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Abstract
Methods to measure physical activity and sedentary behaviors typically quantify the amount of time devoted to these activities.
Among patients with chronic diseases, these methods can provide interesting behavioral information, but generally do not capture
detailed body motion and fine movement behaviors. Fine detection of motion may provide additional information about functional
decline that is of clinical interest in chronic diseases. This perspective paper highlights the need for more developed and sophisticated
tools to better identify and track the decomposition, structuration, and sequencing of the daily movements of humans. The primary
goal is to provide a reliable and useful clinical diagnostic and predictive indicator of the stage and evolution of chronic diseases,
in order to prevent related comorbidities and complications among patients.
(J Med Internet Res 2022;24(1):e32362) doi: 10.2196/32362
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Introduction
The alarming increases in physical inactivity and sedentary
behaviors that accompanied societal development have favored
the progression of chronic diseases. More patients now require
ongoing medical attention and have limitations on activities of
daily living, leading to reductions in life expectancy and health
span [1]. Public health recommendations today advocate for
the adoption of a minimal amount of moderate-to-vigorous
physical activity (MVPA) each day, with a limited time devoted
to sedentary activities (eg, daily sitting and screen time) [2].
While scientific societies and public health agencies long
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focused on the promotion of physical activity (PA), they also
now include sedentary guidelines for overall health, with
sedentary time independent of an individual’s PA level [2].
According to Ekelund et al, 65 minutes per day of MVPA may
be required to counteract the negative effects of 6 to 7 hours of
daily sitting time on overall health [3]. These results clearly
highlight the need for the joint promotion of both PA and
reduced sedentary time. While these epidemiological results
and associated recommendations are based on the general
population, data regarding the relationship between the
PA/sedentary profile of patients with chronic diseases and the
bidirectional associations with disease progression and
comorbidity are insufficient.
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Methods to measure PA and sedentary behaviors typically
quantify the amount of time devoted to these activities,
estimating their intensity and frequency. Estimates of energetic
costs (in metabolic equivalents of task [METs]) and energy
expenditure are also available from most methods. The large
majority of tools and technologies (eg, interviews,
questionnaires, and wearable devices) that are available for
tracking PA/sedentary behavior use these metrics. There are
numerous reports of the validity and reliability/reproducibility
of these tools among patients with various diseases, but the
results are relatively poor to modest [4-6]. Well-conducted
reviews (with systematic and meta-analytic approaches) have
discussed in detail the inherent methodological limitations of
the tools and devices commonly used to assess PA and sedentary
behavior [7-9].
Moreover, quantifying PA and sedentary behavior among
patients with chronic diseases can provide interesting behavioral
information, but generally does not capture detailed and fine
motions. Fine detection of motion may provide additional
information about functional decline that is of clinical interest
in chronic diseases. Of interest is the identification and tracking
of the decomposition, structuration, and sequencing of humans’
daily movements (meaning here the identification of the
involved limbs, their respective contribution, and the temporal
order of implication), above the simple quantification of PA
and sedentary behavior. These metrics could provide a reliable
and useful clinical diagnostic and predictive indicator (as an
early sign) of the stage and evolution of chronic diseases and
related comorbidities and complications. In the longer term,
advancement in this direction could potentially influence
treatment strategies (posology, timing/chronobiology, and nature
of the treatment).

Body Movements’ Decomposition Above
PA and Sedentary Behavior
Quantification
A better evaluation or capture of an individual’s singular motion
pattern or movement construction, from a musculoskeletal point
of view, may allow practitioners to anticipate or track the
evolution of some chronic diseases. In their recent work,
Chevance et al proposed such an approach, showing that the
anticipation and detection of the early signs of individuals’
movement changes, as an indicator of subsequent critical
functional gain or loss, need to be considered as “early warning
signals for sudden behavioral changes” [10]. Beyond PA and
overall human movements themselves, early findings suggest
that sudden gain or loss in complex systems could be predicted
through early warning signals [11,12], such as slight changes
or fluctuations in human motion and movement patterns. On
application to movement behaviors, the early anticipation of
imminent body motion disruption or early detection of the first
signs of fluctuations might represent a potentially reliable signal
for delivering “just-in-time” interventions [13]. In that sense,
Chevance et al observed that in adults with obesity, fluctuations
in walking patterns were associated with the subsequent
occurrence of behavioral losses in the following days, clearly
demonstrating the need to develop new accessible methods to
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properly detect such early signals [10]. This need is clearly
illustrated by high-quality clinical studies.

Clinical Evidence
Krieger et al, for instance, clearly noted the need to better
identify subprocesses of movement execution in patients with
schizophrenia, also highlighting that some neuroleptic treatments
have negative side effects such as the slowing of motor
execution [14]. The slowing of movement is nonperceptible
and not captured with available activity trackers. Obesity has
also been shown to affect patients’ body motion and movement
patterns, limiting their upper body range of motion during daily
activities [15] or patterns of gait through mediolateral
adaptations of their gravity center [16]. Once more, while this
remains difficult to track in free-living conditions, the evolution
of such movement patterns could be of great interest in the
clinical care of these patients. In their work, Oubre et al also
underlined that movement decomposition captures the core
features of ataxia and may be useful for objective, precise, and
frequent assessment of ataxia in home and clinic environments
[17]. While not exhaustive, these examples clearly point out
the urgent need to develop new strategies and tools to better
track and catch the fine-grained evolution of patients’ body
movements in addition to the quantification of habitual PA and
sedentary time.

Need for New Technologies
Importantly, such a fine-grained clinical exploration of daily
motion does not negate the utility and interest for the activity
trackers developed to date, but calls for a new and deeper
integration and understanding of their signals and sensing
capabilities. Commercialized trackers have shown satisfactory
acceptability in capturing the daily routine of individuals. We
should build on this platform, developing more complex and
sophisticated algorithms to better identify and refine human
movement patterns [18]. Such a process has been initiated
through the development of human activity recognition (HAR)
that uses wearable motion sensors, for which a high level of
accuracy in predicting activities has been reported [19,20]. These
sensors and algorithms have been shown to be valid and reliable
among healthy individuals, but lack sensitivity to properly
classify human movement in clinical patients, particularly
patients presenting motor and gait impairments [9,21]. Moving
forward, there is a need to optimize and validate these existing
algorithms among patients with chronic diseases [5]. Previously
published studies have shown that the validity of existing
algorithms to discriminate sedentary behavior from standing
and dynamic body behaviors and activities varies and mainly
relies on explorations with reduced sample sizes [6,22-29].
While van Dijk-Huisman et al recently proposed an optimized
PA classification based on signals from classical accelerometers
that reliably classify sedentary and dynamic activities and detect
postural transition among hospitalized patients [30], these
approaches need to be developed for free-living conditions.
Teams of clinicians and engineers should collaborate on
technological innovations in measurement tools to fit patient
characteristics and treatment plan needs.
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Perspectives and New Technological
Challenges
The vast majority of publications and commercial activity
tracking solutions rely on the recognition of less than 10
activities (walking, climbing stairs, cycling, etc) [31]. This
semantic description does not reflect the fine movements that
would be informative in clinical settings. Moreover, they mainly
focus on movements that are less typical in day-to-day life (eg,
sports activity sessions), and do not capture the whole spectrum
of nonexercise activities and finer motions that characterize our
contemporary sedentary lifestyle. Understanding the quality
(speed and trajectory) of fine movements, as well as the
alteration or improvement in movement sequencing or
frequency, would be more informative for describing the onset
and progression of chronic diseases.
Several challenges are therefore identified and need to be
addressed. First, it will be necessary for sensor devices to meet
the following requirements: (1) avoid commercial devices or
algorithms that do not retain data in the event of very little
movement, as these are precisely the phenotypes we are
interested in; (2) assume an autonomy of the order of 1 week,
to make realistic the use of the device within the framework of
a follow-up at home for patients, by ensuring the capture and
the treatment of the signals at a frequency of the order of 50
Hz; (3) use sensors at multiple locations on the body in order
to significantly capture fine movements related to sedentary
behaviors and activities of daily living; and (4) have sensors
with representative measurements (such as an accelerometer
and gyroscope). The use of very lightweight neural networks,
which work on a network personalization approach to customize
the training to each patient, seems to be the most promising
approach to date.
One of the primary approaches to reduce the energy cost of
storing and transmitting data from sensors will be to move the
data processing as close as possible to the sensors. In particular,
we plan to use tools, such as Tensorflow light, to embed this
processing in low-energy sensor devices (much lower than the
power of a smartphone, for example). This will involve
designing deep neural networks that take into account this
distributed computation, where only partial data will come back
from each device in order to finish the processing. We also plan
to propose unconnected devices, in order to minimize the
electronic complexity of the devices, with the transmission
taking place over a wired connection when the devices are
recharged. The charging and final data collection device could
be integrated into a smart home-type environment, which would
be a favorable and ecological solution, with little modification
to the habits and facilities of the patients who will be equipped.
Such an approach would first need to define and validate a
representative taxonomy of activities, from a musculoskeletal
point of view, which could be integrated into a reliable and
elaborate processing chain. The first approach would rely on a
hierarchical taxonomy able to deeply detail the structure,
substructure, and finesse of the detected semantics, and to
identify and recognize any potential improvement or degradation
linked with the evolution of the pathology.
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Discussion: The E-Mob Project
In the above context and as part of the 2020-2025 scientific
priorities that include “Human Mobility and Health” (I-site CAP
20-25, third challenge), the University Clermont Auvergne
(Clermont-Ferrand, France) gathered an interdisciplinary group
of experts (composed of physicians, physiologists,
methodologists, biostatisticians, experts in energy metabolism,
as well as computer scientists and developers) with the objective
to elaborate and conduct a whole research program (the E-Mob
project) aiming at (1) improving our technological abilities to
precisely and accurately identify fine human body movements
that might be relevant and informative when it comes to chronic
diseases and (2) determining potential specific “digital
movement signatures” that could help predict and follow the
evolution of some chronic diseases and serve as a reliable
connected support when it comes to treatment strategies.
Briefly, the main idea of the E-Mob project is to propose the
integration of the evaluation of detailed and fine human motions
as a real clinical indicator. In that sense, we aimed at developing
an in-clinic high-resolution human motion setting to perform
regular deep and fine evaluation of patient mobility, and to
develop an original sensor device and a dedicated algorithmic
process to regularly assess body motion while engaged in PA
and sedentary behavior in free-living conditions. The results
obtained during this free-living evaluation would be directly
uploaded from home to the data center to be analyzed and would
help the clinical staff (physicians and physiotherapists, as well
as nurses who are most of the time the first interlocutor of
patients) determine whether the evolution of the activity pattern
of the patient is an early warning signal of disease.
The E-Mob project will then develop new personalized HAR
algorithms using artificial intelligence and machine learning,
which will permit, from accelerometer signals, a qualitative
analysis including the executive realization of movement and
the identification of a pattern of activity. These algorithms
should be personalized and should consider activities of very
low intensity, the movement itself (function and performance),
its sequence, breaks in sedentary behavior, and specificities to
the underlying disease. Ultimately, this project aims to develop
a continuous e-strategy to improve our personalized medicine
approach. The need for such an approach based on daily human
motion as a crucial early clinical indicator, has been emphasized
during the COVID-19 pandemic, with clear links between the
reduction of healthy movement behaviors and the progression
of diseases, particularly metabolic and mental ones.
Phase 1 of the project will rely on the identification of specific
signals from activity trackers, using a preliminary experiment
asking healthy adult individuals to perform preselected and
determined movements. This first phase will allow us to isolate
the exact signals corresponding to the substages of these
movements. From there, new algorithms will be developed in
Phase 2. As a 2-step individualization process (Phase 3), these
new algorithms will then be tested and trained to the specificities
of several chronic diseases and to individual patients in order
to identify a digital signature predictive of the state and course
of the diseases. We will also capture the development of
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multimorbidity, focused on the trajectory of each pathology and
of each patient. These evaluations will then be replicated during
a 4-year longitudinal study. These cohorts will include patients
with inflammatory rheumatic diseases (rheumatoid arthritis and
spondyloarthritis), and knee and hip osteoarthritis, as well as

Thivel et al
patients with chronic pain, obesity, type 2 diabetes, chronic
obstructive pulmonary disease, major depressive disorders,
bipolar disorders, and other mental health conditions. Figure 1
illustrates the steps of the E-Mob project.

Figure 1. Schematic flow chart of the E-Mob project from Phase 1 (detailed identification of signals from different trackers, specific to predetermined
body movements) to Phase 2 (training of the deep neural network) and then Phase 3 (2-step individualization process).

Clinical Implications
There is a clear transition toward the development of more
personalized medicine and individualized care, with an essential
role for adapted e-technologies. The gross and fine tracking of
body motions and the characteristics of these movement patterns
over time will have direct clinical implications. The E-Mob
solution will allow for the early detection of abnormal movement
patterns and fine motions, and allow for targeted care strategies
to minimize disease progression. This approach should favor
the anticipation of clinical complications and prevent the loss
of autonomy or the increased risk of falls associated with chronic
diseases. In addition, it may help address the viscous circle of
inactivity, isolation, or a hypotonic state in patients with mental
and psychological disorders.
This fine tracking of our patients’ daily movements might not
only provide information regarding the degradation of their
clinical condition but also help evaluate the effect of treatment.
Overall, these approaches could aid in decisions regarding
clinical care and intervention. Adapted PA programs and

therapeutic education have been shown to be appropriate and
necessary for most chronic diseases. More finely identifying
each patient’s physical limitations, weaknesses, and needs will
help practitioners (physiotherapists, adapted educators, and
nurses) directly tailor PA prescriptions. Self-monitoring has a
positive impact on movement behaviors in both healthy
individuals and those with chronic diseases, leading to increased
PA and reduced sedentary time, which can translate to long-term
beneficial effects.

Conclusion
Clinical care teams today rely more on e-technologies to develop
and improve individualized and personalized medicine. The
E-Mob project proposes to integrate such technologies in not
only the short-term treatment of patients but also daily life and
routine. This approach would allow practitioners to anticipate
any evolution of chronic conditions, particularly using premature
detection of abnormal fine body motions as an early clinical
indicator to consider in care.

Acknowledgments
The authors thank the I-Site project of Clermont Auvergne University for supporting the E-Mob project.

Conflicts of Interest
None declared.

References
1.

Min C, Yoo DM, Wee JH, Lee H, Byun SH, Choi HG. Mortality and cause of death in physical activity and insufficient
physical activity participants: a longitudinal follow-up study using a national health screening cohort. BMC Public Health
2020 Sep 29;20(1):1469 [FREE Full text] [doi: 10.1186/s12889-020-09564-x] [Medline: 32993602]

https://www.jmir.org/2022/1/e32362

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e32362 | p. 4
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
2.

3.

4.

5.
6.
7.

8.

9.

10.

11.
12.
13.

14.
15.
16.

17.

18.

19.

20.
21.
22.

23.
24.

Bull FC, Al-Ansari SS, Biddle S, Borodulin K, Buman MP, Cardon G, et al. World Health Organization 2020 guidelines
on physical activity and sedentary behaviour. Br J Sports Med 2020 Dec 25;54(24):1451-1462 [FREE Full text] [doi:
10.1136/bjsports-2020-102955] [Medline: 33239350]
Ekelund U, Tarp J, Steene-Johannessen J, Hansen BH, Jefferis B, Fagerland MW, et al. Dose-response associations between
accelerometry measured physical activity and sedentary time and all cause mortality: systematic review and harmonised
meta-analysis. BMJ 2019 Aug 21;366:l4570 [FREE Full text] [doi: 10.1136/bmj.l4570] [Medline: 31434697]
Fazio S, Stocking J, Kuhn B, Doroy A, Blackmon E, Young HM, et al. How much do hospitalized adults move? A systematic
review and meta-analysis. Appl Nurs Res 2020 Feb;51:151189 [FREE Full text] [doi: 10.1016/j.apnr.2019.151189] [Medline:
31672262]
Lim SER, Ibrahim K, Sayer AA, Roberts HC. Assessment of Physical Activity of Hospitalised Older Adults: A Systematic
Review. J Nutr Health Aging 2018 May 19;22(3):377-386. [doi: 10.1007/s12603-017-0931-2] [Medline: 29484351]
Ainsworth B, Cahalin L, Buman M, Ross R. The current state of physical activity assessment tools. Prog Cardiovasc Dis
2015;57(4):387-395. [doi: 10.1016/j.pcad.2014.10.005] [Medline: 25446555]
Brickwood K, Watson G, O'Brien J, Williams AD. Consumer-Based Wearable Activity Trackers Increase Physical Activity
Participation: Systematic Review and Meta-Analysis. JMIR Mhealth Uhealth 2019 Apr 12;7(4):e11819 [FREE Full text]
[doi: 10.2196/11819] [Medline: 30977740]
Fuller D, Colwell E, Low J, Orychock K, Tobin MA, Simango B, et al. Reliability and Validity of Commercially Available
Wearable Devices for Measuring Steps, Energy Expenditure, and Heart Rate: Systematic Review. JMIR Mhealth Uhealth
2020 Sep 08;8(9):e18694 [FREE Full text] [doi: 10.2196/18694] [Medline: 32897239]
Evenson KR, Goto MM, Furberg RD. Systematic review of the validity and reliability of consumer-wearable activity
trackers. Int J Behav Nutr Phys Act 2015 Dec 18;12(1):159 [FREE Full text] [doi: 10.1186/s12966-015-0314-1] [Medline:
26684758]
Chevance G, Baretta D, Heino M, Perski O, Olthof M, Klasnja P, et al. Characterizing and predicting person-specific,
day-to-day, fluctuations in walking behavior. PLoS One 2021 May 14;16(5):e0251659 [FREE Full text] [doi:
10.1371/journal.pone.0251659] [Medline: 33989338]
Scheffer M, Bascompte J, Brock WA, Brovkin V, Carpenter SR, Dakos V, et al. Early-warning signals for critical transitions.
Nature 2009 Sep 03;461(7260):53-59. [doi: 10.1038/nature08227] [Medline: 19727193]
Haken H. An Introduction Nonequilibrium Phase Transitions and Self-Organization in Physics, Chemistry and Biology.
Berlin, Heidelberg: Springer-Verlag; 1978.
Hardeman W, Houghton J, Lane K, Jones A, Naughton F. A systematic review of just-in-time adaptive interventions
(JITAIs) to promote physical activity. Int J Behav Nutr Phys Act 2019 Apr 03;16(1):31 [FREE Full text] [doi:
10.1186/s12966-019-0792-7] [Medline: 30943983]
Krieger S, Lis S, Gallhofer B. Cognitive subprocesses and schizophrenia. A. Reaction-time decomposition. Acta Psychiatr
Scand Suppl 2001(408):18-27. [doi: 10.1034/j.1600-0447.2001.104s408018.x] [Medline: 11730070]
Cau N, Cimolin V, Brugliera L, Ventura G, Galli M, Capodaglio P. Range of motion limitations of the upper body in obese
female workers. Med Lav 2017 Dec 14;108(6):455-465. [doi: 10.23749/mdl.v108i6.6339] [Medline: 29240042]
Peyrot N, Thivel D, Isacco L, Morin J, Duche P, Belli A. Do mechanical gait parameters explain the higher metabolic cost
of walking in obese adolescents? J Appl Physiol (1985) 2009 Jun;106(6):1763-1770 [FREE Full text] [doi:
10.1152/japplphysiol.91240.2008] [Medline: 19246657]
Oubre B, Daneault J, Whritenour K, Khan NC, Stephen CD, Schmahmann JD, et al. Decomposition of Reaching Movements
Enables Detection and Measurement of Ataxia. Cerebellum 2021 Dec 02;20(6):811-822 [FREE Full text] [doi:
10.1007/s12311-021-01247-6] [Medline: 33651372]
Debache I, Jeantet L, Chevallier D, Bergouignan A, Sueur C. A Lean and Performant Hierarchical Model for Human
Activity Recognition Using Body-Mounted Sensors. Sensors (Basel) 2020 May 29;20(11):3090 [FREE Full text] [doi:
10.3390/s20113090] [Medline: 32486068]
Awais M, Mellone S, Chiari L. Physical activity classification meets daily life: Review on existing methodologies and open
challenges. Annu Int Conf IEEE Eng Med Biol Soc 2015;2015:5050-5053. [doi: 10.1109/EMBC.2015.7319526] [Medline:
26737426]
Figo D, Diniz PC, Ferreira DR, Cardoso JMP. Preprocessing techniques for context recognition from accelerometer data.
Pers Ubiquit Comput 2010 Mar 30;14(7):645-662. [doi: 10.1007/s00779-010-0293-9]
Chen K, Janz K, Zhu W, Brychta R. Redefining the Roles of Sensors in Objective Physical Activity Monitoring. Medicine
& Science in Sports & Exercise 2012;44(1S):S13-S23. [doi: 10.1249/mss.0b013e3182399bc8]
Pedersen MM, Bodilsen AC, Petersen J, Beyer N, Andersen O, Lawson-Smith L, et al. Twenty-four-hour mobility during
acute hospitalization in older medical patients. J Gerontol A Biol Sci Med Sci 2013 Mar 12;68(3):331-337. [doi:
10.1093/gerona/gls165] [Medline: 22972940]
Valkenet K, Veenhof C. Validity of three accelerometers to investigate lying, sitting, standing and walking. PLoS One
2019 May 23;14(5):e0217545 [FREE Full text] [doi: 10.1371/journal.pone.0217545] [Medline: 31120994]
Kramer SF, Cumming T, Churilov L, Bernhardt J. Measuring activity levels at an acute stroke ward: comparing observations
to a device. Biomed Res Int 2013;2013:460482-460488 [FREE Full text] [doi: 10.1155/2013/460482] [Medline: 24282815]

https://www.jmir.org/2022/1/e32362

XSL• FO
RenderX

Thivel et al

J Med Internet Res 2022 | vol. 24 | iss. 1 | e32362 | p. 5
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
25.

26.
27.

28.

29.

30.

31.

Thivel et al

Baldwin CE, Johnston KN, Rowlands AV, Williams MT. Physical Activity of ICU Survivors during Acute Admission:
Agreement of the activPAL with Observation. Physiother Can 2018 Feb;70(1):57-63 [FREE Full text] [doi:
10.3138/ptc.2016-61] [Medline: 29434419]
Brown CJ, Roth DL, Allman RM. Validation of use of wireless monitors to measure levels of mobility during hospitalization.
J Rehabil Res Dev 2008 Dec 01;45(4):551-558 [FREE Full text] [doi: 10.1682/jrrd.2007.06.0086] [Medline: 18712640]
Anderson JL, Green AJ, Yoward LS, Hall HK. Validity and reliability of accelerometry in identification of lying, sitting,
standing or purposeful activity in adult hospital inpatients recovering from acute or critical illness: a systematic review.
Clin Rehabil 2018 Feb 14;32(2):233-242. [doi: 10.1177/0269215517724850] [Medline: 28805075]
Taraldsen K, Askim T, Sletvold O, Einarsen E, Bjåstad KG, Indredavik B, et al. Evaluation of a body-worn sensor system
to measure physical activity in older people with impaired function. Phys Ther 2011 Feb;91(2):277-285. [doi:
10.2522/ptj.20100159] [Medline: 21212377]
Anderson JL, Yoward LS, Green AJ. A study investigating the validity of an accelerometer in quantification of step count
in adult hospital inpatients recovering from critical illness. Clin Rehabil 2019 May 14;33(5):936-942. [doi:
10.1177/0269215519829893] [Medline: 30764647]
van Dijk-Huisman HC, Bijnens W, Senden R, Essers JMN, Meijer K, Aarts J, et al. Optimization and Validation of a
Classification Algorithm for Assessment of Physical Activity in Hospitalized Patients. Sensors (Basel) 2021 Feb 27;21(5):1652
[FREE Full text] [doi: 10.3390/s21051652] [Medline: 33673447]
Sansano E, Montoliu R, Belmonte Fernández Ó. A study of deep neural networks for human activity recognition.
Computational Intelligence 2020 Mar 27;36(3):1113-1139. [doi: 10.1111/coin.12318]

Abbreviations
PA: physical activity
MVPA: moderate-to-vigorous physical activity
HAR: human activity recognition

Edited by R Kukafka; submitted 24.07.21; peer-reviewed by G Dermody, MDG Pimentel, A Louren, P Li; comments to author 23.09.21;
revised version received 24.10.21; accepted 29.10.21; published 14.01.22
Please cite as:
Thivel D, Corteval A, Favreau JM, Bergeret E, Samalin L, Costes F, Toumani F, Dualé C, Pereira B, Eschalier A, Fearnbach N,
Duclos M, Tournadre A
Fine Detection of Human Motion During Activities of Daily Living as a Clinical Indicator for the Detection and Early Treatment of
Chronic Diseases: The E-Mob Project
J Med Internet Res 2022;24(1):e32362
URL: https://www.jmir.org/2022/1/e32362
doi: 10.2196/32362
PMID:

©David Thivel, Alice Corteval, Jean-Marie Favreau, Emmanuel Bergeret, Ludovic Samalin, Frédéric Costes, Farouk Toumani,
Christian Dualé, Bruno Pereira, Alain Eschalier, Nicole Fearnbach, Martine Duclos, Anne Tournadre. Originally published in
the Journal of Medical Internet Research (https://www.jmir.org), 14.01.2022. This is an open-access article distributed under the
terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/,
as well as this copyright and license information must be included.

https://www.jmir.org/2022/1/e32362

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e32362 | p. 6
(page number not for citation purposes)

