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Abstract

Background: Understanding the social mechanisms of the circadian rhythms of activity represents a major issue in better
managing the mechanisms of age-related diseases occurring over time in the elderly population. The automated analysis of call
detail records (CDRS) provided by modern phone technol ogies can help meet such an objective. At this stage, however, whether
and how the circadian rhythms of telephone call activity can be automatically and properly modeled in the elderly population
remains to be established.

Objective: Our goal for this study is to address whether and how the circadian rhythms of social activity observed through
telephone calls could be automatically modeled in older adults.

Methods: We analyzed a 12-month data set of outgoing telephone CDRs of 26 adults older than 65 years of age. We designed
astatistical learning modeling approach adapted for exploratory analysis. First, Gaussian mixture models (GMMs) were cal cul ated
to automatically model each participant’s circadian rhythm of telephone call activity. Second, k-means clustering was used for
grouping participants into distinct groups depending on the characteristics of their personal GMMs.

Results: The results showed the existence of specific structures of telephone call activity in the daily social activity of older
adults. At theindividual level, GMMs allowed the identification of personal habits, such as morningness-eveningness for making
calls. At the population level, k-means clustering allowed the structuring of these individual habits into specific morningness or
eveningness clusters.

Conclusions: These findings support the potential of phone technologies and statistical learning approaches to automatically
provide personalized and precise information on the social rhythms of telephone call activity of older individuals. Futures studies
could integrate such digital insights with other sources of data to complete assessments of the circadian rhythms of activity in
elderly populations.

(J Med Internet Res 2021;23(1):€22339) doi: 10.2196/22339
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Introduction

Background

Circadian rhythms are endogenous processes that regulate the
individual’s activity over a24-hour cycle. They are recognized
to play acrucial rolein nearly al biological and social aspects
of the individual’s life, as it is evidenced in his or her brain
activity [1], rest activity [2], body temperature fluctuation [3],
and rhythms of social interactions[4]. Such rhythmsof activity,
maintained over time, permit the individua to efficiently
organize hisor her physical and social activitiesat adaily scale.
Such organization has played a significant role in the past from
an evolutionary perspective for ensuring the survival of the
human species [5]. Nowadays, circadian rhythms continue to
be essential for our lives, giving usthe ability to ensure acertain
stability in the way we routinely interact with ourselves and
with each other.

Furthermore, it is recognized that the circadian rhythms of
activity significantly change with age (eg, see Hood and Amir,
Steponenaite et a, Zhao et a, and Duffy et a [6-9] for recent
reviews). At the endogenous level, the aging process may
contribute to the occurrence of biological dysregulations that
alter the internal clock of an older individual [10,11]. These
changes may have potential adverse consequenceson hisor her
body functioning (eg, see Hood and Amir [6] and Leng et al
[12] for recent reviews), such as balance control alteration[13],
deep cycle disruptions [2,14], neurodegeneration [14], or
cardiovascular complications [15]. Thus, with regard to our
traditional health care system, it seemsimportant for the health
practitioner to assess the circadian rhythms of activity of hisor
her older patients in order to understand, and then to properly
manage, the mechanisms of health issuesthat may occur intheir
life span.

Over the past decades, the assessment of the circadian rhythms
of activity in humans has been addressed at the biological and
physical levelsthrough, respectively, thefield of chronobiology
(eg, see Cornelissen and Otsuka[16] and Otsuka et al [17] for
two recent reviews) and that of actigraphy (eg, see Tazawa et
al [18] and Schwab et a [19] for two recent reviews). On the
whole, both of these approaches—chronobiology and
actigraphy—have demonstrated the relevance of combining the
use of wearable sensors with the implementation of statistical
learning algorithms for automatically measuring the biological
and gross motor activities of the individual at a daily scale.
From aclinical perspective, these approaches may permit the
detection in real time of the occurrence of daily risky situations
that may affect the older individual’s life, such as sedentary
behavior [20], nocturnal activity [21], fall occurrences[22], or
myocardial infarction [23]. Taken together, these approaches
provide innovative and relevant ways to diagnose and manage
the older adult’s health status over time.

At this point, however, it is aso important to mention that the
daily rhythms of activity that are of asocial nature are evidently
not considered by such approaches asrelying on biological and
physical sources of data. At the clinical level, this issue is of
significant importance given that biological circadian
dysregulations can be associated with external socia factors

http://www.jmir.org/2021/1/e22339/

Aubourg et a

[24], such as inconsistent mealtime [25], shift work [26], or
social isolation [27]. These social disruptions, maintained over
time, may lead to a misalignment between biological and social
rhythms, so-called “social jet lag” [28]. In the older adult, this
misalignment can act as a retroactive feedback mechanism that
contributes to the occurrence or worsening of particular
symptoms or comorbidity factors, such as fatigue [2,29] and
signsof anxiety and depression [30], that areinvolved in various
age-related diseases [12,13,31].

Prior Work

Inthefield of health care monitoring for older adults, traditional
approaches such as clinical questionnaires propose subjective,
timely solutionsfor measuring and characterizing the circadian
rhythms of social activity of the individual. Despite their
widespread use in practice, this type of approach introduces
limitations into their use for both clinical and research
applications. One reason is related to the fact that the
administration of questionnairesistime-consuming and requires
the active participation of the patient for filling in a given
guestionnaire. These two constraints cannot be easily satisfied
regarding specific vulnerable populations that are potentially
not able to make such an effort because of their physical or
psychological conditions. A second reason is because of the
temporal scope of their results. Since these questionnaires are
filled out at a set point in time, it is not possible to infer the
general daily rhythms of the individual over a long period of
time. A third reason is because of their subjective nature.
Subjective responses that are provided for measuring objective
temporal phenomena, such as the circadian rhythms of social
activity, makes it difficult to ensure the precision of the
guestionnaires’ results.

Modern technol ogiestraditionally considered as everyday tools
have the potential to get around these limits [32-34]. In
particular, it has been recently demonstrated that the telephone
may have the ability to passively, objectively, and continuously
provide estimation of social rhythmsthrough the analysis of its
generated data over time [32,35-37]. Notably, two recent
descriptive studies [32,38] have analyzed an 18-month data set
of call detail records (CDRS) of 24 young adults. The results of
these descriptive studies suggested that young participants
seemed to hold their own persona circadian patterns for
communicating with their social network. More importantly,
these circadian patterns were found to persist over time. More
recently, such a descriptive anaysis was successfully
reproduced, and got the same results, with an older population
[39]. To the best of our knowledge, these preliminary results
were the first ones that specifically concerned the circadian
rhythms of telephone call activity of older adults.

Despite this encouraging pioneering work, key limitations
remain to be addressed. In particular, regarding older adults,
substantial efforts remain in order to improve the descriptive
methodology of the recently completed studies in order to
properly model the circadian rhythms of telephone call activity.
From a health care monitoring perspective, such efforts are
crucia for extracting relevant information from the circadian
rhythms of telephone call activity that can be used for
completing traditional subjective questionnaires.
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Thus, this paper is a secondary analysis of recent analyses
[39,40] and is specifically designed to addresswhether and how
thecircadian rhythms of social activity observed in thetelephone
callsof older adults could be modeled. To thisend, we analyzed
a 12-month data set of outgoing telephone CDRs of 26 adults
older than 65 years of age. We designed a statistical learning
approach adapted for exploratory analysis. First, Gaussian
mixture models (GMMs) were cal culated to automatically model
each participant’s circadian rhythm of telephone call activity.
Then, k-means clustering was used for grouping participants
into distinct groups depending on the personal characteristics
of their GMM curves. The results, the significance, and the
limitations of this study are discussed, and perspectives of future
research are proposed.

Methods

Data collection, volunteer recruitment, and data preprocessing
followed the general principles set in previous investigations
of this secondary analysis [39-43] and remain unchanged for
consistency.

Data Collection and Volunteer Recruitment

Our data set includes 12 months of outgoing CDRs for 26
volunteers (20 women [77%] and 6 men [23%)]; mean age 84
years, SD 4; age range 71-91 years). CDRs provided by the
local communication service provider were collected from the
personal telephones of the volunteers. Each CDR contained the
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date, hour, source ID, recipient ID, direction, and duration
(seconds) of the call. In addition, volunteers who had several
telephonesregistered with their communication service provider
(eg, one or more landlines and/or one or more mobile phones)
provided CDRsfor all their telephones. Finally, only outgoing
calls were considered in this study considering ingoing not
resulting from avoluntary activity of the participants. Note that
the telephone owners and the telephone contacts remained
anonymous. This study and the corresponding experimental
protocols were approved by the French Commission for Data
Protection and Liberties (Correspondant Informatique et Libertés
[CIL] Register France Telecom 2011 n°44) at the time the data
collection phase of this project was originally initiated. All
methods were performed in accordance with the Commission’s
regulations, written informed consent was obtained from all
participants prior to data collection, and anonymization of
participants’ data was applied to ensure privacy requirements.

Data Preprocessing

Participants did not al enroll in the survey at the sametime, so
the dates of inclusion varied. Thus, the CDR data set wasfiltered
to select the time interval of when the greatest number of
volunteers were actively participating in the study. The CDR
data set was then preprocessed by applying the method described
by Saramdki et a [38], namely, by selecting only those
participants who used their telephones throughout the entire
12-month observation period, which gave a sample of 21
individuals (see Table 1 for details).

Table 1. Dataset structure of call detail records before and after preprocessing.

Participant characteristics

Before preprocessing (N=26)

After preprocessing (N=21)

Number of participants, n (%)

16 (76)
5 (24)

71-91
83(4)

18,338
481
710
1096

Female 20 (77)
Male 6(23)
Age (years)
Range 71-91
Mean (SD) 84 (4)
Number of calls, n
Total outgoing calls 19,198
Calls by individual, 1st quartile 285
Calls by individual, median 590
Callsby individual, 3rd quartile 944
Data Analysis
Overview

To identify social interaction patternsin older adults from their
CDRs at a daily scale, we developed a statistical learning
approach that is divided into two main processes consisting of
the following:

http://www.jmir.org/2021/1/e22339/

1. Modeling daily rhythms of socia interactionsin older adults
from their CDRs by using GMMs [44].

2. Cdlculating clusters of morningness-eveningness categories
stemming from these modeling results by using k-means
clustering [45].

These processes were chained together throughout our general

data analysis pipeline as discussed in the following seven steps
(see Figure 1 for an overview).
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Figurel. Dataanaysispipeline. Step 1 correspondsto data preprocessing, Steps 2-4 correspond to circadian rhythm modeling, and Steps 5-7 correspond
to socia morningness-eveningness clustering. GMM: Gaussian mixture model.

Call detail records

Step 1: Time Discretization

To focus on circadian rhythms of phone call activity, we first
discretized the time dimension of CDRs into one unique day of
24 1-hour slots corresponding to the time of day, as previously
donein the literature [32,36,39,40,46].

Step 2: Empirical Calculation

From this coarse-grained data set, the empirical circadian rhythm
of phone call activity wasthen obtained by cal culating, for each
older individual inside of each 1-hour time dlot, his or her
corresponding frequency of phone cals, asin several studies
[32,36,39,40,46]. Formally, if welet N be the number of older
participants (N=21), and we let n;(t) be the number of phone
calls of oneindividual i, withi ranging from 1 to N, at atime
t, with t ranging from 0 to 23, then the frequency of phonecalls
for each individual at atimet isdefined as follows:

n;(t)
23 omi(t)

Step 3: Modeling of GMMs

In parallel with Step 2, a statistical modeling approach caught
the distinct periods of phone call activity across the day by
calculating, for each older individual, his or her corresponding
GMMs from his or her coarse-grained CDRs. In short, this

freqi(t) =
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mixture consisted of synthesizing the older individual’scircadian
rhythm of phone call activity by means of distinct curve
components. Since these components stem from the fundamental
and well-known Gaussian model, their mean and variance
characteristic parameters can be easily calculated and used to
further characterize the individua’s phone call daily activity.
In accordance with the existing literature on the subject
[4,47-49], we assumed the existence of two broad periods of
activity corresponding to morningness and eveningness in
humans, following the diurnal principle, which can be, however,
shifted in certain cases toward a potential nocturnal period of
activity.

Step 4: Goodness-of-Fit Estimation

The goodness of fit of the estimated GMM with respect to
empirical data was assessed for each older individual by using
a Kolmogorov-Smirnov comparison test under the null
hypothesis Hy—the estimated GMM is similar to the empirical
distribution of phone calls across the day—with a P value set
at .05. Hence, a P value greater than .05 represents asignificant
good fit. This step permits the measurement of the quality of
the estimated model with respect to the individual’s empirical
observations.

Step 5: Extraction of Modes

Next, to focus on the individual’s chronotype, the mean
parameter of each Gaussian component, which corresponds to
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an hourly peak of phone call activity, was extracted for each
older individual. The duration of each period of activity was
also considered by extracting the variance of each period.

Step 6: Morningness-Eveningness Ranking

Since modes were extracted from distinct Gaussian components
whose intensities may be different, the individua’s
morningness-eveningness characteristic was obtained by
assigning each older individual to hisor her most representative
Gaussian component. To this end, the estimated mixing
proportion of each Gaussian component was calculated from
an expectation minimization approach for each older adult.
Next, the individual’s modes were ranked together according
to these proportionsto determine the time of day when the older
individual was the most socialy active.

Step 7. Morningness-Eveningness Clustering

Eventually, older adults were categorized into distinct groups
according to their ranked modes that were calculated above in
Step 6. To this end, each older individual was assigned to a
point in a 2-dimensional space that corresponded to his or her
two periods of phone cal activity. We then used k-means
clustering to calculate groups of older individuals from the
coordinates of their representative points.

Aubourg et a

Results

M odeling Circadian Rhythmsof Outgoing Phone Call
Activity in Older AdultsWith GMMs

Figure 2 shows, for each older adult, both (1) his or her
empirical circadian rhythms of outgoing telephone call activity
(seeMethodsfor details) and (2) hisor her corresponding GMM
(see Methods for details) on two distinct panels. Two
observations stand oult:

1. Ontheleft-hand panel of Figure 2, the observed empirical
circadian rhythms identify the existence of distinct peaks
of phone call activity across the day that vary among ol der
individuals. In accordance with previous descriptive results
found in Aubourg et a [39], some of them, as with
individuals A and |, showed a morning preference for
phoning, whereas others, as with individuals C and Q,
showed an evening preference. There was also one
individual, individual D, who presented a significant shift
in his rhythms for phoning, as evidenced by his peak of
phone call activity that occurred at night around 2 AM.

2. Comparing empirical data with the models of GMMs for
each older individual, we observed on the right-hand panel
of Figure 2 the ability of GMMs to highlight periods of
high activity and for smoothing periods of weak activity
by the smoothing property of the Gaussian curve.

Figure 2. Circadian rhythms of outgoing telephone call activity in older adults and their corresponding Gaussian mixture models (GMMs). These
patterns are represented by means of two colored heat maps, where each line corresponds to one older individual and columns correspond to hours of
the day. Hence, the outgoing telephone call activity of one individual at a given hour is represented by a colored cell that is all the more bright as the
individual increases activity. Theleft-hand heat map representsthe original circadian rhythms of outgoing telephone call activity observed from empirical

data, whereas the right-hand heat map represents those modeled by GMMs.
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Furthermore, at astatistical level, Figure 3 providesthe goodness
of fit of the GMMs. In thisfigure, we observe that the similarity
between empirical observations and GMMs cannot be rejected
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for each of the participants, with a P value greater than .05,
based on the Kolmogorov-Smirnov comparison test.
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Figure 3. Goodness of fit of Gaussian mixture models (GMMs). Panel A corresponds to a heat map that figures out the squared errors calculated
between empirical observations and their corresponding GMMs. Each line corresponds to one older individual, whereas columns correspond to hours
of the day. Hence, the squared error between the outgoing telephone call activity and the estimated model at a given hour is represented by a colored
cell that is all the more bright as the error increases. Panel B displays the associated goodness of fit by giving P values from the Kolmogorov-Smirnov

comparison tests. Here, the significance threshold is set at .05 (dashed line).
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Social Morningness-Eveningness | s Evidenced in the
Telephone Call Activity of Older Adults

Thek-means clustering processidentified distinct categories of
older individuals based on the characteristics of their daily
outgoing telephone call activity. Figure 4 shows the k-means
clustering results by displaying the two broad periods of
telephone call activity of each older individual. This figure
highlights the individual nature of social behavior for making
telephone calls over the day. In the same way, it stands out that
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two broad patterns can be conceived in our data set, namely (1)
mor ningnessindividual s havetheir principa period of telephone
call activity in the morning and their second period later in the
afternoon or evening and (2) eveningness individuals have the
exact opposite behavior. Bipartite clustering confirmed this
genera trend by explicitly exhibiting both of these clusters.
Again, we also have to point out that one older adult belonging
to the morningness cluster, individual D, had an extreme
behavior whose expression differed from the others, with his
first peak of telephone call activity occurring at around 2 AM.
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Figure4. Morningness-eveningness observed in outgoing tel ephone calls. Thisfigure displaysthe two broad periods of outgoing telephone call activity.
Circles represent peaks of telephone call activity, and each period duration is represented with horizontal and vertical lines. Each circle is colored
according to its morningness-eveningness trend given by k-means clustering.
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Discussion

Principal Findings

Analysis of daily social interactions by means of CDRsis now
recoghized as a rel evant approach for modeling human activity
in an obj ective, unobtrusive way, which offers new opportunities
for improving the field of health monitoring [50,51]. However,
in the elderly population, more work is required to confirm the
ability of such an approach to model relevant patterns of social
interactions at adaily scale. This study is specifically designed
to address thisissue. To this end, we used a 12-month data set
of outgoing CDRs of 26 adults older than 65 years of age. On
the whole, our results allowed us to automatically model
circadian patterns of outgoing telephone call activity.
Interestingly, the results obtained at theindividual level suggest
the existence of individual hourly preferences for making
telephone calls during the day. Despite the evident individual
nature of such preferences shown by GMMs, the results also
suggest the possibility for assembling these individual
observations into broader categories using k-means clustering.
In particular, these categories of phone call activity were of two
broad types, namely (1) morningness ol der adultsthat had their
main period of telephone call activity in the morning with their
second one occurring later, in the afternoon or evening, and (2)
eveningness older adults that had the exact opposite behavior.

With regard to the field of social physics applied to CDR data
sets [52], these results corroborate recent findings about the
existence of daily patternsin human social interactions over the
telephone, which were exhibited at the population level [53].

http://www.jmir.org/2021/1/e22339/

Monsivais et a [53] andyzed a 12-month CDR data set
containing more than 3 billion calls between 50 million unique
identifiers. By aggregating data at the population level, the
authors described the existence of an overall bimodality in
outgoing telephone call activity that occurred at noon and during
the evening periods of around 8 hours. Similarly, they also
showed the existence of two periods of around 4 hours of low
calling activity occurring (1) at night and (2) after lunch time.
Such results permitted the authors to infer the existence of
rhythms for representing the resting times of the population in
order to study theimpact of seasonal and geographical e ements
on that population. However, the focus on aggregeate data from
that study [53] does not allow the authorsto reach aconclusion
regarding the individual rhythms of the studied population
because of ecological fallacy, nor within specific populations
such as the aging one.

In acomplementary way and for thefirst time to the best of our
knowledge, this paper provides evidence at the individual level
of the ability of statistical learning approachesto model similar
results as those obtained by Monsivais et a [53] within asmall
cohort of older adults.

Furthermore, two singularities also stand out regarding our
results in comparison with those obtained by Monsivais et a
[53]. On the one hand, the bimodality exhibited in our older
population seemed to appear earlier during the day at
midmorning around 10 AM and in the evening around 6 PM.
Knowing that the morning transition tends to appear with age,
it is plausible that this observed shift, in comparison with the
genera behavior exhibited in the study by Monsivaiset a [53],
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may reflect such atransitive state and could consequently be a
representative element of the aging population [47]. On the
other hand, our results also show the existence of nocturnal
patterns of telephone call activity within our aging population
that could occur in some older individuals. It is plausible that
such nocturnal activity could reflect particular disruptions such
as sleep disturbances, which are known to occur with age [54].

Hence, the analysis of social interactions in older adults by
means of their CDRs does provide evidence about the existence
of both social and structural insights about the older individua’s
daily socia life. From aclinical perspective, suchinsights offer
arelevant opportunity to consider modern phone technologies
asanew kind of social activity sensor whose captured data can
be automatically modeled to identify the fundamental social
dynamics in the older individual’s life. Social dynamics
regarding telephone use could notably be harnessed to detect
potential disruptions, such as nocturnal phase shifts or
chronotype aterations, or to prevent the occurrence of particular
health issues, such as sleep disorders, being presented to the
clinician in the form of triggers.

Furthermore, since these pieces of information about social
interactions do present the advantage of being collected in a
passive, objective, and continuous way, they could be harnessed
in complement with other timely subjective methods, such as
subjective questionnaires[4,49], but also with innovative digital
technological approaches such as actigraphy, which already
existsfor monitoring physical rhythmsof theindividual [55,56].

Study Limitations and Per spectives

A number of caveats and limitations have to be taken into
account. Since this study’s analysis was based on a relatively
small sample of 26 older individuas, any straightforward
generalization of our results to the overall older population
should be avoided. Given the sample size of this study, at this
stage the interest of our exploratory work is not in providing
general knowledge on older adults socia activity on the
telephone but, rather, in the ability to gain new insights that
deserve to be included for future big data studies on improved
data sets. Consequently, whether and how similar results could
be observed under different conditions using different sets of
data or by implementing aternative statistical methods should
naturally be investigated. This could imply working on larger
data sets but also, more broadly, leading analyses on distinct
populations having their own social characteristics, such as
individuals from particular social classes or from different
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cultures. Given the proportion of women represented in the
analyzed data set (76%), whether and how similar works can
be replicated with success within populationsthat have different
proportions of male and female participants deserve to be
addressed. Furthermore, it could be interesting to focus on
specific cohorts suffering from age-related diseases, such as
Alzheimer disease[31], Parkinson disease[13], and depression
[30,57]. These supplementary works are all the moreimportant
insofar as, to the best of our knowledge, this study is the first
one that investigates daily patterns of social interactionsin an
aging population specifically by combining CDR analysiswith
a statistical learning approach.

Among future perspectives, an essential step that remainsto be
investigated iswhether, and to what extent, the results presented
here could be harnessed to enhance aready-existing digital
frameworks in health research. Such an investigation could
consist of developing an adequate complementary framework
based on both judiciously used, statistical |earning methods and
behavioral theory to permit abetter understanding of the digital
profile of the older individual. In the field of health care
monitoring, we do believe that such an investigation could
represent arelevant approach for enhancing the interpretability
of results and the efficiency of modeling approaches relying on
telephone call activity.

Conclusions

Findings from this study support the potential of phone
technologies and satistical learning approaches for
automatically providing personalized and precise insights on
the social rhythms of telephone call activity of older individuals.
Such insights can highlight particular individual habits related
to being active on the telephone according to the time of day.
Furthermore, these individual pieces of information can be
automatically analyzed by statistical learning approachesat the
group level in order to provide more general information onthe
observed cohort, such as subtrends for clusters of older
individuals, for instance, who are more socially active on the
telephone in the morning or in the evening. Futures studies
could integrate such digital insights with other sources of data
to compl ete the assessment of the circadian rhythms of activity
in the elderly population. In particular, big data studies should
be implemented with large cohorts in order to investigate to
what extent our study’s results that were obtained from our
sample of older participants at the group level can be
transformed into broad actionable knowledge for the older
population.

We thank the reviewers for critically reading the manuscript and suggesting substantial improvements.

Authors Contributions

TA, NV, and JD designed the study. TA performed the data analysis, prepared the figures, and wrote the main manuscript text
under the supervision of NV and JD. NV contributed to data acquisition. NV and JD substantively revised the manuscript text.

NV contributed to the interpretation of the data.

Conflictsof Interest
None declared.

http://www.jmir.org/2021/1/e22339/

JMed Internet Res 2021 | vol. 23| iss. 1]€22339 | p. 8
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Aubourg et &

References

1.

Herzog ED. Neurons and networks in daily rhythms. Nat Rev Neurosci 2007 Oct;8(10):790-802. [doi: 10.1038/nrn2215]
[Medline: 17882255]

2. Abbott SM, Knutson KL, Zee PC. Health implications of sleep and circadian rhythm research in 2017. Lancet Neurol 2018
Jan;17(1):17-18. [doi: 10.1016/s1474-4422(17)30410-6]

3. Réfinetti R, Menaker M. The circadian rhythm of body temperature. Physiol Behav 1992 Mar;51(3):613-637. [doi:
10.1016/0031-9384(92)90188-8]

4.  Monk TH, Flaherty JF, Frank E, Hoskinson K, Kupfer DJ. The Social Rhythm Metric. An instrument to quantify the daily
rhythmsof life. JNerv Ment Dis 1990 Feb;178(2):120-126. [doi: 10.1097/00005053-199002000-00007] [Medline: 2299336]

5. Goldbeter A. Au Coaur des Rythmes du Vivant: La Vie Oscillatoire. Paris, France: Odile Jacob; 2018.

6. Hood S, Amir S. The aging clock: Circadian rhythms and later life. J Clin Invest 2017;127:446 [FREE Full text] [doi:
10.1172/jci90328]

7.  Steponenaite A, Biello SM, Lall GS. Aging clocks: Disrupted circadian rhythms. Aging (Albany NY) 2018 Nov
13;10(11):3065-3066 [FREE Full text] [doi: 10.18632/aging.101642] [Medline: 30425185]

8.  Zhao J, Warman GR, Cheeseman JF. The functional changes of the circadian system organization in aging. Ageing Res
Rev 2019 Jul;52:64-71. [doi: 10.1016/j.arr.2019.04.006] [Medline: 31048031]

9.  Duffy JF, Zitting K, Chinoy ED. Aging and circadian rhythms. Sleep Med Clin 2015 Dec;10(4):423-434 [FREE Full text]
[doi: 10.1016/j.jsmc.2015.08.002] [Medline: 26568120]

10. ChenC, Logan RW, MaT, LewisDA, Tseng GC, Sihille E, et a. Effects of aging on circadian patterns of gene expression
in the human prefrontal cortex. Proc Natl Acad Sci U S A 2016 Jan 05;113(1):206-211 [FREE Full text] [doi:
10.1073/pnas.1508249112] [Medline: 26699485]

11. Maury E. Off the clock: From circadian disruption to metabolic disease. Int JMol Sci 2019 Mar 30;20(7):1597 [ FREE Full
text] [doi: 10.3390/ijms20071597] [Medline: 30935034]

12. LengY, Musiek ES, HuK, Cappuccio FP, Yaffe K. Association between circadian rhythms and neurodegenerative diseases.
Lancet Neurol 2019 Mar;18(3):307-318. [doi: 10.1016/s1474-4422(18)30461-7]

13. Stewart J, Bachman G, Cooper C, Liu L, Ancoli-Israel S, Alibiglou L. Circadian dysfunction and fluctuations in gait
initiation impairment in Parkinson's disease. Exp Brain Res 2018 Mar;236(3):655-664. [doi: 10.1007/s00221-017-5163-5]
[Medline: 29294143]

14. Musiek ES, Holtzman DM. Mechanisms linking circadian clocks, sleep, and neurodegeneration. Science 2016 Nov
25;354(6315):1004-1008 [FREE Full text] [doi: 10.1126/science.aah4968] [Medline: 27885006]

15. Hanefeld M, Engelmann K, Appelt D, Sandner D, Weigmann |, Ganz X, et al. Intra-individua variability and circadian
rhythm of vascular endothelial growth factorsin subjects with normal glucose tolerance and type 2 diabetes. PL0oS One
2017;12(10):e0184234 [FREE Full text] [doi: 10.1371/journal.pone.0184234] [Medline: 28991900]

16. Cornelissen G, OtsukaK. Chronobiology of aging: A mini-review. Gerontology 2017;63(2):118-128 [FREE Full text] [doi:
10.1159/000450945] [Medline: 27771728]

17. OtsukaK, Cornelissen G, Halberg F. Chronomics and Continuous Ambulatory Blood Pressure Monitoring. Vascular
Chronomics: From 7-Day/24-Hour to Lifelong Monitoring. Tokyo, Japan: Springer Japan; 2016.

18. Tazawa, Wada M, Mitsukura Y, Takamiya A, Kitazawa M, Yoshimura M, et a. Actigraphy for evaluation of mood
disorders: A systematic review and meta-analysis. JAffect Disord 2019 Jun 15;253:257-269. [doi: 10.1016/j.jad.2019.04.087]
[Medline: 31060012]

19. Schwab KE, Ronish B, Needham DM, To AQ, Martin JL, Kamdar BB. Actigraphy to evaluate sleep in the intensive care
unit. A systematic review. Ann Am Thorac Soc 2018 Sep;15(9):1075-1082. [doi: 10.1513/annal sats.201801-0040c]

20. Koolhaas CM, Dhana K, van Rooij FJ, Kocevska D, Hofman A, Franco OH, et a. Sedentary time assessed by actigraphy
and mortality: The Rotterdam Study. Prev Med 2017 Feb;95:59-65. [doi: 10.1016/j.ypmed.2016.11.021] [Medline: 27939262]

21. Dean GE, Ziegler B, Chen H, Steinbrenner LM, Dickerson SS. Trajectory of insomnia symptoms in older adults with lung
cancer: Using mixed methods. Support Care Cancer 2019 Jun;27(6):2255-2263. [doi: 10.1007/s00520-018-4488-3] [Medline:
30324283]

22. Kikkert LHJ, Vuillerme N, van Campen JP, AppelsBA, Hortobagyi T, Lamoth CJC. Therelationship between gait dynamics
and future cognitive decline: A prospective pilot study in geriatric patients. Int Psychogeriatr 2017 Dec 10;30(9):1301-1309.
[doi: 10.1017/s1041610217002770]

23. YanH, XulLD, Bi Z, Pang Z, Zhang J, Chen Y. An emerging technology — Wearable wireless sensor networks with
applications in human health condition monitoring. JManag Anal 2015 Apr 13;2(2):121-137. [doi:
10.1080/23270012.2015.1029550]

24. Grandin LD, Alloy LB, Abramson LY. The socia zeitgeber theory, circadian rhythms, and mood disorders: Review and
evaluation. Clin Psychol Rev 2006 Oct;26(6):679-694. [doi: 10.1016/j.cpr.2006.07.001] [Medline: 16904251]

25. Froy O, Miskin R. Theinterrelations among feeding, circadian rhythmsand ageing. Prog Neurobiol 2007 Jun;82(3):142-150.
[doi: 10.1016/j.pneurobio.2007.03.002] [Medline: 17482337]

http://www.jmir.org/2021/1/e22339/ JMed Internet Res 2021 | vol. 23 | iss. 1| e22339 | p. 9

(page number not for citation purposes)


http://dx.doi.org/10.1038/nrn2215
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17882255&dopt=Abstract
http://dx.doi.org/10.1016/s1474-4422(17)30410-6
http://dx.doi.org/10.1016/0031-9384(92)90188-8
http://dx.doi.org/10.1097/00005053-199002000-00007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2299336&dopt=Abstract
https://www.jci.org/articles/view/90328/pdf
http://dx.doi.org/10.1172/jci90328
https://paperchase-aging.s3-us-west-1.amazonaws.com/pdf/pp8zxb8WguBjYyttd.pdf
http://dx.doi.org/10.18632/aging.101642
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30425185&dopt=Abstract
http://dx.doi.org/10.1016/j.arr.2019.04.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31048031&dopt=Abstract
http://europepmc.org/abstract/MED/26568120
http://dx.doi.org/10.1016/j.jsmc.2015.08.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26568120&dopt=Abstract
http://www.pnas.org/cgi/pmidlookup?view=long&pmid=26699485
http://dx.doi.org/10.1073/pnas.1508249112
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26699485&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijms20071597
https://www.mdpi.com/resolver?pii=ijms20071597
http://dx.doi.org/10.3390/ijms20071597
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30935034&dopt=Abstract
http://dx.doi.org/10.1016/s1474-4422(18)30461-7
http://dx.doi.org/10.1007/s00221-017-5163-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29294143&dopt=Abstract
http://europepmc.org/abstract/MED/27885006
http://dx.doi.org/10.1126/science.aah4968
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27885006&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0184234
http://dx.doi.org/10.1371/journal.pone.0184234
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28991900&dopt=Abstract
https://www.karger.com?DOI=10.1159/000450945
http://dx.doi.org/10.1159/000450945
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27771728&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2019.04.087
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31060012&dopt=Abstract
http://dx.doi.org/10.1513/annalsats.201801-004oc
http://dx.doi.org/10.1016/j.ypmed.2016.11.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27939262&dopt=Abstract
http://dx.doi.org/10.1007/s00520-018-4488-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30324283&dopt=Abstract
http://dx.doi.org/10.1017/s1041610217002770
http://dx.doi.org/10.1080/23270012.2015.1029550
http://dx.doi.org/10.1016/j.cpr.2006.07.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16904251&dopt=Abstract
http://dx.doi.org/10.1016/j.pneurobio.2007.03.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17482337&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Aubourg et &

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

Weinmann T, Vetter C, Karch S, Nowak D, Radon K. Shift work and cognitive impairment in later life - Results of a
cross-sectional pilot study testing the feasibility of alarge-scale epidemiologic investigation. BMC Public Health 2018
Nov 14;18(1):1256 [FREE Full text] [doi: 10.1186/s12889-018-6171-5] [Medline: 30428871]

Lowenthal MF. Social isolation and mental illnessin old age. Am Sociol Rev 1964 Feb;29(1):54. [doi: 10.2307/2094641]
Malone S, Mendoza M, Patterson F. Social jetlag, circadian disruption, and cardiometabolic disease risk. Sleep Health
2019:227-240. [doi: 10.1016/b978-0-12-815373-4.00018-6]

Quante M, Mariani S, Weng J, Marinac CR, Kaplan ER, Rueschman M, et al. Zeitgebers and their association with
rest-activity patterns. Chronobiol Int 2019 Feb;36(2):203-213 [FREE Full text] [doi: 10.1080/07420528.2018.1527347]
[Medline: 30365354]

Aung MN, Moolphate S, Aung TNN, Kantonyoo C, Khamchai S, Wannakrairot P. The social network index and itsrelation
to later-life depression among the elderly aged >80 years in Northern Thailand. Clin Interv Aging 2016 Aug;Volume
11:1067-1074. [doi: 10.2147/cia.s108974]

Musiek ES, Bhimasani M, Zangrilli MA, Morris JC, Holtzman DM, Ju Y S. Circadian rest-activity pattern changesin aging
and preclinical Alzheimer disease. JAMA Neurol 2018 May 01;75(5):582-590 [FREE Full text] [doi:
10.100V/jamaneurol.2017.4719] [Medline: 29379963]

Aledavood T, Ldpez E, Roberts SGB, Reed-Tsochas F, Moro E, Dunbar RIM, et a. Daily rhythms in mobile telephone
communication. PLoS One 2015;10(9):e0138098 [ FREE Full text] [doi: 10.1371/journal .pone.0138098] [Medline: 26390215]
Althoff T, Horvitz E, White R, Zeitzer J. Harnessing the web for population-scale physiological sensing: A case study of
sleep and performance. In: Proceedings of the 26th International World Wide Web Conference. Republic and Canton of
Geneva, Switzerland: International World Wide Web Conferences Steering Committee; 2017 Presented at: 26th International
World Wide Web Conference; April 3-7, 2017; Perth, Australia p. 113-122. [doi: 10.1145/3038912.3052637]

Murnane E, Abdullah S, Matthews M, Choudhury T, Gay G. Social (media) jet lag: How usage of socia technology can
modulate-reflect circadian rhythms. In: Proceedings of the 2015 ACM International Joint Conference on Pervasive-Ubiquitous
Computing. New York, NY: Association for Computing Machinery; 2015 Presented at: 2015 ACM International Joint
Conference on Pervasive-Ubiquitous Computing; September 7-11, 2015; Osaka, Japan p. 843-854. [doi:
10.1145/2750858.2807522]

Blondel VD, Decuyper A, KringsG. A survey of results on mobile phone datasets analysis. EPJ Data Sci 2015 Aug 5;4:1-55
[FREE Full text] [doi: 10.1140/epjds/s13688-015-0046-0]

Aledavood T, Lehmann S, Saraméki J. Digital daily cycles of individuals. Front Phys 2015 Oct 07;3:1-7 [FREE Full text]
[doi: 10.3389/fphy.2015.00073]

Aledavood T, Lehmann S, Saraméki J. Social network differences of chronotypes identified from mobile phone data. EPJ
Data Sci 2018 Oct 24;7:1-13 [FREE Full text] [doi: 10.1140/epjds/s13688-018-0174-4]

Saramaki J, Leicht EA, Lépez E, Roberts SGB, Reed-Tsochas F, Dunbar RIM. Persistence of social signaturesin human
communication. Proc Natl Acad Sci U SA 2014 Jan 21;111(3):942-947 [FREE Full text] [doi: 10.1073/pnas.1308540110]
[Medline: 24395777)

Aubourg T, Demongeot J, Provost H, Vuillerme N. Circadian rhythmsin the telephone calls of older adults: Observational
descriptive study. IMIR Mhealth Uhealth 2020 Feb 25;8(2):€12452 [FREE Full text] [doi: 10.2196/12452] [Medline:
32130156]

Aubourg T, Demongeot J, Provost H, Vuillerme N. How to measure circadian rhythms of activity and their disruptionsin
humans using passive and unaobtrusive capture of phonecall activity. In: Proceedings of the 17th World Congress of Medical
and Health Informatics (MEDINFO 2019). 2019 Presented at: 17th World Congress of Medical and Health Informatics
(MEDINFO 2019); August 26-30, 2019; Lyon, France p. 1631-1632. [doi: 10.3233/SHT1190569]

Aubourg T, Demongeot J, Renard F, Provost H, Vuillerme N. Association between social asymmetry and depression in
older adults: A phone call detail records analysis. Sci Rep 2019 Sep 18;9(1):13524 [FREE Full text] [doi:
10.1038/s41598-019-49723-8] [Medline: 31534178]

Aubourg T, Demongeot J, Provost H, Vuillerme N. Exploitation of outgoing and incoming telephone calls in the context
of circadian rhythms of social activity among elderly people: Observational descriptive study. IMIR Mhealth Uhealth 2020
Nov 26;8(11):e13535 [FREE Full text] [doi: 10.2196/13535] [Medline: 33242018]

Aubourg T, Demongeot J, Vuillerme N. Novel statistical approach for assessing the persistence of the circadian rhythms
of socia activity from telephone call detail records in older adults. Sci Rep 2020 Dec 08;10(1):21464 [FREE Full text]
[doi: 10.1038/s41598-020-77795-4] [Medline: 33293551]

Celeux G, Govaert G. Fuzzy clustering and mixture models. In: Proceedings of the 11th Symposium on Computational
Statistics (Compstat). Heidelberg, Germany: Physica-Verlag GmbH & Co; 1994 Presented at: 11th Symposium on
Computational Statistics (Compstat); August 22-26, 1994; Vienna, Austriap. 154-159. [doi: 10.1007/978-3-642-52463-9 15]
Jain AK. Data clustering: 50 years beyond K-means. Pattern Recognit Lett 2010 Jun;31(8):651-666. [doi:
10.1016/j.patrec.2009.09.011]

Aledavood T, Ldpez E, Roberts S, Reed-Tsochas F, Moro E, Dunbar R. Channel-specific daily patterns in mobile phone
communication. In: Proceedings of the European Conference on Complex Systems. Cham, Switzerland: Springer International

http://www.jmir.org/2021/1/e22339/ JMed Internet Res 2021 | vol. 23 |iss. 1|€22339 | p. 10

(page number not for citation purposes)


https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-018-6171-5
http://dx.doi.org/10.1186/s12889-018-6171-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30428871&dopt=Abstract
http://dx.doi.org/10.2307/2094641
http://dx.doi.org/10.1016/b978-0-12-815373-4.00018-6
http://europepmc.org/abstract/MED/30365354
http://dx.doi.org/10.1080/07420528.2018.1527347
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30365354&dopt=Abstract
http://dx.doi.org/10.2147/cia.s108974
http://europepmc.org/abstract/MED/29379963
http://dx.doi.org/10.1001/jamaneurol.2017.4719
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29379963&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0138098
http://dx.doi.org/10.1371/journal.pone.0138098
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26390215&dopt=Abstract
http://dx.doi.org/10.1145/3038912.3052637
http://dx.doi.org/10.1145/2750858.2807522
https://epjdatascience.springeropen.com/track/pdf/10.1140/epjds/s13688-015-0046-0.pdf
http://dx.doi.org/10.1140/epjds/s13688-015-0046-0
https://www.frontiersin.org/articles/10.3389/fphy.2015.00073/pdf
http://dx.doi.org/10.3389/fphy.2015.00073
https://epjdatascience.springeropen.com/track/pdf/10.1140/epjds/s13688-018-0174-4.pdf
http://dx.doi.org/10.1140/epjds/s13688-018-0174-4
http://www.pnas.org/cgi/pmidlookup?view=long&pmid=24395777
http://dx.doi.org/10.1073/pnas.1308540110
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24395777&dopt=Abstract
https://mhealth.jmir.org/2020/2/e12452/
http://dx.doi.org/10.2196/12452
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32130156&dopt=Abstract
http://dx.doi.org/10.3233/SHTI190569
https://doi.org/10.1038/s41598-019-49723-8
http://dx.doi.org/10.1038/s41598-019-49723-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31534178&dopt=Abstract
https://mhealth.jmir.org/2020/11/e13535/
http://dx.doi.org/10.2196/13535
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33242018&dopt=Abstract
https://doi.org/10.1038/s41598-020-77795-4
http://dx.doi.org/10.1038/s41598-020-77795-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33293551&dopt=Abstract
http://dx.doi.org/10.1007/978-3-642-52463-9_15
http://dx.doi.org/10.1016/j.patrec.2009.09.011
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Aubourg et &

Publishing; 2014 Presented at: European Conference on Complex Systems; September 22-26, 2014; L ucca, Italy p. 209-218.
[doi: 10.1007/978-3-319-29228-1 18]

47. Roenneberg T. What is chronotype? Sleep Biol Rhythms 2012;10:75-76. [doi: 10.1111/j.1479-8425.2012.00541.X]

48. Monk TH, Buysse DJ. Chronotype, bed timing and total sleep time in seniors. Chronobiol Int 2014 Jun;31(5):655-659
[FREE Full text] [doi: 10.3109/07420528.2014.885981] [Medline: 24517139]

49. Roenneberg T, Wirz-Justice A, Merrow M. Life between clocks: Daily temporal patterns of human chronotypes. J Biol
Rhythms 2003 Feb;18(1):80-90. [doi: 10.1177/0748730402239679] [Medline: 12568247)

50. BhugraD, Tasman A, Pathare S, Priebe S, Smith S, Torous J, et al. The WPA-Lancet Psychiatry Commission on the future
of psychiatry. Lancet Psychiatry 2017 Oct;4(10):775-818. [doi: 10.1016/S2215-0366(17)30333-4] [Medline: 28946952]

51. RussTC, Woelbert E, Davis KAS, Hafferty JD, Ibrahim Z, Inkster B, MQ Data Science Group. How data science can
advance mental health research. Nat Hum Behav 2019 Jan;3(1):24-32. [doi: 10.1038/s41562-018-0470-9] [Medline:
30932051]

52. BhattacharyaK, Kaski K. Social physics: Uncovering human behaviour from communication. Adv Phys X 2018 Nov
14;4(1):96-124 [FREE Full text] [doi: 10.1080/23746149.2018.1527723]

53. MonsivaisD, BhattacharyaK, Ghosh A, Dunbar RIM, Kaski K. Seasonal and geographical impact on human resting periods.
Sci Rep 2017 Sep 06;7(1):10717 [FREE Full text] [doi: 10.1038/s41598-017-11125-7] [Medline: 28878235]

54. Ancoli-lsrael S. Insomniainthe elderly: A review for the primary care practitioner. Sleep 2000 Feb 01;23 Suppl 1:S23-S30;
discussion S36-S38. [Medline: 10755805]

55. BenardV, Etain B, Vaiva G, Boudebesse C, Yeim S, Benizri C, et a. Sleep and circadian rhythms as possible trait markers
of suicide attempt in bipolar disorders: An actigraphy study. J Affect Disord 2019 Feb 01;244:1-8. [doi:
10.1016/j.jad.2018.09.054] [Medline: 30290235]

56. Ho S, Mohtadi A, Daud K, Leonards U, Handy TC. Using smartphone accel erometry to assess the relationship between
cognitive load and gait dynamics during outdoor walking. Sci Rep 2019 Feb 28;9(1):3119 [FREE Full text] [doi:
10.1038/s41598-019-39718-w] [Medline: 30816292]

57. Domenech-AbellaJ, LaraE, Rubio-ValeraM, Olaya B, MonetaMV, Rico-Uribe LA, et a. Loneliness and depression in
the elderly: Therole of socia network. Soc Psychiatry Psychiatr Epidemiol 2017 Apr;52(4):381-390. [doi:
10.1007/s00127-017-1339-3] [Medline: 28154893]

Abbreviations

CDR: call detail record
CIL: Correspondant Informatique et Libertés
GMM: Gaussian mixture model

Edited by R Kukafka; submitted 09.07.20; peer-reviewed by | Mircheva, R De Carvalho; commentsto author 17.08.20; revised version
received 02.09.20; accepted 07.09.20; published 08.01.21

Please cite as:

Aubourg T, Demongeot J, Vuillerme N

Gaining Insights Into the Estimation of the Circadian Rhythms of Social Activity in Older Adults From Their Telephone Call Activity
With Statistical Learning: Observational Sudy

J Med Internet Res 2021;23(1):e22339

URL: http://www.jmir.org/2021/1/e22339/

doi: 10.2196/22339

PMID: 33416502

©Timothée Aubourg, Jacques Demongeot, Nicolas Vuillerme. Originally published in the Journal of Medical Internet Research
(http://www.jmir.org), 08.01.2021. Thisisan 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
bibliographicinformation, alink to the original publication on http://www.jmir.org/, aswell asthis copyright and licenseinformation
must be included.

http://www.jmir.org/2021/1/e22339/ JMed Internet Res 2021 | vol. 23 | iss. 1 | €22339 | p. 11
(page number not for citation purposes)

RenderX


http://dx.doi.org/10.1007/978-3-319-29228-1_18
http://dx.doi.org/10.1111/j.1479-8425.2012.00541.x
http://europepmc.org/abstract/MED/24517139
http://dx.doi.org/10.3109/07420528.2014.885981
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24517139&dopt=Abstract
http://dx.doi.org/10.1177/0748730402239679
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12568247&dopt=Abstract
http://dx.doi.org/10.1016/S2215-0366(17)30333-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28946952&dopt=Abstract
http://dx.doi.org/10.1038/s41562-018-0470-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30932051&dopt=Abstract
https://www.tandfonline.com/doi/pdf/10.1080/23746149.2018.1527723?needAccess=true
http://dx.doi.org/10.1080/23746149.2018.1527723
https://doi.org/10.1038/s41598-017-11125-z
http://dx.doi.org/10.1038/s41598-017-11125-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28878235&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10755805&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2018.09.054
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30290235&dopt=Abstract
https://doi.org/10.1038/s41598-019-39718-w
http://dx.doi.org/10.1038/s41598-019-39718-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30816292&dopt=Abstract
http://dx.doi.org/10.1007/s00127-017-1339-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28154893&dopt=Abstract
http://www.jmir.org/2021/1/e22339/
http://dx.doi.org/10.2196/22339
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33416502&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

