commercial wearables, specifically 

with regards to Apple Watch and Fitbit. 

 Implement personalized health insights and recommendations based on individual user 

data. These wearables can provide tailored advice for improving health and achieving 

fitness goals by leveraging AI, taking into account gender-specific variations. 

 Fine-tune algorithms and sensors to better capture and analyze data for specific activities. 

This could involve refining heart rate monitoring during different exercises and 

improving distance accuracy to provide users with more precise feedback on their 

performance. 

 Recognizing the gender-specific differences in heart rates and activity preferences, 

consider incorporating features that cater to these variations. This could include tailored 
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workout suggestions, recovery strategies, and health insights designed specifically for 

male and female users. 

 Promote compatibility and interoperability between wearables and other health-related 

devices or applications. This could foster a more holistic approach to health management 

by allowing users to integrate data seamlessly from multiple sources. 

 Collaborate with research institutions and health professionals to further validate the 

accuracy and reliability of the wearables' health-related metrics. This collaboration can 

contribute to the credibility of the devices and their potential integration into healthcare 

practices. 

5.4 Limitation/Future Research 

The following are specific limitations and corresponding areas of future research directions 

based on the findings of this research: 

1. Demographic Representation: The absence of users in the 40-45 age range in the 

dataset poses a limitation in understanding the preferences and behaviours of this 

demographic. The findings may not be generalized to this age group, impacting the 

overall representativeness of the study. Future research can be targeted on the 40-45 age 

group, exploring their preferences, technological adoption patterns, and health trends, 

could provide insights into the reasons behind their absence in the wearable user base. 

2. Wearable Device Dependency: The study focused on Apple Watch and Fitbit data, 

limiting the generalizability of findings to users of other wearable devices. Future 

research should consider a more diverse set of wearables for a comprehensive analysis. 

3. Model Generalization: While the selected machine learning models demonstrated 

efficacy, their generalization to other datasets and contexts may be limited. Assessing 

model performance across various datasets and scenarios is essential for broader 

applicability. Future research can consider this.  

4. Interpretability Challenges: Despite efforts to enhance interpretability using Shapley 

values, the interpretability of complex machine learning models remains a challenge. 
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Future research should explore additional techniques to improve model interpretability 

further. 

5. Data Imbalance: The class distribution in the dataset was not be perfectly balanced, 

potentially impacting the models' ability to generalize well to minority classes. 

Addressing class imbalance and exploring techniques to handle it could improve model 

performance in future research. 

6. Real-Time Monitoring: This study did not explore the potential of real-time monitoring 

using wearable devices. Future research could explore the effectiveness of implementing 

models that are capable of providing instantaneous feedback and personalized 

recommendations based on users' current activities. 
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