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Channel-Specific Daily Patterns in Mobile
Phone Communication
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Abstract Humans follow circadian rhythms, visible in their activity levels as well as
physiological and psychological factors. Such rhythms are also visible in electronic
communication records, where the aggregated activity levels of e.g.mobile telephone
calls or Wikipedia edits are known to follow their own daily patterns. Here, we study
the daily communication patterns of 24 individuals over 18months, and show each
individual has a different, persistent communication pattern. These patterns may
differ for calls and text messages, which points towards calls and texts serving a
different role in communication. For both calls and texts, evenings play a special
role. There are also differences in the daily patterns of males and females both for
calls and texts, both in how they communicate with individuals of the same gender
versus opposite gender, and also in how communication is allocated at social ties
of different nature (kin ties vs. non-kin ties). Taken together, our results show that
there is an unexpected richness to the daily communication patterns, from different
types of ties being activated at different times of day to different roles of channels
and gender differences.
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18.1 Introduction

The human body is equipped with a circadian pacemaker that gives rise to 24-h
rhythms in biological processes within the body, as well as in behavioural patterns
[1–3]. Studies of human circadian rhythms have traditionally been small-scale studies
that involve direct monitoring of human subjects. However, for more than a decade
now, automated electronic records of human behaviour have given researchers the
ability to study human dynamics and behavioural patterns in unprecedented ways.
Circadian rhythms are clearly visible e.g. in records ofWikipedia andOpenStreetMap
editing [4, 5], mobile telephone calls [6, 7] and on Twitter [8].While it is well-known
that there is a lot of individual variation in circadian rhythms, these and most other
studies of electronic records have focused on aggregate-level phenomena. In [9],
the authors of the present work studied the daily mobile telephone call patterns of
individuals and the persistence of such patterns. Here, we expand on this work and
also consider another communication channel: text messages.

In [9], we showed that individuals have their own distinct daily call patterns, and
that these patterns are persistent for each individual even when their social networks
undergo turnover. Further, these patternswere seen to have a social dimension: calls at
late hours were often associated with close relationships. Because text messages may
serve a different purpose in maintaining social relationships than calls (see, e.g., [10,
11]), we address the question of whether the daily patterns of text messaging are
similar to those of calls, and whether individuals have their distinct, persistent text
messaging patterns. Also, because significant differences were seen in call patterns
to the same versus the opposite gender, as well as kin versus friendship ties, we study
the daily text messaging patterns from this point of view.

Weuse the same longitudinal data set of time-stamped text communication records
of 24 individuals as in [9] (for details, see Sect. 18.2). Our results are summarised as
follows: first, each individual’s text messaging frequency is seen to exhibit distinct
daily patterns that are persistent over time, similarly to calls. However, the text
messaging and call patterns may differ significantly for a given individual, and on
average, text messages are sent more frequently at later hours of the day. Since there
is a high level of social network turnover in the studied data set, the persistence of
daily patterns for both communication channels indicates that these patterns are not
explained in terms of preferred communication timings or channels with specific
alters, but rather they contain a component intrinsic to each individual. Further, the
difference between the channels is exemplified by daily entropy patterns: even though
both calls and texts are targeted at a less diverse set of alters at the late hours, the
clear correlation between calls to closest alters and the least diverse times of day is
missing for text messages.

Regarding gender differences, we observed that the total number of text messages
is about 1.5 times higher for females thanmales (for calls, the numbers are practically
the same). At the same time, both genders have similar daily trends, sending out the
largest numbers of texts in the evening. Calls to kin and family are overall much
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less frequent than to calls to friends and acquaintances, and text messages to kin are
even more infrequent. However, females communicate with their kin by text around
3 times more frequently than males do.

18.2 Data

For this study, we have used a longitudinal data set of 18months of auto-recorded,
time-stamped phone calls and text communication records of 24 individuals (“egos”
in the following). This data set has been used earlier in [9, 12, 13]. Altogether, this
data set consists of 74,124 calls and 273,501 text messages, with time stamps at a
resolution of one second. The large number of texts compared to calls may have to
do with the young age of participants (∼18years at the beginning of the study), as
well as with conversations via text messages generating a large number of messages,
whereas a conversation via a phone call leaves one record only. As the original pur-
pose of collecting this data was to study turnover in social networks of individuals,
the setting was chosen such that all participants were in their last year of high school
at the beginning of the study, and later went either to work or university (often in
another city), after about 6months of data collection. The participants also took part
in 3 surveys, separated by 9months, designed to provide complementary information
about members of their communication network (“alters” in the following). Infor-
mation on gender and kinship as well as data on how emotionally close egos felt to
their alters were collected with these surveys. For further details, please see [12].

18.3 Results

18.3.1 Channel-Specific Daily Patterns and Their Persistence

In order to compute the daily patterns of texting for each individual, we begin by
segmenting our data temporally. We make two temporal divisions: first, at the level
of days, we divide each day to 24 one-hour bins and compute the number of calls
and text messages inside each bin. In order to address the persistence of the observed
patterns, we divide the 18-month time span of our data into three 6-month intervals,
I1, I2, and I3. The end of the first time interval I1 coincides with early autumn, where
the participants move on in their lives and begin work or studies at university. The
second time interval, I2, then spans a time range where a major change has taken
place in the participants’ lives and they are settling in a new environment with major
turnover in their social networks.

For each ego, we aggregate all events (calls or texts) within each time interval
(I1, I2 or I3) to the hourly bins. To arrive at the daily text or call patterns measur-
ing frequency as function of time, we then sum up and normalise the numbers of
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Fig. 18.1 a–d The daily text patterns of 4 individuals, e–h the daily call patterns of the same
individuals. The average fraction of calls/texts at each hour of day is denoted by red lines. These
have been computed for each of the three 6-month intervals, I1, I2, and I3. The average call and text
patterns, averaged over the patterns of all 24 individuals, are shown as black lines. Green shading
indicates where an individual’s call/text fraction is above average, whereas red shading indicates the
opposite. Note The persistence of individual patterns (overlap of green/red areas for an individual)
as well as the differences between call and text patterns

respective events at each hour of day. This is repeated separately for each 6-month
interval, and each ego. Daily text and call patterns calculated in this manner are
displayed in Fig. 18.1 for four different individuals, together with averages over all
24 individuals. It can be seen that each individual has their own distinct text and call
pattern, and both patterns appear fairly persistent over time. It is also evident that the
call and text patterns may significantly differ for a given ego. Likewise, there is a
clear difference between the average daily patterns of calls and texts: the frequency
of text messaging peaks at later hours of the day, whereas the majority of calls are
made in the afternoon. This supports the notion of calls and text messages serving
different social and communication functions.

For quantifying the persistence of each individual’s daily text patterns, we use the
Jensen-Shannon Divergence (JSD) as a measure of distance between two patterns,
similarly to previous works [9, 13]. The JSD is a measure of the dissimilarity of
two probability distributions. It is an extension of the Kullback-Leibler divergence
(KLD), with the important difference that it can be used for discrete probability
distributions with zero-valued elements. For two discrete probability distributions
P1 and P2, the JSD is defined as

JSD(P1, P2) = H
!
1
2
P1 +

1
2
P2

"
− 1

2
[H(P1) − H(P2)], (18.1)
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Fig. 18.2 Distributions of
the values of the
Jensen-Shannon divergence,
measured between each
individual ego’s daily text
patterns in different 6-month
intervals (dself ) and between
patterns of different egos
(dref ). Self-distances dself are
mostly lower than the
reference distances,
indicating that each
individual’s daily text
patterns preserve their shape
through the 6-month
intervals
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where H is the Shannon entropy, H(P) = −#
p(t) log p(t). Here, we set Pi =

{pi (t)}, where t indicates the (binned) time of day, and i = 1, 2 denotes the two
distributions to be compared (e.g. the two distributions corresponding to I1 and I2
for one ego). We calculate the self-distance dself for each ego as the average of the
JSDs between daily patterns for intervals I1 and I2 and for intervals I2 and I3. For
a reference distance dref with which to compare these values, we calculate the JSD
between the daily patterns of each ego and each of the other egos (within the same
time interval), repeating this for all pairs of individuals and all time intervals. The
result can be seen in Fig. 18.2. It is evident that on average the self-distances dself
are smaller than the reference distances dref , indicating that each individual’s daily
patterns are fairly persistent. The same was observed for calls in [9], but here the
differences between self and reference distances are even more evident, i.e. daily text
patterns appear to retain their shape even better than call patterns.

18.3.2 Specifity in Communication: Who Is Contacted
and When?

Studies of call records with the data set at hand have revealed a social dimension
within the daily patterns: for calls, the diversity of called individuals is on average
lower in the evenings and especially at night [9].When the called alters are ranked on
the basis of the number of calls, it is seen that the fraction of calls to top-ranked alters
is often high when the diversity is low; typically, evenings and nights are “reserved”
for top-ranked alters.
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Fig. 18.3 The relative entropies for the same 4 individuals as in Fig. 18.1. a–dRelative entropies for
textmessages, e–h relative entropies for calls. The black line denotes average over all 24 individuals;
the coloured lines correspond to the different 6-month intervals for each individual. Time periods
are 6–12AM (Morning), 12AM–6PM (Afternoon), 6–12PM (Evening) and 12PM–6AM (Night)

Here,we set out to studywhether similar effects can be detectedwith textmessages
(note that as seen in Fig. 18.1, calls and texts may follow different daily cycles).
We approach the problem using relative entropies as in [9]: first, we measure the
diversity of called/texted alters in the 6-h bins (6–12AM (morning), 12AM–6PM
(afternoon), 6–12PM (evening) and 12PM–6AM (night)), by computing bin-wise
call/text entropies for each ego and interval. These are then normalised by the average
entropies computed with a null model, where all called alters are randomly shuffled
among calls for one ego (see Methods for details). This null model corresponds to
the hypothesis that given the cumulative numbers of calls/texts to each alter and the
overall daily pattern, there are no preferred times of calling/texting.

As seen in Fig. 18.3, the average relative entropies for texting follow a similar
pattern as the call entropies, the only difference being that the pattern is slightly
more flat. Thus, similarly to calls, text messages in the afternoon are targeted at a
more diverse subset of alters—the relative entropy close to unity indicates that there
are no specific preferences. To the contrary, at night and to a smaller extent in the
evening, text messages are frequently sent to a specific subset of alters. Note that
there is a lot of variation in the individual entropy patterns.

In [9], it was seen that low entropy is often associated with calls to top-ranked
alters.We computed the correlation coefficients between relative entropy and fraction
of texts to top3 alters separately for each ego (to avoid the ecological fallacyproblem).
Unlike for calls, only 7 out of 24 correlation coefficients had a p-value less than
0.05, and out of those, 6 coefficients displayed negative correlations. Hence, unlike
for calls, communication focused at top-ranked alters do not necessarily explain the
low-entropy time ranges. This may have to do with text messages serving a different
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role in communication, as also seen in the daily frequency patterns. However, 6
out of 7 statistically significant correlation coefficients were still clearly negative,
averaging at r ≈ −0.75, so for certain individuals, a high level of communication to
top-ranked alters at certain hours explains the entropy variation.

18.3.3 Gender Differences in Communication Patterns

Next, we turn to gender differences in the daily communication patterns. Overall,
when comparing the total numbers of calls and texts, we observe that there is a
considerably higher total number of texts than calls, both for males and females.
This may have to do with the study participants being about 18years of age, as heavy
users of text messaging are often found in the younger age groups. Further, carrying
out a single conversation via text messages may involve a large number of texts.

We also see that calls and texts have a different average daily pattern, with calls
peaking in the afternoon and texts in the evening (see Fig. 18.4). Frequent texts in
the evening may be related to youth culture and communication conventions, and
may also have to do with the intrusiveness of the channel; as seen in [9], calls
at late hours are often targeted at a small subset of closest alters. Comparing the
communication patterns of males and females, we see that the total numbers of calls
made by males and females during the 18months of data collection are almost equal,
whereas females tend to text much more frequently than males. This difference is
largest in the evening (see Fig. 18.4). Overall, the total number of text messages is
about 1.5 times higher for females than males.

Focusing on different types of social ties, we see that even though the number
of calls to friends and kin are similar, for texts they are very different.1 This shows
that calling is the dominant channel for communicating with kin. Despite the low
numbers of texts to kin both by male and female egos, females in this study have
texted their kin about 3 times more often than males, which agrees with other studies
that males and females indeed make use of mobile telephones differently [14–16].

18.4 Summary and Conclusions

We have studied patterns of communication via mobile telephone calls and text
messages, and have shown that like many other types of human activity, these pat-
terns follow daily rhythms. Interestingly, the daily patterns of texts and calls appear

1Note that in reality the total numbers of calls to friends might be much higher, because for the
majority of alters it is unknown whether they are friends, acquaintances, or social ties of some
different type. Here, we call those alters for whom an emotional closeness score is available in the
surveys “friends”. However, we can still compare the ratio of calls to friends versus kin with texts
to friends versus kin, because the set identified as friends is the same both for texts and calls.
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Fig. 18.4 Distribution of the total number of calls and texts (top and bottom panels, respectively)
at different times of day, for calls/texts by female and male egos to alters of different types. The
“Female to all” and “Male to all” categories contain those unknown alters who have not been
recalled in surveys, and for whom no personal data is available

different and persistent for each individual. Furthermore, the two patterns may sig-
nificantly differ for a given individual, pointing out that calls and texts may serve
different functions.

One way of interpreting the observed patterns is that they are a superposition of
common and unique patterns. First, humans naturally follow the day-night cycle,
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which is reflected in communication frequency. Second, on top, there may be social
conventions and age-group-related effects that individuals typically follow: e.g. it is
OK to text someone late in the evening, but calls can be made only to one’s closest
alters. Third, we have individual differences in personality, communication habits
and social habits that give rise to each individual’s distinct pattern: note that because
of the high level of social network turnover in our data, these cannot be explained
by communication conventions with specific alters.

Returning to the differences between calls and texts, our results point out thatwhen
studying social networks, data comprising communication along one channel only
does not provide a full picture of the network, especially when using the temporal
networks framework [17]: different channels play different roles, at different times
of day.
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