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1 Introduction

Due to inter- and intra- individual variability in acute and chronic response at cellular

and organ level (1, 2), individuals receive different health and performance benefits from

exercise procedures (3–6). Individualization can be considered as one important aspect if

optimal health and performance benefits should be achieved by exercise procedures.

Decisions on individualization of aspects of exercise procedures (e.g., exercise intensity

zones) can be performed e.g., based on data obtained by costly, one-time laboratory-

based measurements performed by highly experienced personal. However, such

measurements are available to a limited number of people with the necessary financial

and time resources. To allow more individuals to gain access to individualized exercise

procedures, there is a need for scientifically trustworthy, cost-effective, widely accessible

technologies that even non-professionals can utilize which monitor, store, analyse and

feedback data from individuals to inform decision making.

Due to technological advancements, miniaturization of hardware components such as

e.g., battery, chipsets and sensor technologies allow for the cost-effective creation of

wearable technologies which can monitor (currently with varying reliability and

validity) an increasing number of parameters. Wearable technologies are among the top

fitness trends as revealed by the American Colleague of Sports Medicine since years

(7–10). Software developments allow the creation of advanced and artificial intelligence

(Ai) algorithms which impact numerous aspects of our society (11, 12) including

decision-making on individualization of exercise procedures (13).

Arguably, Ai may enable data processing and decision-making capabilities of more

devices such as e.g., consumer-grade wearable technologies in the future. The hope is

that the combination of consumer-grade wearable technologies which reliably and

validly monitor and store individual data (e.g., heart rate, blood pressure, sleep related
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parameters) with explainable and trustworthy Ai algorithms which

automatize the analyse of such data will improve and maybe even

partly automatize decision-making regarding individualization of

exercise procedures.

The current market for consumer-grade wearable technologies

(which likely already use forms of Ai) is largely unregulated (14).

Products are marketed by companies with the claim to support

monitoring and automatization of decision-making to

individualize aspects of exercise procedures (15, 16). However,

available products differ in data reliability, validity, and data

processing capabilities (17–19). While some products cannot

monitor relevant parameters reliably and validly (17, 19), others

process data automatically and provide guidance for individuals

on how to individualize aspects of exercise. The variability in

available Ai-enabled consumer-grade wearable technologies (Ai-

WT) hinders comparison and selection for individuals seeking a

product that supports or even automatize decision making

regarding individualizing aspects of exercise procedures.

To overcome this problem, a system which helps to classify

Ai-WT is warranted. Similar classification systems were e.g.,

designed for different levels of autonomous driving by the

Society of Automotive Engineers (20) and are currently being

discussed in the medical literature with respect to using artificial

intelligence as an aid in making clinical decisions (21). For

example, the Society of Automotive Engineers states five levels of

autonomous driving, from driver assistance (level 1) such as

lance centering to full driving automation everywhere and in all

conditions (level 5) (20).

Hereinafter, we propose a classification system for consumer-

grade wearable technologies which rely on forms of Ai to

support or even automatize decision-making of individuals with

respect to exercise procedures.

We believe such a classification system holds several benefits,

including e.g., fostering discussions, clear communication using

standardized vocabulary, as well as providing a basis for

frameworks authorities to establish standards and regulations

ensuring consumer-grade Ai-WT are developed, tested, and

operated safely. Additionally, this classification system supports

consumers to make informed decisions about selecting Ai-

enabled consumer-grade wearable technologies regarding

individualization of exercise procedures.
2 Theoretical background of the
classification system—from data to
decision

To create a classification system for Ai-enabled consumer-

grade wearable technologies which aim to support decision-

making of individuals with respect to exercise procedures, it is

imperative to initially comprehend the way decisions can be

derived from data. For this purpose, a model by Wali Van

Lohuizen was developed already in 1986 (22) and recently

introduced in the scientific literature for exercise and training

procedures (23). This model includes six different classes, i.e., (1)

Data, (2) Information, (3) Structured Information, (4) Insights,
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(5) Judgements, (6) Decision. Different operational steps have to

be made to progress to the next class which are explained in

detail elsewhere (24). It was argued that each subsequent class

involves an increase in usability, i.e., lower classes have marginal

use, whereas higher classes have more immediate use for

decision-making with a simultaneous reduction in the risk for

information overload (24).

Based on this model, Ai-enabled consumer-grade wearable

technologies aiming to assist decision-making procedures

regarding individualization of exercise can be classified. As the

class level increases, the technology processes, analyzes, and

interprets more data, leading to greater automation and

potentially reduced human involvement. To derive a functional,

yet simple to use classification system, we combine classes 2 and

3 of the original model of Wali Van Lohuizen. Figure 1 depicts

the classification system graphically.
3 Criteria to classify a technology

All criteria for lower classification must be fulfilled before

higher classification can be considered, e.g., if any of the criteria

for class 2 are violated, the Ai-WT cannot be placed in class 3.
Class 0–no technology at all

In class 0, no Ai-WT is used. The decisions regarding exercise

procedures are either based on (i) no data or (ii) data which is

obtained through means unrelated to Ai-WT e.g., subjective

human ratings.
Class 1–automatization of data collection

To be assigned to Class 1, the Ai-WT must automatize data

collection. Either data is automatically collected around the clock

or in dedicated time periods. Dedicated time periods can be e.g.,

when the Ai-WT automatically detects time periods of interest

(e.g., movement detection), or an individual activates data

collection with minimal effort such as selecting a program on a

smartwatch. Collected data needs to fulfill criteria for reliability

and validity in the specific population and setting of its intended

use. For this purpose, different recommendations are available,

and we refer the reader to these articles (25–29).

Examples for Ai-WT assigned to this class include e.g.,

smartwatches which automatically detect certain exercise

movements such as Burpees or Kettlebell thrusts (30).
Class 2–automatization of data structuring

To be assigned in Class 2, Ai-WT must automatize structuring

of the collected data. Depending on the specific Ai-WT, parameter

and aim, this structuring can be e.g., chronologically in time (e.g., a

time series of a heart rate measurement), accumulated instances
frontiersin.org
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FIGURE 1

Schematic presentation of the proposed classification system for Ai-enabled consumer grade wearable technologies.
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(e.g., number of accumulated steps per day) and/or time

synchronization of different parameters (e.g., synchronization of

steps with heart rate and subjective parameters inserted manually

into the Ai-WT system).

A potential example Ai-WT in this class could be a nowadays

commonly available smartwatch collecting and structuring

numbers of accumulated steps and heart rate over a course of a

day or week.
Class 3–automatization of insights

To be assigned in class 3, structured data needs to be analysed

automatically, e.g., in relation to existing cut-off or threshold

values to derive insights about the data. The cut-off or

threshold values can be strictly defined based on current

literature or determined individually by e.g., deviations from an

individuaĺs “normal” baseline values. Examples for cut-off

values derived from literature e.g., include the cut-off values for

“normal” systolic and diastolic blood pressure established e.g.,

by the European Society of Cardiology and the European

Society of Hypertension (31), and individually determined cut-

offs include e.g., calculations of deviations from an individual

baseline by more than one standard deviation (32). Ai-WT

assigned to this class highlight that a parameter is within or

outside of established thresholds, but do not derive a judgement

about this. An user might use this insight about a parameter

being out of range to elucidate the cause for this deviation and

consequently might be able to derive a judgement and a

decision to lead this parameter back into range.

For example, an Ai-WT might reveal that nightly assessed heart

rate variability measures are out of range for an individual. Since
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there are different factors which affect nighty assessed heart rate

variability, including e.g., food intake (33), training intensity (34),

or room temperature variability (35), it is up to the user to

determine the cause of the particular deviation of nightly

assessed heart rate variability and to make decisions on how to

act in order to bring heart rate variability back into the

individual normal range.
Class 4–automatization of judgements

To be assigned in Class 4, an Ai-WT need to provide a

judgement for altering the exercise procedure based on data in

terms of one or several recommendation(s). The final decision if

or which of these recommendations is executed needs to be

performed by an (experienced) individual. Recommendations

need to be grounded on appropriate theoretical models derived

from peer reviewed scientific literature (including population

observational studies, non-randomized intervention studies and

randomized controlled studies themselves or systematic reviews

or meta-analyses thereof). This literature must confirm that the

provided judgement does not cause harm and is more favourable

to improve exercise procedures than a different judgement

concerning an individual’s exercise.

An Ai-WT could detect that an individual’s nightly heart rate

variability falls outside their usual range. It may also detect that

the individual has increased their training compared to a

previous period. Some evidence suggests that in certain athletic

populations, when an individual’s heart rate variability deviates

from its usual range due to increased training load, a decrease in

training load can enhance certain (sub-)maximal physiological

variables compared to a predefined plan (32). Based on this, the
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Ai-WT may judge reducing the training load. However, the final

decision should be made by an experienced individual, as other

factors can influence HRV measurements. For example, an

overload period might be intentionally planned, such as during a

training camp.
Class 5–automatization of decisions

To be assigned in Class 5, an Ai-WT need to make decisions

about individualization of procedures. No experienced individual

must confirm this decision. Appropriate peer-reviewed scientific

literature (of the same nature as indicated above for Class 4)

must show that the decision made by Ai-WT is relevant to the

specific population and situation, does not cause harm to the

health and/or performance of the individual; and improves the

health and/or performance of the individual at least as much as a

decision that a skilled human would make.
4 Practical utility, limitations and future
perspective

The practical utility of the herein developed classification

system for Ai-WT aiming to individualize aspects of exercise and

training procedures include e.g., fostering discussions, clear

communication using standardized vocabulary as well as

providing a basis for frameworks authorities can use to establish

standards and regulations ensuring consumer-grade wearable

technologies are developed, tested, and operated safely.

Additionally, this classification system empowers consumers to

make informed decisions about selecting Ai-WT regarding

individualization of exercise and training procedures.

Physiological adaptations evoked by exercise procedures are

extremely complex and composed of multiple component

subsystems (from molecular to systemic levels) which interact in

non-linear, non-periodic and non-proportional ways which can

hardly be analysed and interpreted in isolation (36). It requires

an extensive knowledge of the innumerable causal connections

that exist between the components of the system, a knowledge

that is at least questionable to exist today (37). Increasing our

understanding of these causal connections is crucial for decision-

making to individualize exercise procedures, whether these

decisions are made by humans or Ai-WT. Consequently, the

major limitation connected with utilizing Ai-WT to assist or

even automatize decisions for individualize exercise and training

procedures may not be the technological possibilities per se, but

rather the lack of scientific evidence of how to turn data into

evidence-based decision. Therefore, it is also important not to

exaggerate expectations about the role Ai-WT will ultimately play

in evidence-based automatized decision-making regarding

individualized exercise and training procedures. Drawing again

on the analogy of self-driving cars from the introduction of this

article, it is now generally accepted that fully safe autonomy

under all circumstances (e.g., under difficult road conditions) will
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probably never be attained (38). Likewise, complete

automatization and reliance on Ai-WT for evidence-based

decision-making regarding individualizing exercise procedures,

without human oversight and interpretation, seems unlikely (21)

and ethically questionable.
5 Conclusions

Here, we propose a system of 5 levels for classifying Ai-WT for

evidence-based automatized decision-making regarding

individualized exercise and training procedures based on Van

Lohuizen’s model of decision-making. The classification system is

beneficial for the standardization of Van Lohuizen’s vocabulary

for clear communication, provision of a foundation for

regulatory frameworks to ensure appropriate development,

testing, and operation of Ai-WT for exercise procedures.
Author contributions

PD: Conceptualization, Project administration, Writing –

original draft, Writing – review & editing. SR: Writing – review &

editing. H-CH: Writing – review & editing. K-HW: Writing –

review & editing. B-S: Writing – review & editing.
Funding

The author(s) declare financial support was received for the

research, authorship, and/or publication of this article. We

acknowledge support by the Open Access Publication Funds of

Technische Universität Braunschweig.
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.

The author(s) declared that they were an editorial board

member of Frontiers, at the time of submission. This had no

impact on the peer review process and the final decision.
Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed

or endorsed by the publisher.
frontiersin.org

https://doi.org/10.3389/fspor.2024.1500563
https://www.frontiersin.org/journals/sports-and-active-living
https://www.frontiersin.org/


Düking et al. 10.3389/fspor.2024.1500563
1. Peacock OJ, Western MJ, Batterham AM, Stathi A, Standage M, Tapp A, et al. physically active populations. Front Physiol. (2018) 9:743. doi: 10.3389/fphys.2018.
References
Multidimensional individualised physical ACTivity (mi-PACT)–a technology-enabled
intervention to promote physical activity in primary care: study protocol for a
randomised controlled trial. Trials. (2015) 16:381. doi: 10.1186/s13063-015-0892-x

2. Thompson D, Peacock O, Western M, Batterham AM. Multidimensional physical
activity: an opportunity, not a problem. Exerc Sport Sci Rev. (2015) 43(2):67–74.
doi: 10.1249/JES.0000000000000039

3. Kraus WE, Bittner V, Appel L, Blair SN, Church T, Despres JP, et al. The national
physical activity plan: a call to action from the American Heart Association: a science
advisory from the American Heart Association. Circulation. (2015) 131(21):1932–40.
doi: 10.1161/CIR.0000000000000203

4. Kohl HW 3rd, Craig CL, Lambert EV, Inoue S, Alkandari JR, Leetongin G, et al.
The pandemic of physical inactivity: global action for public health. Lancet. (2012)
380(9838):294–305. doi: 10.1016/S0140-6736(12)60898-8

5. Nes BM, Gutvik CR, Lavie CJ, Nauman J, Wisløff U. Personalized activity
intelligence (PAI) for prevention of cardiovascular disease and promotion of physical
activity. J Am J Med. (2017) 130(3):328–36. doi: 10.1016/j.amjmed.2016.09.031

6. Ferguson T, Olds T, Curtis R, Blake H, Crozier AJ, Dankiw K, et al. Effectiveness
of wearable activity trackers to increase physical activity and improve health: a
systematic review of systematic reviews and meta-analyses. Lancet Digit Health.
(2022) 4(8):e615–26. doi: 10.1016/S2589-7500(22)00111-X

7. Thompson WR. Worldwide survey of fitness trends for 2016: 10th anniversary
edition. ACSM Health Fitness J. (2015) 19:9–18. doi: 10.1249/FIT.0000000000000164

8. Thompson WR. Worldwide survey of fitness trends for 2017. ACSM Health
Fitness J. (2016) 20(6):8–17. doi: 10.1249/FIT.0000000000000252

9. Thompson WR. Worldwide survey of fitness trends for 2019. ACSM’s Health
Fitness J. (2018) 22(6):10–7. doi: 10.1249/FIT.0000000000000438

10. Thompson WR. Worldwide survey of fitness trends for 2023. ACSM’s Health
Fitness J. (2023) 27(1):9–18. doi: 10.1249/FIT.0000000000000834

11. Malik P, Pathania M, Rathaur VK. Overview of artificial intelligence in medicine.
J Family Med Prim Care. (2019) 8(7):2328. doi: 10.4103/jfmpc.jfmpc_440_19

12. Malik S, Khan MA, El-Sayed H, Khan J, Ullah O. How do autonomous vehicles
decide? Sensors. (2022) 23(1):317. doi: 10.3390/s23010317

13. Sperlich B, Düking P, Leppich R, Holmberg H-C. Strengths, weaknesses,
opportunities, and threats associated with the application of artificial intelligence in
connection with sport research, coaching, and optimization of athletic performance:
a brief SWOT analysis. Front Sports Act Living. (2023) 5:1258562. doi: 10.3389/
fspor.2023.1258562

14. Sperlich B, Holmberg HC. Wearable, yes, but able…?: it is time for evidence-
based marketing claims!. Br J Sports Med. (2017) 51(16):1240. doi: 10.1136/bjsports-
2016-097295

15. Plews DJ, Scott B, Altini M, Wood M, Kilding AE, Laursen PB. Comparison of
heart-rate-variability recording with smartphone photoplethysmography, polar H7
chest strap, and electrocardiography. Int J Sports Physiol Perform. (2017)
12(10):1324–8. doi: 10.1123/ijspp.2016-0668

16. Achtzehn S, Behringer M, Krüger M, Wahl P, Wahl Y, Broich H, et al. POCT:
Möglichkeiten und Anwendungsbereiche zur athletennahen Sofortdiagnostik im
Hochleistungs-und Spitzensport. LaboratoriumsMedizin. (2017) 41(5):229–37.
doi: 10.1515/labmed-2017-0092

17. Düking P, Hotho A, Holmberg HC, Fuss FK, Sperlich B. Comparison of non-
invasive individual monitoring of the training and health of athletes with
commercially available wearable technologies. Front Physiol. (2016) 7:71. doi: 10.
3389/fphys.2016.00071

18. Wahl Y, Düking P, Droszez A, Wahl P, Mester J. Criterion-Validity of
commercially available physical activity tracker to estimate step count, covered
distance and energy expenditure during sports conditions. Front Physiol. (2017)
8:725. doi: 10.3389/fphys.2017.00725

19. Peake JM, Kerr G, Sullivan JP. A critical review of consumer wearables, mobile
applications, and equipment for providing biofeedback, monitoring stress, and sleep in
Frontiers in Sports and Active Living 05
00743

20. The Society of Autonomeous Engineers. SAE Levels of Driving AutomationTM

Refined for Clarity and International Audience; 2021 (accessed 01.06.20222022)).

21. Topol EJ. High-performance medicine: the convergence of human and artificial
intelligence. Nat Med. (2019) 25(1):44–56. doi: 10.1038/s41591-018-0300-7

22. Wali van Lohuizen CW. Knowledge management and policymaking. Knowledge.
(1986) 8(1):12–38. doi: 10.1177/107554708600800102

23. Schelling X, Robertson S. A development framework for decision support
systems in high-performance sport. Int J Comput Sci Sport. (2020) 19(1):1–23.
doi: 10.2478/ijcss-2020-0001

24. Holsapple CW. Decisions and knowledge. Burstein F, Holsapple CW, editors. In:
Handbook on Decision Support Systems 1. Springer (2008). p. 21–53.

25. Düking P, Fuss FK, Holmberg HC, Sperlich B. Recommendations for assessment
of the reliability, sensitivity, and validity of data provided by wearable sensors designed
for monitoring physical activity. JMIR Mhealth Uhealth. (2018) 6(4):e102. doi: 10.
2196/mhealth.9341

26. Atkinson G, Nevill AM. Statistical methods for assessing measurement error
(reliability) in variables relevant to sports medicine. Sports Med. (1998)
26(4):217–38. doi: 10.2165/00007256-199826040-00002

27. Hopkins WG. Measures of reliability in sports medicine and science. Sports Med.
(2000) 30(1):1–15. doi: 10.2165/00007256-200030010-00001

28. Buchheit M, Al Haddad H, Simpson BM, Palazzi D, Bourdon PC, Di Salvo V,
et al. Monitoring accelerations with GPS in football: time to slow down? Int
J Sports Physiol Perform. (2014) 9(3):442–5. doi: 10.1123/ijspp.2013-0187

29. Currell K, Jeukendrup AE. Validity, reliability and sensitivity of measures of
sporting performance. Sports Med. (2008) 38(4):297–316. doi: 10.2165/
00007256-200838040-00003

30. Soro A, Brunner G, Tanner S, Wattenhofer R. Recognition and repetition
counting for ComplexPhysical exercises with deep learning. Sensors (Basel). (2019)
19(3):1–22. doi: 10.3390/s19030714

31. Williams B, Mancia G, Spiering W, Agabiti Rosei E, Azizi M, Burnier M, et al.
2018 ESC/ESH guidelines for the management of arterial hypertension: the task force
for the management of arterial hypertension of the European Society of Cardiology
and the European society of hypertension: the task force for the management of
arterial hypertension of the European Society of Cardiology and the European
society of hypertension. J Hypertens. (2018) 36(10):1953–2041. doi: 10.1097/HJH.
0000000000001940

32. Düking P, Zinner C, Trabelsi K, Reed JL, Holmberg HC, Kunz P, et al.
Monitoring and adapting endurance training on the basis of heart rate variability
monitored by wearable technologies: a systematic review with meta-analysis. J Sci
Med Sport. (2021) 24(11):1180–92. doi: 10.1016/j.jsams.2021.04.012

33. Yoshizaki T, Tada Y, Hida A, Sunami A, Yokoyama Y, Togo F, et al. Influence of
dietary behavior on the circadian rhythm of the autonomic nervous system as assessed
by heart rate variability. Physiol Behav. (2013) 118:122–8. doi: 10.1016/j.physbeh.2013.
05.010

34. Vesterinen V, Nummela A, Heikura I, Laine T, Hynynen E, Botella J, et al.
Individual endurance training prescription with heart rate variability. Med Sci
Sports Exercise. (2016) 48(7):1347–54. doi: 10.1249/MSS.0000000000000910

35. Tang M, He Y, Zhang X, Li H, Huang C, Wang C, et al. The acute effects of
temperature variability on heart rate variability: a repeated-measure study. Environ
Res. (2021) 194(110655). doi: 10.1002/9781119624547

36. Kiely J. Planning for Physical Performance: The Individual Perspective.
Performance Psychology: A Practitioner’s Guide. Oxford: Elsevier (2011). p. 139–60.

37. Van Regenmortel MH. The rational design of biological complexity: a deceptive
metaphor. Proteomics. (2007) 7(6):965–75. doi: 10.1002/pmic.200600407

38. Shladover SE. The truth about “self-driving” cars. J Sci Am. (2016) 314(6):52–7.
doi: 10.1038/scientificamerican0616-52
frontiersin.org

https://doi.org/10.1186/s13063-�015-�0892-�x
https://doi.org/10.1249/JES.0000000000000039
https://doi.org/10.1161/CIR.0000000000000203
https://doi.org/10.1016/S0140-�6736�(12)�60898-�8
https://doi.org/10.1016/j.amjmed.2016.09.031
https://doi.org/10.1016/S2589-�7500�(22)�00111-�X
https://doi.org/10.1249/FIT.0000000000000164
https://doi.org/10.1249/FIT.0000000000000252
https://doi.org/10.1249/FIT.0000000000000438
https://doi.org/10.1249/FIT.0000000000000834
https://doi.org/10.4103/jfmpc.jfmpc_440_19
https://doi.org/10.3390/s23010317
https://doi.org/10.3389/fspor.2023.1258562
https://doi.org/10.3389/fspor.2023.1258562
https://doi.org/10.1136/bjsports-2016-�097295
https://doi.org/10.1136/bjsports-2016-�097295
https://doi.org/10.1123/ijspp.2016-�0668
https://doi.org/10.1515/labmed-2017-�0092
https://doi.org/10.3389/fphys.2016.00071
https://doi.org/10.3389/fphys.2016.00071
https://doi.org/10.3389/fphys.2017.00725
https://doi.org/10.3389/fphys.2018.00743
https://doi.org/10.3389/fphys.2018.00743
https://doi.org/10.1038/s41591-�018-�0300-�7
https://doi.org/10.1177/107554708600800102
https://doi.org/10.2478/ijcss-2020-�0001
https://doi.org/10.2196/mhealth.9341
https://doi.org/10.2196/mhealth.9341
https://doi.org/10.2165/00007256-�199826040-�00002
https://doi.org/10.2165/00007256-�200030010-�00001
https://doi.org/10.1123/ijspp.2013-�0187
https://doi.org/10.2165/00007256-�200838040-�00003
https://doi.org/10.2165/00007256-�200838040-�00003
https://doi.org/10.3390/s19030714
https://doi.org/10.1097/HJH.0000000000001940
https://doi.org/10.1097/HJH.0000000000001940
https://doi.org/10.1016/j.jsams.2021.04.012
https://doi.org/10.1016/j.physbeh.2013.05.010
https://doi.org/10.1016/j.physbeh.2013.05.010
https://doi.org/10.1249/MSS.0000000000000910
https://doi.org/10.1002/9781119624547
https://doi.org/10.1002/pmic.200600407
https://doi.org/10.1038/scientificamerican0616-�52
https://doi.org/10.3389/fspor.2024.1500563
https://www.frontiersin.org/journals/sports-and-active-living
https://www.frontiersin.org/

	Classification system for Ai-enabled consumer-grade wearable technologies aiming to automatize decision-making about individualization of exercise procedures
	Introduction
	Theoretical background of the classification system—from data to decision
	Criteria to classify a technology
	Class 0–no technology at all
	Class 1–automatization of data collection
	Class 2–automatization of data structuring
	Class 3–automatization of insights
	Class 4–automatization of judgements
	Class 5–automatization of decisions

	Practical utility, limitations and future perspective
	Conclusions
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	References


