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[bookmark: h2]1. Introduction 
The use of wearable technologies in providing health coaching for patients is becoming an imminent application of computing in healthcare. We define a wearable device to be any computing device equipped with the necessary sensors to measure, process, or analyze one or many health indicators for the user wearing it ( 1 ). Wearable devices or “ wearables” range from wristband and smartwatches to chestbands and other textile-based sensors. Health coaching, however, is defined as an ongoing feedback loop between an intelligent system and a user. The feedback is mostly effective to the user when it is based on the context and the environment. The aim of health coaching is to support the user achieve a certain health goal ( 2 ). The potential benefits of harnessing these technologies in the health sector also bring an important share of challenges and questions to be answered. These challenges lie in the responsibility of guaranteeing the precision, reliability, and availability of those health coaching systems for the patients using them. Moreover, the majority of those systems suffer from poor accuracy of their internal machine learning models ( 3 , 4 ). These models are essential as they establish the link between the sensors of the device and the health indicators of the patient. These questions raised and others that surge push the computing research community to adopt different strategies to address these new challenges. International health institutions are responding to those challenges by establishing regulating bodies; two of the United Nations (UN) bodies, mainly the World Health Organization (WHO) and the International Communication Unit (ITU), have reacted to this forthcoming change in healthcare by founding a focus group dedicated to Artificial Intelligence for Health (AI4H) in July, 2018 ( 5 ). The United States Food and Drug Administration (FDA) is also mandating several additional criteria for these wearable devices to qualify as being approved health coaching systems ( 6 ). Among the strategies to enable a more accurate health coaching for patients, one is the referral to algorithm training using health practitioners' expertise ( 2 ). Another strategy consists of using neural networks and other similar classifiers in order to develop wearable devices' enabled health coaching systems ( 7 ). 
In this perspective article, we list and illustrate in details the unique research opportunities along with the future challenges of wearable technologies as enablers to health coaching. This perspective article also aims to propose guidelines for the computing research community working in the healthcare field. These proposed guidelines help develop effective wearable devices dedicated for health coaching. The guidelines and perspectives proposed in the discussion section are concluded from the body of research of several existing biomedical wearable devices used for primary healthcare research ( 8 ). These devices are also approved and granted clearance by the United States Food and Drug Administration (FDA). In order to support the guidelines and perspectives proposed, we provide illustrative examples along with each guideline. 
[bookmark: h3]2. Wearable Devices as Enabling Tools for Health Coaching: Between Challenges and Opportunities 
The use of wearable devices as enabling tools for health coaching poses a myriad of questions. These questions are timely pertinent as the line between computing and healthcare is becoming more and more blurred ( 9 ). The questions that arise concern the effectiveness of these wearable devices in comparison to their clinical counterparts ( 6 ). The effectiveness of the health coaching programs that these devices curate are being under scrutiny when compared to a health coaching program supervised by a healthcare practitioner. Moreover, physical limitations and the inherent wearable device's margin of error in terms of measurements limit the use of these devices in clinical settings ( 2 ). This is due to the small form factor dictated by those devices. In health coaching, accurate measurements are vital for the success of the patient's coaching program. Thus, an inaccurate measurement by the device might cause considerable disturbances to the health coaching program's normal flow. Finally, with all these concerns being at the forefront of the design process, new paradigms ( 2 , 10 – 12 ), design considerations ( 6 , 13 , 14 ), and methodologies ( 15 , 16 ) stimulate, inspire, and advance the field of computing for healthcare. 
2. 1. Challenges for Wearable Devices as Enabling Tools for Health Coaching 
1. Accuracy and precision of the raw data measured through the device's sensors ( 4 ): Wearable devices contribute preponderously toward the continuous monitoring of patients' health indicators. This monitoring is done by the device's sensors. However, this contribution is only beneficial when the devices are overmonitored and recalibrated regularly by health experts. A wearable device that bases its health coaching feedback on uncalibrated erroneous data will certainly mislead the user. In some cases, like for patients with a chronic disease, the consequences may be detrimental, if not lethal to the patient ( 4 , 6 ). 
2. Compatibility with the clinical ecosystem ( 17 ): This refers to the difference in the standards of measuring, processing, and storing the wearable's data. This difference usually exists between the clinical private databases of patients and the wearable device. Compatibility issues of consumer grade wearable devices dedicated for health coaching arise when their design does not account for the basic elements of clinical compliance. Accounting for clinical compliance requires following rigorous FDA regulations and standards ( 3 , 6 ). The process of clinical compliance focuses on guaranteeing unified channels of signal acquisition and transfer across the clinical ecosystem. Examples of wearable health coaching devices that overcame this specific challenge are wearable electrocardiograms (ECGs). Wearable ECGs have a unified standard for sensors manufacturing (Electrodes), as well as a unified standard of measuring, communicating, and transferring the measured ECG across the clinical and non-clinical ecosystems ( 4 , 8 ). 
3. Shortcoming of machine learning models in this domain ( 6 ): Machine learning, in the context of wearable technologies, refers to the use of the collected health indicators' data about the user. These health indicators are used as features in order to design accurate predictive and recommender models to understand the user's health-related trends. Wearable devices dedicated for health coaching follow a computational paradigm where a machine learning model drives the health coaching program. This model continuously analyzes and deduces trends from simple collected health indicators ( 4 , 8 ). Health indicators vary between core body temperature, heart rate, and blood pressure and others. However, these indicators are not specialized and contextualized enough to provide an accurate personalized health coaching programs, especially for a patient with a chronic condition ( 2 , 7 ). 
2. 2. Opportunities for Wearable Devices as Enabling Tools for Health Coaching 
1. Convenient form factor for a high frequency of measurements ( 4 ): By a convenient form factor, we refer to both the ergonomics of the device (e. g., its ease of wearability), as well as its usability (e. g., its ease of use and the possibility of frequent usage). To satisfy the ergonomics aspect, manufacturers opt for a compact form factor. The compact form factor for wearable devices dedicated for health coaching allows both the flexibility and personalization needed for patients to maintain adherence to their health coaching programs ( 2 ). Monitoring patients health indicators through wearable devices opens the possibility for a high frequency of measurements with long time intervals. This allows for a detailed identification of patients health trends. Moreover, the compact form factor of wearable health coaching devices ensures the flexibility of monitoring, guiding, and coaching patients, while they remain in their ambulatory environments, including their residences and their workplaces. This advantages hospitals and health coaches to not be overwhelmed by a surplus of unnecessary patient visits ( 6 ). Furthermore, this aspect diminishes healthcare costs while capitalizing on the patients' convenience by advocating for remote and tele-helthcare ( 2 ). 
2. Personalized care and personalized coaching ( 2 ): The concept of personalized care refers to the possibility of adapting the healthcare program of the users to their individual needs. The ability for wearable devices to timely monitor patients health indicators allows for a uniquely personalized care and coaching to every patient using these wearable devices. Personalized care and coaching includes individualized dietary recommendations ( 18 ), as well as individualized pharmaceutical dosage ( 19 , 20 ) adapted daily to the in situ health situation of the patient. 
3. Efforts to integrate wearable devices in the medical ecosystem ( 21 – 23 ): Active research is being conducted to lay the ground and develop efficient and effective semi-autonomous wearable devices for health coaching patients. Laying the ground for this research requires the satisfaction of both the computational processing needs and the medical research needs. These requirements mainly focus on the full compatibility of the data that the wearable technologies generate with the electronic health records where the data are stored and processed. 
[bookmark: h4]3. Discussion 
Wearable devices dedicated for health coaching promise an improved healthcare system. The advent of this new modality of interaction with patients pushes the research community to design innovative and effective human-wearable interaction modes. Currently, the intersection between computing and healthcare brought unique, specific, and unprecedented requirements. Therefore, the main motivation of this discussion section is to lay the fundamental guidelines to researchers and investigators in both the computational and healthcare fields to achieve a successful conception and development of wearable technologies. As the field of health coaching using wearable technologies is niche, developing computational health solutions for it demands special considerations. 
Following is a compiled list of recommended guidelines for a successful human-wearable interaction design. The proposed list follows a chronological order with reference to the design process. It starts from the conceptualization of the wearable device, and ends with its manufacturing. It is noteworthy that these guidelines follow the process of three distinct ordered compliance themes. These three compliance themes are as follows: Validation compliance (this theme includes guidelines from 1 to 4), measurements compliance (this theme includes guidelines from 5 to 8), and wearability compliance (this theme includes the last three guidelines from 9 to 11). The list is curated from the body of research conducted in the field. 
1. Identify one main important benefit that the wearable device for health coaching brings ( 6 , 24 ): The objective behind developing a wearable device system for health coaching needs to be based on grounded research with an aim to provide benefits to the healthcare sector. The research approach needs to account for the safety of the device. It also needs to take into consideration methodologies for assessing the wearable device's effects on the patient. The device needs to eventually prove a quantified progress in terms of the user's health. 
2. Gather a scientific body of research to advice on the effectiveness of the wearable device ( 4 , 25 ): This allows for providing certainty and credibility to confirm any pre-proposed hypothesis with regard to the feasibility of the design. It also allows to have an early idea about the monitoring capabilities of the device before being developed. 
3. Plan for viable methodologies to validate the wearable health coaching system ( 4 , 6 ): Validating the wearable system includes drafting methodologies for the collection of the patients' data. It also includes drafting measurable metrics to track the wearable system performance. Validating methodologies also needs to guarantee that the ground truth of the wearable device is calibrated appropriately for each user. 
4. Experimenting with different study designs and clinical trials to validate and develop the wearable device ( 4 ): It includes brainstorming as well as using the trial and error methodology to draft a study design/clinical trial as early as in the conceptual design process. This allows for opening the space to discuss the safety of the users involved in the study, the efficacy of the wearable health coaching device, as well as the diversification of subjects involved in the study. Moreover, presenting the study design to an institutional review board provides rich feedback from both the medical and the computing experts. 
5. Account for the clinical compliance of the wearable health coaching device during the design process ( 5 , 26 , 27 ): Accounting for the clinical compliance refers to the process of following the FDA's methodologies (or a similar institution's methodology) for validation. Among the core components of the validation criteria are measurement precision, the performance of the device in different clinical and non-clinical settings, and its compatibility with the clinical workflows and ecosystems. 
6. Account for including transducer sensors: This helps in enhancing the reliability of the wearable device's measurements of the patient's biomedical metrics ( 6 ). Transducer sensors refer to sensors that are able to convert variations of physical quantities, like brightness or pressure into an electrical signal for digital data processing. These sensors are essential in the precision of taking ECGs for example. 
7. Bridge the gap between the raw data collected by the wearable device sensors and the wearable device output interface ( 28 ): This is done by developing analytical methodologies that process and analyze the collected health indicators' data. These analytical methodologies then use machine learning models and established medical ground truths to cross-validate the user's data with the medical recommendations. The analytical models most often need to work in the background to hide the complexities of the system from the user. 
8. Periodically evaluate the wearable device's system performance ( 5 , 26 , 27 ): Evaluation of the wearable device's performance is done using pre-set metrics during the design process. Evaluation is also done with reference to the health experts' recommended ground truths, cross-validation methods, as well as the recommended confidence intervals for each periodic evaluation. These evaluation methodologies eventually contribute toward the credibility and quality assurance of the wearable device. 
9. Guaranteeing the possibility for both the continuous and episodic monitoring for the patient's health indicators ( 15 ): This ensures that the wearable health coaching device is compliant to different segments of patients, as well as to different health coaching needs. While some chronic diseases require a continuous monitoring for the patient's health indicators, other chronic diseases require periodic monitoring. To illustrate this, heart rhythm irregularities require a continuous monitoring of the heart rhythm due to the fact that these irregularities happen infrequently and abruptly ( 4 , 6 ). However, for diabetes monitoring there is no need for a continuous monitoring as the glucose concentration in the blood needs hours to vary significantly. 
10. Develop active and adaptive notification mechanisms for when the wearable device's system fails ( 4 , 29 ): System failures stem from different sources. It is therefore valuable to inform the user about the source or the reason of the failure. This allows the user to understand from where to proceed in order to address that system failure. Conventional ECG systems apply this guideline in order to help users take correct ECGs. For example, the “ lead-off” notification in medical ECG machines notifies the medical technician who is taking the ECG to check if all the 12 leads are placed properly on the patient's body. Moreover, other types of notifications are incorporated after ECG recording like the beats and voltage intervals calculation notifications. These calculation notifications are the results of the medical experts advising the system on the gold standards of a healthy person's heart rate with respect to the heart rate of the patient. 
11. Ensure the privacy of the user and the security of the wearable health coaching system ( 30 ): Wearable devices dedicated for health coaching patients face both the challenge of ensuring the privacy of the patient, as well as the challenge of the security of the data that is constantly generated by the device. Moreover, wearable device face an inherent cybersecurity weakness as they need to constantly transfer the data they generate to a master controlling device (either a smartphone or a service provider server) ( 31 ). Instructions and guidelines on how to safeguard the privacy of the patient and the security of the wearable health coaching device are highlighted in the requirements of the Health Insurance Portability and Accountability Act ( 32 ). 
[bookmark: h5]4. Conclusion 
4. 1. Concluding Remarks 
Throughout this perspective article, we have discussed the challenges and hurdles facing research in computing for healthcare. We have focused the discussion on the challenges facing the use of wearable devices for health coaching specifically. These challenges are unique to this emerging research area. Wearable devices for health coaching bring numerous novel research questions, and yet also bring answers to some previously raised concerns. Among these challenges are the challenge of privacy, precision of sensors measurements, and the challenge of compatibility with medical ecosystems. 
Along with these challenges, considerable responsibilities await the research community. These responsibilities are unique to the field of computing in healthcare. Health coaching is an extremely sensitive field that impacts directly the lives of patients, whereby the cost of an error might be detrimental to the patient's life. This article attempted to prove that for each major challenge, several novel opportunities direct this new research field. Thus, we have discussed the forthcoming opportunities in healthcare with the advent and affordability wearable devices for health coaching. As these are becoming more and more an integral aspect of patients' daily life, the medical and computing research communities are finding innovative ways in order to harness this source of data. So far, these research efforts culminated in the design of wearable devices that have a form factor compelling for a convenient high frequency measurements. Moreover, wearable devices are leading the way toward a personalized care and personalized health coaching. The essence of personalized care is focused around internal machine learning models that curate a personalized health coaching programs for each patient using the device. 
In the discussion section, this perspective article summarized, in the form of research best practice recommendations, the research process needed to validate the development of a wearable device for health coaching. These research best practice traverse the whole journey starting from the design of the health coaching device until its end development. 
4. 2. Future Directions 
The pressing global demand for improving the quality, availability, and affordability of healthcare will unavoidably require a continuously precise and detailed monitoring of patients using wearable devices for health coaching. Wearable technology holds immense potential in the near future for being able to flatten the cost curve of healthcare. The research field of computing in healthcare has the potential to guide the clinical evolution in how healthcare is delivered in the near future. The richness of collected data because of different compact ubiquitous computing modalities, which are affordable and available to large segments of the population, will stimulate prompt timely diagnosis. It will also unveil hidden emergency events in patients' health. Computing in healthcare will also encourage the development of novel artificial intelligence models suitable for wearable devices. These artificial intelligence models will be key initiators in the management and prediction of variances in the patient's health. Finally, this evolution in healthcare will certainly involve an increasing number of researchers in different fields to create an interdisciplinary community focusing its research efforts in developing solutions for wearable devices for health coaching. 
[bookmark: h6]Author Contributions 
MT and DA-T contributed the conception and brainstorming of the article. MT organized the structure of the article and wrote the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version. 
[bookmark: h7]Conflict of Interest 
The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest. 
[bookmark: h8]References 
[bookmark: B1]1. Sqalli MT, Al-Thani D. Towards an integrated health and wellness program using human-IoT interaction. In: 2020 IEEE International Conference on Informatics, IoT, and Enabling Technologies (ICIoT) Doha: IEEE (2020). doi: 10. 1109/ICIoT48696. 2020. 9089538 
CrossRef Full Text | Google Scholar 
[bookmark: B2]2. Sqalli MT, Al-Thani D. AI-supported health coaching model for patients with chronic diseases. In: 2019 16th International Symposium on Wireless Communication Systems (ISWCS) Oulu: IEEE (2019). doi: 10. 1109/ISWCS. 2019. 8877113 
CrossRef Full Text | Google Scholar 
[bookmark: B3]3. Inkpen K, Chancellor S, Choudhury MD, Veale M, Baumer EPS. Where is the human? In: Extended Abstracts of the 2019 Conference on Human Factors in Computing Systems CHI–EA 19 Glasgow, UK: ACM Press (2019). doi: 10. 1145/3290607. 3299002 
CrossRef Full Text | Google Scholar 
[bookmark: B4]4. Turakhia MP, Desai M, Hedlin H, Rajmane A, Talati N, Ferris T, et al. Rationale and design of a large-scale, app-based study to identify cardiac arrhythmias using a smartwatch: the apple heart study. Am Heart J . (2019) 207: 66–75. doi: 10. 1016/j. ahj. 2018. 09. 002 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B5]5. Wiegand T, Krishnamurthy R, Kuglitsch M, Lee N, Pujari S, Salathé M, et al. WHO and ITU establish benchmarking process for artificial intelligence in health. Lancet . (2019) 394: 9–11. doi: 10. 1016/S0140-6736(19)30762-7 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B6]6. Mahajan A, Pottie G, Kaiser W. Transformation in healthcare by wearable devices for diagnostics and guidance of treatment. ACM Trans Comput Healthc . (2020) 1: 1–12. doi: 10. 1145/3361561 
CrossRef Full Text | Google Scholar 
[bookmark: B7]7. Adadi A, Berrada, M. Peeking inside the black-box: a survey on explainable artificial intelligence (XAI). IEEE Access. (2018) 6: 52138–60. doi: 10. 1109/ACCESS. 2018. 2870052 
CrossRef Full Text | Google Scholar 
[bookmark: B8]8. Meyer J, Kay J, Epstein DA, Eslambolchilar P, Tang LM. A life of data: characteristics and challenges of very long term self-tracking for health and wellness. ACM Trans Comput Healthc . (2020) 1: 1–4. doi: 10. 1145/3373719 
CrossRef Full Text | Google Scholar 
[bookmark: B9]9. Koh H, Tan G. Data mining applications in healthcare. J Healthc Inform Manag . (2005) 19: 64–72. 
PubMed Abstract | Google Scholar 
[bookmark: B10]10. Nunes F, Verdezoto N, Fitzpatrick G, Kyng M, Grönvall E, Storni C. Self-care technologies in HCI: trends, tensions, and opportunities. ACM Trans Comput Hum Interact . (2015) 22: 1–45. doi: 10. 1145/2803173 
CrossRef Full Text | Google Scholar 
[bookmark: B11]11. Geuens J, Swinnen TW, Westhovens R, de Vlam K, Geurts L, Abeele VV. A review of persuasive principles in mobile apps for chronic arthritis patients: opportunities for improvement. JMIR mHealth uHealth . (2016) 4: e118. doi: 10. 2196/mhealth. 6286 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B12]12. Nunes F, Fitzpatrick G. Understanding the mundane nature of self-care: ethnographic accounts of people living with Parkinson's. In: Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems–CHI '18 Montreal, QC: ACM Press (2018). doi: 10. 1145/3173574. 3173976 
CrossRef Full Text | Google Scholar 
[bookmark: B13]13. Nunes F. Designing self-care technologies for everyday life: a practice approach. In: Proceedings of the 33rd Annual ACM Conference Extended Abstracts on Human Factors in Computing Systems–CHI EA '15 Seoul: ACM Press (2015). doi: 10. 1145/2702613. 2702624 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B14]14. Amershi S, Inkpen K, Teevan J, Kikin-Gil R, Horvitz E, Weld D, et al. Guidelines for human-AI interaction. In: Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems–CHI '19 Glasgow, UK: ACM Press (2019). doi: 10. 1145/3290605. 3300233 
CrossRef Full Text | Google Scholar 
[bookmark: B15]15. Moore JO. Technology-supported apprenticeship in the management of chronic disease (Ph. D. thesis), Harvard University, Cambridge, MA, United States (2014). 
Google Scholar 
[bookmark: B16]16. Ayobi A, Marshall P, Cox AL, Chen Y. Quantifying the body and caring for the mind. In: Proceedings of the 2017 CHI Conference on Human Factors in Computing Systems–CHI '17 Denver: ACM Press (2017). doi: 10. 1145/3025453. 3025869 
CrossRef Full Text | Google Scholar 
[bookmark: B17]17. Steinhubl SR, Waalen J, Edwards AM, Ariniello LM, Mehta RR, Ebner GS, et al. Effect of a home-based wearable continuous ECG monitoring patch on detection of undiagnosed atrial fibrillation. JAMA . (2018) 320: 146. doi: 10. 1001/jama. 2018. 8102 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B18]18. Bez M, Simini F. Wearable devices and medical monitoring robot software to reduce costs and increase quality of care. In: 2018 International Conference on Advances in Computing, Communications and Informatics (ICACCI) Bangalore: IEEE (2018). doi: 10. 1109/ICACCI. 2018. 8554646 
CrossRef Full Text | Google Scholar 
[bookmark: B19]19. Sloane EB, Wickramasinghe N, Goldberg S. Cloud-based diabetes coaching platform for diabetes management. In: 2016 IEEE-EMBS International Conference on Biomedical and Health Informatics (BHI) Las Vegas: IEEE (2016). doi: 10. 1109/BHI. 2016. 7455972 
CrossRef Full Text | Google Scholar 
[bookmark: B20]20. Hoof CV. The virtual personal health coach: technology and data analytics join forces to disrupt preventive health. In: 2017 7th IEEE International Workshop on Advances in Sensors and Interfaces (IWASI) , IEEE (2017). 
Google Scholar 
[bookmark: B21]21. Denecke K, Gabarron E, Grainger R, Konstantinidis ST, Lau A, Rivera-Romero O, et al. Artificial intelligence for participatory health: applications, impact, and future implications. Yearb Med Inform . (2019) 28: 165–73. doi: 10. 1055/s-0039-1677902 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B22]22. Fernandez-Luque L, Aupetit M, Palotti J, Singh M, Fadlelbari A, Baggag A, et al. Health lifestyle data-driven applications using pervasive computing. In: Househ M, Kushniruk AW, Borycki EM. editors. Big Data, Big Challenges: A Healthcare Perspective . Doha; Victoria, BC: Springer International Publishing (2019). p. 115–126. doi: 10. 1007/978-3-030-06109-8_10 
CrossRef Full Text | Google Scholar 
[bookmark: B23]23. Al-Thani D, Monteiro S, Tamil LS. Design for eHealth and telehealth. In: Sethumadhavan A, Sasangohar F. editors. Design for Health . Redmond, WA; College Station, TX: Elsevier (2020). p. 67–86. doi: 10. 1016/B978-0-12-816427-3. 00004-X 
CrossRef Full Text | Google Scholar 
[bookmark: B24]24. Swan M. Emerging patient-driven health care models: an examination of health social networks, consumer personalized medicine and quantified self-tracking. Int J Environ Res Public Health . (2009) 6: 492–525. doi: 10. 3390/ijerph6020492 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B25]25. Marvel FA, Wang J, Martin SS. Digital health innovation: a toolkit to navigate from concept to clinical testing. JMIR Cardio . (2018) 2: e2. doi: 10. 2196/cardio. 7586 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B26]26. Ledger D. Inside Wearables–Part 2 a Look at the Uncertain Future of Smart Wearable Devices, and Five Industry Developments That Will Be Necessary for Meaningful Mass Market Adoption and Sustained Engagement . Endeavour Partners (2014). 
[bookmark: B27]27. U. S. Food and Drug Administration. Consumers (Medical Devices) . Washington, DC: U. S. Food and Drug Administration (2019). 
[bookmark: B28]28. Alber M, Tepole AB, Cannon WR, De S, Dura-Bernal S, Garikipati K, et al. Integrating machine learning and multiscale modeling—perspectives, challenges, and opportunities in the biological, biomedical, and behavioral sciences. NPJ Digit Med . (2019) 2: 115. doi: 10. 1038/s41746-019-0193-y 
PubMed Abstract | CrossRef Full Text 
[bookmark: B29]29. Davies A, Scott A. Starting to Read ECGs: A Comprehensive Guide to Theory and Practice . London: Springer London (2015). 
Google Scholar 
[bookmark: B30]30. Wilbanks JT, Topol EJ. Stop the privatization of health data. Nature . (2016) 535: 345–58. doi: 10. 1038/535345a 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B31]31. Gostin LO, Halabi SF, Wilson K. Health data and privacy in the digital era. JAMA . (2018) 320: 233. doi: 10. 1001/jama. 2018. 8374 
PubMed Abstract | CrossRef Full Text | Google Scholar 
[bookmark: B32]32. U. S. Department of Health and Human Services. Health Insurance Portability and Accountability Act of 1996 . Washington, DC: U. S. Department of Health and Human Services (1996). 
Google Scholar 
https://assignbuster.com/evolution-of-wearable-devices-in-health-coaching-challenges-and-opportunities/
image1.png




image2.png
Q ASSIGN

BUSTER




