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Abstract
Background: Recent studies have thoughtfully and convincingly demonstrated the possibility of estimating the circadian rhythms
of young adults’ social activity by analyzing their telephone call-detail records (CDRs). In the field of health monitoring, this
development may offer new opportunities for supervising a patient’s health status by collecting objective, unobtrusive data about
their daily social interactions. However, before considering this future perspective, whether and how similar results could be
observed in other populations, including older ones, should be established.
Objective: This study was designed specifically to address the circadian rhythms in the telephone calls of older adults.
Methods: A longitudinal, 12-month dataset combining CDRs and questionnaire data from 26 volunteers aged 65 years or older
was used to examine individual differences in the daily rhythms of telephone call activity. The study used outgoing CDRs only
and worked with three specific telecommunication parameters: (1) call recipient (alter), (2) time of day, and (3) call duration. As
did the studies involving young adults, we analyzed three issues: (1) the existence of circadian rhythms in the telephone call
activity of older adults, (2) their persistence over time, and (3) the alter-specificity of calls by calculating relative entropy.
Results: We discovered that older adults had their own specific circadian rhythms of outgoing telephone call activity whose
salient features and preferences varied across individuals, from morning until night. We demonstrated that rhythms were consistent,
as reflected by their persistence over time. Finally, results suggested that the circadian rhythms of outgoing telephone call activity
were partly structured by how older adults allocated their communication time across their social network.
Conclusions: Overall, these results are the first to have demonstrated the existence, persistence, and alter-specificity of the
circadian rhythms of the outgoing telephone call activity of older adults. These findings suggest an opportunity to consider modern
telephone technologies as potential sensors of daily activity. From a health care perspective, these sensors could be harnessed for
unobtrusive monitoring purposes.
(JMIR Mhealth Uhealth 2020;8(2):e12452) doi: 10.2196/12452
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Introduction
Background
Circadian rhythms of activity—biological processes working
on 24-hour cycles—can be used to represent relevant temporal
markers in an individual’s life. They have two broad
characteristics: (1) at the endogenous level, they are regulated
by the brain’s suprachiasmatic nucleus (SCN), which can be
considered, at least partly, as the individual’s biological master
clock [1], and (2) at the exogenous level, regulation of the SCN
is influenced by the entraining power of external time givers,
known as zeitgebers [2]. Zeitgebers can be social, such as meal
schedules [3] or work schedules [4], but they can also have a
physical origin, as evidenced by the effect of light, exposure to
which has a direct impact on an individual’s resting time [5].
In the field of health monitoring for older populations, the
analysis of circadian rhythms of activity represents an
increasingly important issue, one that may permit health care
professionals to more adequately address their patients’ needs,
treatments, and care [6]. Notably, by understanding their
patients’ lifestyle habits, health care professionals may be better
able to detect the possible occurrence of risky situations, such
as a sedentary lifestyle [7], fall accidents [8], or sleep
disturbances [9,10], that can have severe impacts on their health
status. In practice, this monitoring is often challenging because
the medical expert must be able to detect patients’ circadian
rhythms of activity in a precise way. In the field of health care
research, such promising approaches as actigraphy [11] have
been proposed recently to tackle this issue. Interestingly,
actigraphy has shown that it is possible to model older
individuals’ gross motor activities by means of wearable sensors.
Two recent reviews [8,12] on this subject notably described
how this approach offers unprecedented opportunities to enhance
traditional health care systems by using objective, inexpensive,
and easy-to-use sensors [8]. These record individuals’ daily
physical activities in a precise, real-time manner to help detect
risky behaviors [7], signs of cognitive dysfunction [13], or
severe events such as personal injury accidents [14], whose
occurrence may increase with age.
At a clinical level, however, current opportunities for using
actigraphy are limited. In older adults, although analysis of the
circadian rhythms of their physical activities is well served by
this approach, social activities have yet to be investigated. This
issue is all the more important in aging populations because
life—especially social life—is not purely physical, but is also
subject to particular social events, such as a relative’s death [15]
or the transition to retirement [16]; these events can be
associated with the occurrence of severe health issues in older
individuals, particularly illustrated by the phenomena of social
isolation and depression [17]. It is also important to stress that
social issues are not always reflected in an individual’s physical
activity, but they remain significantly important to health,
insofar as they can alter both the biological and social rhythms
of life [18]. Thus, complementary methods are required to
include the social aspects of older adults’ circadian rhythms of
activity if we wish to monitor their health adequately.
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Prior Work
In today’s digital society, active and passive information
collection methods, such as digital questionnaires or call-detail
records (CDRs), generate vast amounts of data at high velocity
from our telephones. This offers an unprecedented opportunity
to capture and better understand the mechanisms of circadian
rhythms in social activities [19]. Because the telephone has
become such an integral part of our hyperconnected digital lives,
as well as our children’s lives, telephone data may contain
relevant information about the social interactions occurring
throughout the day between individuals and their social
networks.
In the field of health monitoring, exploiting these data could
provide opportunities to enrich existing approaches that rely on
monitoring physical activity by using objective, noninvasive
data on social activity. This could also open up new research
perspectives for innovation within traditional health care systems
[20,21]. Interestingly, a recent literature review published in
JMIR mHealth and uHealth [21] focused specifically on the use
of CDRs provided by network communication operators.
Notably, following their qualitative analysis of 46 full-text
articles, the authors concluded on page 1 of the review that
CDRs’ “potential to be used as a means of improving health
care is increasingly promising” [21]. They further stressed
several advantages of using CDRs in health research, including
the ability to model individuals’ social behaviors by routinely
and passively collecting data, thereby bringing robustness and
effectiveness to surveys of individual telephone users. Moreover,
because of the telephone’s ubiquity [19], the authors of the
review stated on page 5 that using CDRs “does not preclude
those from low socioeconomic groups” [21].
Other studies specifically examining the circadian rhythms of
social activity have pointed to the possibility of estimating the
expression of those rhythms by analyzing the CDRs of
individuals’ telephone use [22-25]. A recent study from Aalto
University in Finland provided a relevant methodology for
estimating the circadian rhythms of social activity from the
telephone communications of high school students [22]. Its
authors analyzed an 18-month dataset for 24 adolescents,
combining mobile telephone calls and questionnaire data to
assess individual differences in the daily rhythms of mobile
phone call activity. The results and their consistency
demonstrated the existence of circadian rhythms in the outgoing
telephone call activity in this young population, as did their
alter-specificity (ie, in the way that callers, also named egos,
place their calls with their recipients, also named alters, over
the day). We should highlight that the studies mentioned above,
which provided their participants’ ages, targeted groups
consisting typically of students or young working adults [22-25].
Furthermore, as the authors themselves acknowledged [21] on
page 5 of their review, one limitation of CDR analysis involves
“the validity of study findings focusing on particular
demographics, since the extent of group representation is not
known” [21]. In other words, whether and how similar results
to those reported for healthy young adults [22] could also be
observed among other populations, including older adults, has
yet to be established.
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Study Goals
This study was specifically designed to address the existence
of circadian rhythms in the telephone calls of older adults at an
individual level. In order to be able to compare this work with
the existing literature [22], we focused on three specific issues
in the following ways: (1) the existence of circadian rhythms,
by computing the hourly ratio of outgoing telephone calls made
by older individuals, (2) the consistency of such patterns, by
evaluating their persistence over time, and (3) their
alter-specificity, by using measures of relative entropy at a given
time to analyze how callers allocated their communication time
across their social network throughout the day (ie, the variety
of alters communicating with their corresponding egos).

Methods
Data Collection and Volunteer Recruitment
Our dataset included 12 months of outgoing CDRs from 26
older volunteers in France: 20 women (77%) and 6 men (23%);
median age 84 years (range 71-91). CDRs provided by the local
network communication operator were collected from their
personal telephones. Each telephone CDR contains the date;
hour; source ID used (ego); destination user’s ID (alter);
direction, which is established here as outgoing; and call
duration in seconds. Individuals with several telephones
registered with their network communication operator (ie, one
or more landline telephones and/or one or more mobile phones)

provided outgoing CDRs for all of them. Note that although
CDRs contain both calls and text messages, this paper only
selected telephone calls, so as to facilitate comparison with
existing studies [22] in the literature. Also, once during the
study, participants also completed a questionnaire about the
contacts in their telephone social network. They classified each
of their telephone contacts into one of five distinct social
categories: family, friends, associations, health care
professionals, and others.
This study and its corresponding experimental protocol were
submitted to the French Data Protection Authority (Commission
Nationale de l'Informatique et des Libertés [CNIL] registered
data protection officer, France Telecom 2011 No. 44). All
experimental methods were carried out in accordance with its
regulations, written informed consent was obtained from all
participants before data collection, and participant data were
anonymized to ensure privacy.

Data Preprocessing
As participants did not all enroll in the survey at the same time—
thus, their dates of inclusion varied—the CDR dataset was
filtered to select the time interval when the greatest number of
older adults were actively participating. The CDR dataset was
then preprocessed, following the method described by Saramäki
et al [26], by selecting only the participants who used their
telephones throughout the entire 12-month observation period.
Therefore, the results cover a set of 21 individuals; see Table 1
for details.

Table 1. Structure of the call-detail records (CDRs) dataset before and after preprocessing.
Participant characteristics

Before preprocessing

After preprocessing

Total

26 (100)

21 (100)

Female

20 (77)

16 (76)

Male

6 (23)

5 (24)

Range

71-91

71-91

Mean (SD)

84 (4)

83 (4)

19,198

18,338

1st quartile

285

481

Median

590

710

3rd quartile

944

1096

Number of participants, n (%)

Age in years

Total number of outgoing calls
Average number of calls per individual

Data Analysis Procedures
Measuring the Circadian Rhythms of Outgoing
Telephone Call Activity
We followed the descriptive approach designed by Aledavood
et al [22], which consisted of calculating the circadian patterns
of the outgoing telephone call activity of our older adult
participants across the study’s entire 12-month dataset. This
two-step process consisted of the following: (1) coarse-graining
the time dimension into a unique day divided into 24 1-hour
http://mhealth.jmir.org/2020/2/e12452/
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time slots and (2) calculating the average frequency of telephone
calls for each time slot. We followed this approach at two
distinct population levels: (1) the aggregate level, to obtain a
concise overview of the dataset’s structure and trends and (2)
the individual level, to obtain the circadian patterns of outgoing
telephone call activity for each individual. Distinguishing the
aggregate level from the individual level allowed us to avoid
an ecological fallacy [27] when interpreting the results.
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Assessing the Consistency of Circadian Rhythms in
Outgoing Telephone Call Activity
Overview
For assessing the consistency of circadian rhythms in outgoing
telephone call activity, we followed an analytical approach
based on the notion of persistence, which was first introduced
for social signature analysis by Saramäki et al [26]. This notion
was subsequently applied to studies estimating circadian rhythms
[22-24]; the approach consists of comparing the stability of
estimated patterns at distinct, successive time points by
following three steps.

Step 1: Temporal Discretization

Aubourg et al

Step 3: Persistence Analysis
The persistence of each ego’s circadian rhythm was analyzed.
This consisted of, first, calculating the stability of each ego’s
call patterns between successive periods (T1, T2, and T3) and,
second, comparing this stability with a reference scale measured
by the square root of the Jensen-Shannon divergence (JSD)
dissimilarity measure [27] (see Statistical Tools in the Methods
section).
First, we note Dself as a dissimilarity measure of the individual’s
circadian rhythms between two successive periods (see Figure
1, equation 1). We note that <Dself> is the average of Dself, (see
Figure 1, equation 2).

Data were coarse-grained as previously done by other authors
[22]. Since the dataset contained 12 months of observations,
they were split into three successive 4-month periods named
T1, T2, and T3. Aggregating data into intervals of several
months enhanced the robustness of persistence analysis by
limiting the effects of short-term variations in call patterns [28].
This also reduced the probability of dealing with empty datasets.

Second, a reference scale for further comparison was built for
each ego, calculating the JSD between each ego and all the other
egos in each period, T1, T2, and T3. We note Dref as a
dissimilarity measure between two circadian rhythms of two
distinct individuals in the same period (see Figure 1, equation
3). We note that <Dref> is the average of Dref (see Figure 1,
equation 4).

Step 2: Circadian Rhythm Calculation

Finally, the persistence of a given ego’s circadian rhythm was
assessed by comparing his or her average call pattern over time
with his or her average reference scale. Formally, an individual’s
circadian rhythm can only be found to be persistent if, and only
if, <Dself>/<Dref><1.

The circadian rhythm of each ego’s outgoing telephone call
activity was calculated for periods T1, T2, and T3, as described
in the previous section.
Figure 1. Equations used in the manuscript.

Measuring Alter-Specificity in Circadian Rhythms
The alter-specificity in the circadian rhythms of outgoing
telephone call activity was investigated jointly using individuals’
CDRs and questionnaire data, as previously done by Aledavood
et al [22]. Concretely, the three following points were analyzed
according to the time of day: (1) the existence of specific hours
http://mhealth.jmir.org/2020/2/e12452/
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used for communicating with a specific alter, (2) the ratio of
outgoing telephone calls directed to each individual’s top 2
alters, and (3) the variation in telephone call durations between
individuals and their social networks.
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Assessing the Existence of Specific Hours for
Communicating With Specific Alters

during a period of length k for individual i, with k=23 and the
i range being {1...n}.

For assessing the existence of alter-specificity in the circadian
rhythms of outgoing telephone call activity, we made a two-step
analysis of how each ego communicated with their alters
throughout the day.

Thus, pi(t) is the ratio of calls made by individual i during hour
t, with the t range being {0...23}.

Step 1: Temporal Discretization
We began by coarse-graining the time dimension into four bins
of equal duration—night (12 am-6 am), morning (6 am-12 pm),
afternoon (12 pm-6 pm), and evening (6 pm-12 am)—for each
ego and for periods T1, T2, and T3.

Step 2: Alter-Specificity Calculation
For each ego, we analyzed the alter-specificity of outgoing
telephone call patterns over 24 hours during periods T1, T2,
and T3, comparing the alter-structure of the estimated circadian
rhythms with the alter-structure of a null model simulating total
randomness in alter-specificity. To do this, we estimated the
diversity of alters in each 6-hour bin for each ego and calculated
the associated relative entropies (see Statistical Tools in the
Methods section) during periods T1, T2, and T3. This
calculation involved two steps: Step 2a and Step 2b.

Step 2a: Origin Entropy Calculation
First, we calculated each ego’s origin entropy Horig in each
6-hour bin for periods T1, T2, and T3.

Then, for each element pi(t) of pi, we note pnormalised,i(t), its
normalized value (see Figure 1, equation 5).

Jensen-Shannon Divergence
The JSD is a measure of dissimilarity that compares two
probability distributions; it is a symmetrical, finite-value version
of the Kullback-Leibler divergence. Its square root can be used
as a metric for measuring the distance between two probability
distributions (see Figure 1, equation 6, for its definition in a
discrete context).

Entropy Measures
Overview
The entropy construct consists of three successive steps: (1) the
origin entropy calculation measuring alter-specificity in the
original dataset, (2) the reference entropy calculation measuring
alter-specificity in a random dataset configuration [22], and (3)
the relative entropy calculation standardizing the original
entropy value in step 1 divided by the reference entropy value
in step 2 [22]. The steps are discussed more precisely as follows:
1.

Step 2b: Relative Entropy Calculation
Second, we obtained the relative entropy Hrel by normalizing
with Horig the average reference entropy <Href>, which resulted
from the null model. This null model works under the hypothesis
that no specific times are associated with telephone calls to
specific alters. Thus, a low relative entropy value, tending to 0,
indicates that there is significant alter-specificity in the call
pattern.
2.

Measuring the Specificity of Outgoing Telephone Calls
to the Top Two Alters
To investigate the rhythm of outgoing telephone calls from egos
to their 2 favorite alters, we analyzed how the 2 favorite alters
affected the circadian rhythm of the ego’s outgoing telephone
call activity. To do this, we selected each ego’s 2 most
frequently called alters for periods T1, T2, and T3 and for each
of the four time bins. Next, we calculated the corresponding
fraction of calls over each ego’s entire, 12-month, outgoing
telephone call activity.

Statistical Tools
Normalization
To visualize the peaks and troughs of each individual’s
telephone call activity, we normalized the daily ratio of their
calls to be contained between 0 and 1, which enables us to avoid
any excessive influence of extreme values on the graph’s colors.
To this end, we used a unity-based normalization formula [29].
Formally, let n be the number of participants included in the
study. Let (pi(t))i=1,k be the vector for the daily ratio of calls
http://mhealth.jmir.org/2020/2/e12452/
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3.

The first step is the origin entropy calculation. This
measures the diversity of the alters called by each ego in
each of the four 6-hour intervals or bins during the day.
The frequency of outgoing calls from each older adult to
each of their alters is calculated separately for each 6-hour
interval. Then, an entropy value—the origin entropy
[22]—is calculated for each of these periods. This
calculation enables us to quantify the proportion of distinct
alters called by each older adult during corresponding
periods.
The second step is the reference entropy calculation. This
measures the diversity of alters called by each older adult
during the day using a random configuration, named the
null model, where there is no alter-specificity [22]. In the
null model, the original call frequency patterns and the
number of calls made to each alter are the same as in the
original dataset, but associations between alters and the
hour of calls are randomly shuffled so as to have no
particular alter-specificity.
The third step is the relative entropy calculation. This
compares the alter-specificity measurements obtained in
step 1 with the alter-specificity measurements of their
corresponding null models obtained in step 2.

In detail, this occurs for a given ego i, where i is between 1 and
n, and n=21 is the number of participants.

Step 1: Origin Entropy
Formally, let Ai={ai1...aim}, ego i’s set of alters, where m
represents the size of his or her telephone social network. We
define origin entropy at a given 6-hour interval t, as in equation
7 in Figure 1.
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Step 2: Reference Entropy
We next define a null model, which simulates a system without
a specific alter-structure. The number of calls from ego i to each
alter is maintained, but the times of calls to their alters are
shuffled in order to simulate randomness in each 2-week period,
as done by Aledavood et al [22]. Next, for each 6-hour interval
t of the shuffled dataset, we calculate the corresponding
Horigin(i,t) as defined in step 1. The reference entropy is obtained
by iterating this process n=1000 times, as previously described,
and calculating the corresponding average Horigin for each time
interval.

Step 3: Relative Entropy
To estimate the alter-specificity of the original system, we
normalized the origin entropy of ego i at each time interval t by
their previously calculated reference entropy:
Hrelative(i,t)=Horigin(i,t)/Hreference(i,t)

Results
There Are Circadian Rhythms in the Outgoing
Telephone Call Activity of Older Adults
This study’s results suggest the existence of circadian rhythms
in the outgoing telephone call activity of older adults at both
the aggregate and individual levels. At the aggregate level,
Figure 2 shows that the population’s average circadian pattern
of outgoing telephone call activity was marked by two distinct
peaks: one in midmorning, around 10 am, and one toward the
end of the day, around 6 pm. These twin peaks were separated
by a period of low activity in the afternoon, beginning at around

Aubourg et al
2 pm. The first activity peak, in midmorning, was higher than
a second peak that occurred at the end of the afternoon.
Interestingly, there was a small nocturnal activity peak at around
2 am, which was unusual with regard to the dataset’s marked
diurnal pattern.
First observations were subsequently refined by zooming into
the individual level. The results also highlighted the circadian
rhythms of outgoing telephone call activity for each participant
separately. Figure 3, A illustrates the different outgoing
communication patterns of a sample of 6 distinct egos from
night to evening. Individuals A and E showed a preference for
calling in the morning, whereas individuals B, C, and F preferred
the afternoons or evenings. In particular, we noted a potential
atypical pattern illustrated in Figure 3, A. Individual D displayed
a prominent and atypical nocturnal calling activity at around
2 am and, interestingly, it was directed to one specific alter.
To put these examples back into their context, we normalized
each ego’s hourly call frequencies between 0 and 1, where 1
was assigned to the maximums reached and 0 to the minimums
reached (see Statistical Tools in the Methods section). This
standardization enables us to avoid the visual distraction and
influence of extreme values, such as any particularly high peaks
in telephone call activity, when mapping frequencies on a graph.
Thus, the results are displayed on the comparative heat map of
Figure 3, B, synthetically illustrating the existence of the older
adults’ various circadian rhythms, from night to evening. It
seems that individual D was the only one leading a nocturnal
lifestyle, but this observation explains the small, atypical
nocturnal activity peak occurring at around 2 am at the aggregate
level (see Figure 2).

Figure 2. Aggregate-level circadian pattern of the outgoing telephone call activity of older adults. Bars represent the average hourly frequency of
outgoing telephone calls. Error bars represent the hourly standard deviations. The wide range of the 5% error bars indicates that average outgoing
telephone call activity differed significantly between individuals, especially at 2 am.
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Figure 3. Circadian patterns of outgoing telephone call activities at the individual level. Panel A. Individual circadian patterns of the outgoing telephone
call activity profiles of 6 distinct egos. Each small graph shows a specific ego. The black line represents the average circadian pattern of outgoing
telephone calls for the population, whereas the individual’s circadian pattern of calling is represented by a green or red area indicating higher or lower
outgoing telephone calls than the average. Panel B. Heat map showing 21 individual outgoing telephone call patterns. The entire population’s normalized
individual circadian patterns are shown aggregated onto one heat map. Each horizontal strip summarizes the circadian pattern of one ego, associating
each hour of the day with the corresponding ratio of outgoing telephone calls in appropriately colored boxes. The greater the ratio of outgoing telephone
calls, the brighter the corresponding box.

Circadian Rhythms of Outgoing Telephone Call
Activity May Be Consistent Among Older Adults
The consistency of the circadian rhythms calculated above was
confirmed by our persistence analysis (see Methods section for
details). Figure 4 displays the results of this analysis for all the
egos. The average self-distance Dself of all the egos is clearly
lower than their average reference distance Dref. More precisely,
on average, <Dself>=0.24 (SD 0.06), whereas <Dref>=0.38 (SD
0.07). Indeed, all the egos’ self-distances were lower than their
reference distances, which implies that their circadian patterns
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tended to retain their shape over time. These results were also
confirmed using Aledavood et al’s more statistical approach
[22]. We compared each ego’s successive circadian rhythms of
outgoing telephone call activity by using a Kolmogorov-Smirnov
comparison test. We obtained P values greater than .05 in all
42 cases (21 participants; Dself and Dref), implying that the case
for suggesting similarity between successive egos’ patterns
cannot be rejected. We also repeated the analysis by changing
the JSD measure for a classic Euclidean distance (L2), as
proposed by Aledavood et al [22], and drew a similar
conclusion. See Table 2 for details.
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Figure 4. Averaged persistence histogram. Red bars represent average reference distances and blue bars represent average self-distances for all the
egos. Blue and red dashed lines represent the average self-distance and reference distance for the entire population, respectively.

Table 2. Summary of the averaged √JSDa and Euclidian distance (L2) metrics for the entire population’s references and self-distances.

a

Measures

√JSD distance

L2 distance

Self-distance, mean (SD)

0.24 (0.06)

0.14 (0.04)

Reference distance, mean (SD)

0.38 (0.07)

0.23 (0.07)

JSD: Jensen-Shannon divergence.

Alter-Specificity Is Indeed Evidenced in the Circadian
Rhythms of Older Adults’ Outgoing Telephone Call
Activity
Overall, these results suggest the existence of alter-specificity
in the circadian rhythms of older adults’ outgoing telephone
call activity. This alter-specificity is reflected by the relative
entropy calculation, which indicates whether communication
with specific alters takes place at specific times of day. Figure
5, A illustrates the relative entropy results calculated for the 6
egos in Figure 3. In general, in this figure, the average entropy
of the population (black line) reveals that egos tend to have low
entropy values in the evening and at night but higher entropies
in the morning and afternoon. The results also imply that older
adults’ communications tend to be more focused on specific
alters in the evening. The figure nevertheless shows that this
trend does not hold for every participant, for instance, ego E.
These examples are put into context in Figure 5, B, which puts
all the individuals’ entropy values for periods T1, T2, and T3
onto one heat map. Although some egos clearly only made
outgoing telephone calls to a narrow range of alters, this
observation cannot be generalized over our entire population
of older adults. Moreover, although a relative entropy value
tending to 1 indicates a broad diversity of alters, as per
Aledavood et al [22], there are specific contexts in which a high
relative entropy value does not necessarily reflect the diversity
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of alters in the egocentric networks of our older individuals.
The appearance of such a context depends on the null model’s
ability for generating significant randomness (see Statistical
Tools in Methods section for details). If we consider an older
individual whose entire nocturnal outgoing telephone call
activity consists of a single call, this context should be evidenced
by a low origin entropy value tending to 0. Consequently, a null
model with a random structure should also logically provide a
low reference entropy value tending to 0. There is no way to
break down such detail because, by definition, the null model
affects individuals’ time associations but preserves the number
and time frequencies of calls. Thus, normalizing such a small
origin entropy value by such a small reference entropy value,
even when averaged, automatically makes the resulting relative
entropy value skyrocket toward 1. A similar mathematical risk
is attenuated by just a few more calls, but it will still exist if the
ego’s overall outgoing telephone call activity is predominantly
aimed at a few distinct alters. Thus, this paper’s notion of
relative entropy must be considered accurate for making
decisions about alter-specificity in a specific time interval. This
means a high relative entropy tending to 1 does not necessarily
imply the existence of a high diversity of alters in the ego’s
network. Instead, it does not let us conclude that there is a high
degree of alter-specificity. Additionally, Aledavood et al’s
description of relative entropy results [22] also points out other
originalities concerning this notion, such as its ability to exceed
1 in particular contexts.
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Figure 5. Relative entropy values at the individual level. Panel A. The relative entropy values of the same 6 individuals described in Figure 2 for the
night, morning, afternoon, and evening are calculated for the first, second, and third 4-month periods: T1 (red curve), T2 (green curve), and T3 (blue
curve), respectively. The black curve represents the whole population’s average relative entropy value over the three periods. Panel B. The heat map
summarizes all the relative entropy values of all 21 egos. The lower or higher the relative entropy, the brighter or darker the color assigned to it,
respectively. Missing values are assigned a grey color.

The results also suggest that the alter-specificity evidenced
above by the relative entropy may be associated with the older
adult’s 2 most frequently called alters. For example, Figure 6,
A shows the fraction of calls to the top 2 alters averaged at the
population level for the whole year (black line) against those
of the same 6 egos in Figures 2 and 4, averaged for periods T1,
T2, and T3. The population pattern in this figure reveals that
the fraction of calls to the top 2 alters reaches a maximum in
the evening and at night, and it decreases in the morning and
afternoon. It also seems proportionally inversed with the relative
entropy variation (see Figure 5, A). Interestingly, the aggregation
of the results of each individual’s top 2 alters in Figure 6, B’s
heat map seems to confirm this trend. We further evaluated this
trend by calculating the correlation between relative entropy
and the fraction of calls to each ego’s top 2 alters during each
6-hour bin. Of 21 egos, 11 (52%) showed a significant negative
correlation between entropy and the fraction of calls to their top
2 alters (P<.05); the 21-ego population average was close to
-0.87. These results confirmed that for 11 of the 21 egos, a low
entropy value correlated with a high fraction of their calls to
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their top 2 alters. No conclusions could be drawn for the other
10 egos.
Interestingly, by using questionnaire data, as did Aledavood et
al [22], we recorded additional information about the kinds of
telephone communications occurring between egos and alters
throughout the day, according to their social relationship and
the telephone call duration parameter. Two insights from these
results clearly stand out in Figure 7: (1) the duration of outgoing
telephone calls tended to be at a minimum at night and then
increased throughout the day to the evening and (2) on average,
egos communicated for longer with their restricted social
network (ie, family and friends) than with their wider social
network (ie, associations and health professionals). The longest
telephone calls between older individuals and their friends and
family occurred in the evenings. On the contrary, the duration
of telephone calls to health care professionals and associations
decreased throughout the day. This difference was not
surprising. Indeed, in France, associations and health care
professionals are not typically available by telephone after 5 pm.
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Figure 6. Fraction of outgoing telephone calls to top 2 alters at the individual level. Panel A. Each graph displays one participant’s fraction of calls to
their top 2 alters during the night, morning, afternoon, and evening, calculated for periods T1 (red curve), T2 (green curve), and T3 (blue curve). The
black curve represents the average fraction of calls to the top 2 alters of the entire population over the three periods. Panel B. These heat maps summarize
the fractions of outgoing telephone calls going to the top 2 alters of each of the 21 egos. High fractions are assigned brighter colors, whereas low fractions
of calls are assigned darker colora. Missing values are assigned the color grey.

Figure 7. Aggregate-level average call duration throughout the day. Curves represent average call durations from egos to their families (red curve),
friends (green curve), health care professionals (purple curve), and clubs or associations (blue curve).

Discussion
Principal Findings
Because studies to date on the circadian rhythms of telephone
telecommunications at the individual level have focused
especially on young individuals [22-25], we investigated
whether similar results could be observed among older adults.
We focused on a combination of CDRs and questionnaire data
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XSL• FO
RenderX

to examine a small sample of participants aged 65 years or older
(n=21). Our analysis was based on CDRs of their outgoing calls
over 12 consecutive months and was restricted to three specific
telecommunication parameters: (1) the telephone call recipient
(alter), (2) the moment in time, and (3) telephone call duration.
Additionally, we evaluated questionnaire data collected from
participants on their level of closeness with their alters, classified
into the four broad categories of (1) friend, (2) family, (3)
association, and (4) health care professional. To be able to
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compare our results with those in the existing literature, we used
the methodology proposed by Aalto University [22] and focused
on three specific issues: (1) the existence, (2) the consistency,
and (3) the alter-specificity of the circadian rhythms of outgoing
telephone call activity among older adults.
Overall, results showed that older adults had their own specific
circadian rhythms of outgoing telephone call activity; salient
features varied between individuals, with different preferences
involving calling from morning to night and throughout the day
(see Figure 2). It was subsequently demonstrated that these
circadian rhythms of outgoing telephone call activity were also
consistent, as reflected by their persistence over time (see Figure
3). Our investigation of the alter-specificity of these rhythms
showed that they seemed partly structured by how older adults
allocated their communication time among their social network.
Indeed, on average, the relative entropy calculations and the
older adults’ ratios of calls to their top 2 alters (see Figures 4
and 5) suggested that, although the evening and night were
mostly reserved for a few specific alters, the morning and
afternoon were more likely to be used for calling their wider
social network. In addition to this temporal factor, the nature
of telephone communications also seemed to be influenced by
the social relationships between egos and their alters. Indeed,
the average call duration in this older adult population was much
higher for conversations with friends or family than with
contacts in associations or health care. Call duration also varied
throughout the day, with shorter calls in the morning and
afternoon and longer telephone conversations occurring in the
evening and at night.
Taken together, these findings provide the first support for the
hypothesis that telephone CDRs can provide fine-grained data
whose analysis can help to estimate older individual’s circadian
rhythms of telephone call activity. These circadian rhythms
notably influenced the way individuals interacted with their
social network over 24 hours, which may have been a
demonstration of appropriate social sensibility [30]. Sensibility
is linked to the concept of intentionality [30] and may rely, in
this paper, on the older adult’s ability to efficiently organize
and prioritize their communication time throughout the day.
This efficient organization may be reflected by at least two
evident observations: (1) telephone calls to medical professionals
generally took place early in the day, when they were most
readily available, instead of in the evening, an unfavorable time
for business interactions, and (2) calls to friends and family
generally occurred in the evening, when they were more likely
to be available and responsive. For retired people, this second
point could reflect the fact that family and friends have social
constraints of their own, such as work schedules, household
tasks, or childcare duties, making them unwilling to accept
being disturbed as their days begin. Thus, based on social
sensibility, particular changes in the circadian rhythms of
telephone call activity, such as persistent attempts to call friends
and family in the morning and health care professionals in the
evening, may be representative of a behavioral drift. This drift
may be a valuable indication of a disruption to their ability to
organize or prioritize social calls throughout the day. Three
points thus stand out:
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At the social level, these findings suggest that the results
of recent studies on young populations could be extended
to older ones [22]. A relevant perspective for future studies
surely lies in increasing the sample sizes of the populations
studied to compare these results against findings with
greater statistical power.
At the health monitoring level, telephones have the potential
to become sensors of older adults’ daily social activities.
The valuable data they generate about older adults’ social
lives, such as how they communicate with relatives and
health care professionals over time, promises future
innovative monitoring methods. Information collected
objectively and noninvasively could provide health care
professionals with behavioral insights about their patients
in the form of alerts. Direct reflections of an individual’s
telephone call activity [31] may help those professionals
to better prevent the occurrence or worsening of certain
severe health issues, such as social isolation or depression
[17]. Clinicians might also use older individuals’ circadian
rhythms of social activity or social sensibility timing to
determine the best time of day to send health care prompts
and information or set up individual telephone consultations
by targeting hours when patients are more inclined to
respond [32]. Enhancing the synergies between health care
professionals, patients, and new monitoring technologies
[33] could help to reinforce preventive, participative,
pluri-expert, predictive, and personalized (5P) medicine
[34].
At the clinical level, the information on social activity
provided by CDRs could be harnessed to complement
existing innovative approaches to monitoring physical
activity, such as actigraphy [11,35], to provide a complete
picture of older adults’ daily activities. They could also
enrich traditional methods of clinical practice, such as health
questionnaires requiring the patient’s active participation
at a given time, by means of passive daily data collection
that requires no supplementary effort from the patient.

It is also important to mention that in the field of health research,
the methods designed by Aledavood et al [22] and used in this
paper could provide a methodology for measuring the quality
of CDRs. This is a challenging point given that the numerous
studies investigating correlations between specific health issues,
such as depressive symptoms [30], and daily behaviors measured
using telephone data have (1) shown significant but
contradictory results [36] and (2) not yet had their discrepancies
explained. Hence, by assessing the consistency of the observed
phenomena in such studies, persistence analysis could be an
interesting means of addressing these two points together.
Telephones and the methodology used in this paper may provide
an innovative, relevant future direction for the field of health
monitoring of older adults. However, before classifying the
telephone as a valid clinical sensor of social activity in older
populations, a number of caveats and limitations should be
considered.

Limitations
First, any rapid, straightforward generalization of our results
should be avoided because of the small sample size of 21 older
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adults remaining after the data preprocessing step. This small
sample means that our results could suffer from an as yet
unquantified selection bias. Our interest in working with a small
sample of individuals lies in the opportunity to collect, monitor,
and analyze individual datasets of significant richness, mixing
behavioral observations with social information over a long
period of time. The added value of a study with such a dataset
configuration is not the generalization of results but rather the
acquisition of significant insights for future studies of big data
[22].
Because we followed our preprocessing step precisely
[26]—also used for circadian rhythm estimation methodology
in telephone calls [22]—our data may have been open to another
selection bias. Of our 26 initial participants, only those who had
been active throughout the observation period were selected,
as in previous studies [26]. Individuals whose telephone call
activity ceased for any given reason were excluded from this
study. On the one hand, filtering was justified because it
separated viable participants from those who had encountered
specific problems, such as changing telephones, changing
telecommunications operators, or a desire to withdraw from the
study for personal reasons. On the other hand, the preprocessing
step could prove problematic in some cases because a lack of
information could be a source of information in itself [37]. This
is the case when missing values result from a change in
individual behavior caused by a given event or a set of events,
such as an accident, a disease, anxiety, depression, or social
isolation. Consequently, excluding individuals from the study
because of an absence of telephone call activity automatically
introduced a clear selection bias into our analysis. Thus, we
have to mention that our results only stand for older individuals
who showed telephone call activity throughout the entire
duration of the study.
Finally, our results did not indicate that the circadian pattern of
outgoing telephone call activity of any individual was a
manifestation of their complete inherent circadian rhythm.

Aubourg et al
Telephone call patterns should only be interpreted as an insight
into an individual’s overall behavior, one that allows us to draw
a first draft of their true inherent circadian rhythm. In today’s
hyperconnected society, individuals can have social interactions
through multiple communication media: telephone calls, text
messages, or virtual social networks. A relevant way to enhance
the robustness of circadian estimation could be to combine
outgoing telephone call patterns with other sources of data (eg,
incoming calls, text messages, and location data) and, more
generally, to attempt a multidimensional analysis based on active
and passive temporal data from telephones [38]. In the last few
years, combining such data at the individual level has led to the
birth of totally new domains of research [39]. For instance, in
health, the digital phenotyping concept [40] attempts to surpass
the expectations of classic individual actigraphy by mixing
active and passive data generated by everyday tools like mobile
phones [41]. Actigraphy typically presents such obvious
disadvantages as the perceptions that it is both too invasive for
patients with regard to medical protocols and too vague with
regard to their social situation. Using a mobile phone as a
multi-sensor can eliminate the costs of multiple external
actigraphy devices, and this everyday object eases patients’
concerns about health care monitoring. A recent study [42] even
reported that patients were more likely to share their suicidal
thoughts with a mobile phone app than with their own
psychiatrist.

Perspectives for the Future
As other authors have mentioned [22], it would be interesting
for future studies to compare individuals’ incoming and outgoing
communications with their social network. This could be all the
more important in health care contexts given that disruptions
to an individual’s social interactions may be the sign of such
severe health issues as depression [17]. With this in mind, we
have immediate plans for a follow-up study comparing incoming
and outgoing telephone calls in the hope of revealing any
synchronous or asynchronous phenomena at the individual level.

Acknowledgments
We thank the reviewers for critically reading the manuscript and suggesting substantial improvements. We also thank Félix
Renard for providing us his feedback on earlier drafts of the manuscript.

Authors' Contributions
This work is part of the PhD thesis of the first author TA, co-supervised by NV and HP, within the Telecom4Health program.
TA, HP and NV contributed to conception and design of the study. HP and NV performed data collection. TA organized the
database and performed the statistical analysis. TA, JD, HP and NV interpreted the data. TA wrote the first draft of the manuscript.
TA, JD, HP and NV contributed to manuscript revision.

Conflicts of Interest
None declared.

References
1.

2.

Czeisler CA, Duffy JF, Shanahan TL, Brown EN, Mitchell JF, Rimmer DW, et al. Stability, precision, and near-24-hour
period of the human circadian pacemaker. Science 1999 Jun 25;284(5423):2177-2181 [FREE Full text] [doi:
10.1126/science.284.5423.2177] [Medline: 10381883]
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. [doi: 10.1080/07420528.2018.1527347] [Medline: 30365354]

http://mhealth.jmir.org/2020/2/e12452/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 2 | e12452 | p. 12
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
3.

4.

5.

6.
7.

8.
9.
10.
11.
12.

13.

14.

15.

16.

17.

18.
19.
20.

21.

22.
23.
24.

Wehrens SMT, Christou S, Isherwood C, Middleton B, Gibbs MA, Archer SN, et al. Meal timing regulates the human
circadian system. Curr Biol 2017 Jun 19;27(12):1768-1775.e3 [FREE Full text] [doi: 10.1016/j.cub.2017.04.059] [Medline:
28578930]
James SM, Honn KA, Gaddameedhi S, Van Dongen HPA. Shift work: Disrupted circadian rhythms and sleep-implications
for health and well-being. Curr Sleep Med Rep 2017 Jun;3(2):104-112 [FREE Full text] [doi: 10.1007/s40675-017-0071-6]
[Medline: 29057204]
Kawasaki A, Wisniewski S, Healey B, Pattyn N, Kunz D, Basner M, et al. Impact of long-term daylight deprivation on
retinal light sensitivity, circadian rhythms and sleep during the Antarctic winter. Sci Rep 2018 Nov 01;8(1):16185 [FREE
Full text] [doi: 10.1038/s41598-018-33450-7] [Medline: 30385850]
Virone G, Alwan M, Dalal S, Kell S, Turner B, Stankovic J, et al. Behavioral patterns of older-adults in assisted living.
IEEE Trans Inf Technol Biomed 2008 May;12(3):387-398. [doi: 10.1109/titb.2007.904157] [Medline: 18693506]
Van Cauwenberg J, Van Holle V, De Bourdeaudhuij I, Owen N, Deforche B. Diurnal patterns and correlates of older adults'
sedentary behavior. PLoS One 2015;10(8):e0133175 [FREE Full text] [doi: 10.1371/journal.pone.0133175] [Medline:
26244676]
Sun R, Sosnoff JJ. Novel sensing technology in fall risk assessment in older adults: A systematic review. BMC Geriatr
2018 Jan 16;18(1):14 [FREE Full text] [doi: 10.1186/s12877-018-0706-6] [Medline: 29338695]
Mattis J, Sehgal A. Circadian rhythms, sleep, and disorders of aging. Trends Endocrinol Metab 2016 Apr;27(4):192-203
[FREE Full text] [doi: 10.1016/j.tem.2016.02.003] [Medline: 26947521]
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] [Medline: 29262995]
Ancoli-Israel S, Cole R, Alessi C, Chambers M, Moorcroft W, Pollak C. The role of actigraphy in the study of sleep and
circadian rhythms. Sleep 2003 May 01;26(3):342-392. [doi: 10.1093/sleep/26.3.342] [Medline: 12749557]
Straiton N, Alharbi M, Bauman A, Neubeck L, Gullick J, Bhindi R, et al. The validity and reliability of consumer-grade
activity trackers in older, community-dwelling adults: A systematic review. Maturitas 2018 Jun;112:85-93. [doi:
10.1016/j.maturitas.2018.03.016] [Medline: 29704922]
Wu JQ, Li P, Stavitsky Gilbert K, Hu K, Cronin-Golomb A. Circadian rest-activity rhythms predict cognitive function in
early Parkinson's disease independently of sleep. Mov Disord Clin Pract 2018;5(6):614-619 [FREE Full text] [doi:
10.1002/mdc3.12692] [Medline: 30637282]
Rogers TS, Blackwell TL, Lane NE, Tranah G, Orwoll ES, Cauley JA, et al. Rest-activity patterns and falls and fractures
in older men. Osteoporos Int 2017 Apr;28(4):1313-1322 [FREE Full text] [doi: 10.1007/s00198-016-3874-2] [Medline:
28013364]
Götze H, Brähler E, Gansera L, Schnabel A, Gottschalk-Fleischer A, Köhler N. Anxiety, depression and quality of life in
family caregivers of palliative cancer patients during home care and after the patient's death. Eur J Cancer Care (Engl) 2018
Mar;27(2):e12606. [doi: 10.1111/ecc.12606] [Medline: 27859889]
Hamm JM, Heckhausen J, Shane J, Infurna FJ, Lachman ME. Engagement with six major life domains during the transition
to retirement: Stability and change for better or worse. Psychol Aging 2019 May;34(3):441-456. [doi: 10.1037/pag0000343]
[Medline: 30973238]
Domènech-Abella J, Lara E, Rubio-Valera M, Olaya B, Moneta MV, Rico-Uribe LA, et al. Loneliness and depression in
the elderly: The role of social network. Soc Psychiatry Psychiatr Epidemiol 2017 Apr;52(4):381-390. [doi:
10.1007/s00127-017-1339-3] [Medline: 28154893]
Grandin LD, Alloy LB, Abramson LY. The social 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]
Blondel V, Decuyper A, Krings G. A survey of results on mobile phone datasets analysis. EPJ Data Sci 2015 Aug 5;4(1):10.
[doi: 10.1140/epjds/s13688-015-0046-0]
Russ TC, 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]
Jones KH, Daniels H, Heys S, Ford DV. Challenges and potential opportunities of mobile phone call detail records in health
research: Review. JMIR Mhealth Uhealth 2018 Jul 19;6(7):e161 [FREE Full text] [doi: 10.2196/mhealth.9974] [Medline:
30026176]
Aledavood T, López E, Roberts SG, Reed-Tsochas F, Moro E, Dunbar RI, et al. Daily rhythms in mobile telephone
communication. PLoS One 2015;10(9):e0138098 [FREE Full text] [doi: 10.1371/journal.pone.0138098] [Medline: 26390215]
Aledavood T, Lehmann S, Saramäki J. Digital daily cycles of individuals. Front Physiol 2015 Oct 07;3:7. [doi:
10.3389/fphy.2015.00073]
Aledavood T, Lopez E, Roberts SGB, Reed-Tsochas F, Moro E, Dunbar RIM, et al. Channel-specific daily patterns in
mobile communication. In: Proceedings of European Conference on Complex Systems 2014. Cham, Switzerland: Springer
International Publishing; 2016 May Presented at: European Conference on Complex Systems 2014; September 22-26, 2014;
Lucca, Italy p. 209-218 URL: https://chesterrep.openrepository.com/handle/10034/611411

http://mhealth.jmir.org/2020/2/e12452/

XSL• FO
RenderX

Aubourg et al

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 2 | e12452 | p. 13
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
25.
26.

27.
28.
29.
30.
31.

32.
33.

34.

35.

36.

37.

38.
39.
40.
41.

42.

Aubourg et al

Aledavood T, Lehmann S, Saramäki J. Social network differences of chronotypes identified from mobile phone data. EPJ
Data Sci 2018 Oct 24;7(1):1-13. [doi: 10.1140/epjds/s13688-018-0174-4]
Saramäki J, Leicht EA, López E, Roberts SG, Reed-Tsochas F, Dunbar RI. Persistence of social signatures in human
communication. Proc Natl Acad Sci U S A 2014 Jan 21;111(3):942-947 [FREE Full text] [doi: 10.1073/pnas.1308540110]
[Medline: 24395777]
Lin J. Divergence measures based on the Shannon entropy. IEEE Trans Inf Theory 1991;37(1):145-151. [doi:
10.1109/18.61115]
Saramäki J, Moro E. From seconds to months: An overview of multi-scale dynamics of mobile telephone calls. Eur Phys
J B 2015 Jun 24;88(6):1. [doi: 10.1140/epjb/e2015-60106-6]
Dodge Y, editor. The Oxford Dictionary of Statistical Terms. 6th edition. Oxford, UK: Oxford University Press; 2006.
Schulkin J. Roots of Social Sensibility and Neural Function. Cambridge, MA: MIT Press; 2000.
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]
Garm A, Park GH, Song X. Using an electronic comprehensive geriatric assessment and health coaching to prevent frailty
in primary care: The CARES Model. Med Clin Rev 2017;3(S1):9 [FREE Full text] [doi: 10.21767/2471-299X.1000051]
Orth M, Averina M, Chatzipanagiotou S, Faure G, Haushofer A, Kusec V, et al. Opinion: Redefining the role of the physician
in laboratory medicine in the context of emerging technologies, personalised medicine and patient autonomy ('4P medicine').
J Clin Pathol 2019 Mar;72(3):191-197 [FREE Full text] [doi: 10.1136/jclinpath-2017-204734] [Medline: 29273576]
Demongeot J, Jelassi M, Taramasco C. Big data approach for managing the information from genomics, proteomics, and
wireless sensing in e-health. In: Dey N, Bhatt C, Ashour A, editors. Big Data for Remote Sensing: Visualization, Analysis
and Interpretation. Cham, Switzerland: Springer International Publishing; 2019.
Ho S, Mohtadi A, Daud K, Leonards U, Handy TC. Using smartphone accelerometry 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]
Rohani DA, Faurholt-Jepsen M, Kessing LV, Bardram JE. Correlations between objective behavioral features collected
from mobile and wearable devices and depressive mood symptoms in patients with affective disorders: Systematic review.
JMIR Mhealth Uhealth 2018 Aug 13;6(8):e165 [FREE Full text] [doi: 10.2196/mhealth.9691] [Medline: 30104184]
Torous J, Staples P, Barnett I, Sandoval L, Keshavan M, Onnela JP. Characterizing the clinical relevance of digital
phenotyping data quality with applications to a cohort with schizophrenia. NPJ Digit Med 2018;1:15 [FREE Full text] [doi:
10.1038/s41746-018-0022-8] [Medline: 31304300]
Quadri C, Zignani M, Capra L, Gaito S, Rossi GP. Multidimensional human dynamics in mobile phone communications.
PLoS One 2014;9(7):e103183 [FREE Full text] [doi: 10.1371/journal.pone.0103183] [Medline: 25068479]
Jain SH, Powers BW, Hawkins JB, Brownstein JS. The digital phenotype. Nat Biotechnol 2015 May;33(5):462-463. [doi:
10.1038/nbt.3223] [Medline: 25965751]
Onnela J, Rauch SL. Harnessing smartphone-based digital phenotyping to enhance behavioral and mental health.
Neuropsychopharmacology 2016 Jun;41(7):1691-1696 [FREE Full text] [doi: 10.1038/npp.2016.7] [Medline: 26818126]
Torous J, Onnela J, Keshavan M. New dimensions and new tools to realize the potential of RDoC: Digital phenotyping via
smartphones and connected devices. Transl Psychiatry 2017 Mar 07;7(3):e1053 [FREE Full text] [doi: 10.1038/tp.2017.25]
[Medline: 28267146]
Torous J, Staples P, Shanahan M, Lin C, Peck P, Keshavan M, et al. Utilizing a personal smartphone custom app to assess
the Patient Health Questionnaire-9 (PHQ-9) depressive symptoms in patients with major depressive disorder. JMIR Ment
Health 2015;2(1):e8 [FREE Full text] [doi: 10.2196/mental.3889] [Medline: 26543914]

Abbreviations
5P: preventive, participative, pluri-expert, predictive, and personalized
CDR: call-detail record
CNIL: Commission Nationale de l'Informatique et des Libertés
JSD: Jensen-Shannon divergence
L2: Euclidean distance
SCN: suprachiasmatic nucleus
T1: first 4-month period
T2: second 4-month period
T3: third 4-month period

http://mhealth.jmir.org/2020/2/e12452/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 2 | e12452 | p. 14
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Aubourg et al

Edited by G Eysenbach; submitted 09.10.18; peer-reviewed by M Jordan-Marsh, P Santana-Mancilla, M Ghajarzadeh; comments to
author 31.03.19; revised version received 24.05.19; accepted 28.06.19; published 25.02.20
Please cite as:
Aubourg T, Demongeot J, Provost H, Vuillerme N
Circadian Rhythms in the Telephone Calls of Older Adults: Observational Descriptive Study
JMIR Mhealth Uhealth 2020;8(2):e12452
URL: http://mhealth.jmir.org/2020/2/e12452/
doi: 10.2196/12452
PMID: 32130156

©Timothée Aubourg, Jacques Demongeot, Hervé Provost, Nicolas Vuillerme. Originally published in JMIR mHealth and uHealth
(http://mhealth.jmir.org), 25.02.2020. 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 JMIR mHealth and uHealth, is properly cited. The complete bibliographic
information, a link to the original publication on http://mhealth.jmir.org/, as well as this copyright and license information must
be included.

http://mhealth.jmir.org/2020/2/e12452/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2020 | vol. 8 | iss. 2 | e12452 | p. 15
(page number not for citation purposes)

