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Sleep, Mood and Sociability in a Healthy Population

Sai T. Moturu, Inas Khayal, Nadav Aharony, Wei Pan and Alex (Sandy) Pentland

Abstract—Sleep and mood problems have a considerable
public health impact with serious societal and significant
financial effects. In this work, we study the relationship
between these factors in the everyday life of healthy young
adults. More importantly, we look at these factors from a social
perspective, studying the impact that couples have on each
other and the role that face-to-face interactions play. We find
that there is a significant bi-directional relationship between
mood and sleep. More interestingly, we find that the spouse’s
sleep and mood may have an effect on the subject’s mood and
sleep. Further, we find that subjects whose sleep is significantly
correlated with mood tend to be more sociable. Finally, we
observe that less sociable subjects show poor mood more often
than their more sociable contemporaries. These novel insights,
especially those involving sociability, measured from quantified
face-to-face interaction data gathered through smartphones,
open up several avenues to enhance public health research
through the use of latest wireless sensing technologies.

I. BACKGROUND AND MOTIVATION

HE effects of social relationships and social support
on health, both physical and mental, as well as their role
in health promotion have been well-documented over the
years [1], [2], [3], [4], [5], [6]. However, the interest in this
space has grown in recent years after studies suggesting that
social ties (self-reported friends) can have a significant
effect on the adoption and spread of health-related behaviors
such as obesity [7] and sleep loss [8].
While such studies have provided interesting insights and
piqued the interest of the research community, their reliance
on self-reported social tie information and longitudinal study
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data collected at static time points over large time periods
that does not capture real-world interactions leaves a large
scope for richer data collection.

Until the start of this century, most of the data collected
on human interactions was through self-reported surveys and
experience sampling. More recently, long term monitoring
has been implemented using a variety of technologies
including video [8], smartphones [9], [10], [11] and
wearable sensing devices [12], [13], [14], [15]. These studies
clearly depict the importance of dynamic data collected from
the real world as opposed to sole reliance on static self-
reports. Such data has proven to be critical for the
understanding of real-world user behaviors.

In this work, we gather much more dynamic and
continuous data from subjects in a co-located community
over a period of few months, alleviating some of the
shortcomings of the experiments discussed above.

Such dynamic data can be obtained through a combination
of wireless sensing and regular surveys. Current
smartphones are increasingly used as social sensors [10],
[16], [17]. We believe that such rich information of
quantified face-to-face social interactions will provide novel
insights. Our recent work [16], [18] reflects this belief with
observations that such interactions seem to show stronger
correlations with behavioral effects including weight gain as
opposed to data of self-reported contacts. In addition to
wireless sensing, regular surveys can provide useful
information that might not be easy to gather automatically.
Such surveys can enable us to track behavioral aspects on a
daily scale over many months.

In this work, we are interested in studying the
bidirectional effects between sleep and mood. The
motivation for studying sleep and mood is due to their
considerable impact on public health and its associated
financial and societal costs.

It is estimated that 50-70 million Americans suffer from a
chronic disorder of sleep and wakefulness [19] and sleep
problems account for significant direct (an estimated $14
billion for insomnia [20]) and indirect costs (sleep-related
fatigue alone is estimated to cost businesses $150 billion
yearly [19]). Poor sleep has an influence on several
comorbid conditions including diabetes, obesity and
cardiovascular morbidity, significantly affects behavior and
has a strong association with psychiatric or psychological
conditions. Further, poor sleep can result in impaired
cognitive function, decreased quality of life and job
performance, and increased risk of road and industrial
accidents [19].

Like sleep, mood disorders also have significant financial
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costs. Annual cost estimates for depression and anxiety
disorders are over $100 billion [21]. However, the indirect
costs and intangible effects of mood-related problems have a
much greater societal impact. While negative affect is
frequently associated with risk for illness and mortality,
positive affect is associated with lower morbidity and
improved health outcomes [22], [23].

In addition to studying the relationship between sleep and
mood, we are interested in studying these behaviors from a
social perspective. In particular, we wish to study the effects
that couples have on each other in terms of these factors and
also the role the face-to-face interactions play on them.
Hence, we select a co-located family community that allows
us to study these aspects in a natural real world setting with
healthy young couples going about their everyday lives as
they normally would.

II. EXPERIMENT

A. Overview and Participants

Starting March 2010, we initiated a living laboratory
conducted with members of a young-family residential
living community adjacent to a university in North America.
All members of the community are couples, and at least one
the members is affiliated with the university, usually as a
graduate student. The entire community is composed of over
400 residents, approximately half of which have children,
with low- to mid-range household income. The residence has
a vibrant community life, with many ties of friendship
between its members. The data used for this analysis was
collected from 54 participants. Participants provided
informed consent as approved by the Committee on the
Use of Humans as Experimental Subjects at our
institution.

Participants were provided Android smartphones with a
proprietary software sensing platform that allowed us to
track face-to-face interactions through bluetooth proximity
sensing in addition to other behavioral, contextual and
communication patterns. Regular surveys were used to
obtain additional contextual and behavioral information
about participants.

B. Sensing Platform

This is the core of the study’s data collection. Android
operating system-based mobile phones are used as in-situ
social sensors to map users activity features, proximity
networks, media consumption, and behavior diffusion
patterns. The phones are augmented with our software
platform, which periodically senses and records information
such as cell tower ID, wireless LAN IDs; proximity to
nearby phones and other Bluetooth devices; accelerometer
and compass data; call and SMS logs; statistics on installed
phone applications, running applications, media files,
general phone usage; and other accessible information.
Figure 1 depicts an overview of the system architecture.

The phone system also has a survey application. We did
not sponsor phone plans or data plans - users received a
mobile phone that fit their desired provider, and they were

responsible to port their existing account to it or open a new
account. The condition was that the study phone be their
primary phone for the duration of the study.
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Figure 1. Overview of system architecture
C. Surveys

Subjects complete web-based surveys at regular intervals.
Monthly, daily and weekly surveys include questions about
relationships and social activities, personality using standard
scales like the Big-Five Inventory [24] and behavioral
information such as mood, diet, exercise and sleep.

D. Dataset

The dataset used here includes a combination of self-
reported survey data and automatically captured face-to-face
interactions. This data was collected from the 54 healthy
subjects over a period of 4 months. The final dataset
included 4602 days of sleep and mood data, a large amount
of data for this domain.

The sleep information was self-reported by subjects (the
options were provided in hours: <5, 5, 6, 7, 8, 9, >9). Sleep
of 7 hours or more is considered ‘good’ while sleep under 7
hours is considered ‘poor’. Users were also asked to select
their predominant mood for the day from multiple options.
This was ultimately grouped into good mood (Happy or
content, Relaxed or peaceful) and poor mood (Stressed or
anxious, Angry or frustrated). Finally, the data also included
personality information (extraversion, agreeableness,
conscientiousness, neuroticism, openness) for the subjects
using the Big-Five Inventory.

Physical proximity data for face-to-face interactions over
a one-month period was used to compute a measure of
sociability, indicating how sociable an individual was over
that time period. It should be noted that this measure only
included face-to-face interactions within this community and
is assumed to provide a reasonable proxy for sociability.

III. RESULTS AND DISCUSSION

A. Sleep and Mood
We aggregated daily data across all subjects to study the
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bidirectional relationship between sleep and mood. Figure 2
depicts the mean sleep and mood of the subjects. We
observed that when participants had slept less than 7 hours,
the predominant mood observed was poor in nearly 47.3%
of the cases. However, when they had slept 7 hours or more,
this number dropped to 28.3%. This difference was found to
be significant (p < 0.001). This result holds even when the
husbands and wives are analyzed separately (p<0.001). The
odds ratio for poor mood is 2.27 illustrating that it is more
likely for nights with poor sleep.

Considering that mood could also affect sleep, we also
looked the effect of a day’s predominant mood on that
night’s sleep. We observe that when the predominant mood
was poor, the sleep was also poor in 29.8% of the cases.
However, when the mood is good, this number drops to
16.5%. This difference was also found to be significant (p <
0.001). The odds ratio for poor sleep is 2.14, illustrating that
it is more likely after days with a predominantly poor mood.

B. Couples

While the above results from individual data is interesting,
the key aspect of this study is the presence of couples. We
describe our observations from the couples in this section.

First, we present some overall patterns in these couples.
We observe that 1) the wives show poor mood more often
than the husbands (p<0.0001), 2) the wives sleep slightly
better than their husbands (p<0.001), and 3) there is no
significant difference in the sociability of the wives and
husbands in this community.
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Figure 2. Mean sleep and mood in subjects. Sleep is in hours.
Mood is binary (1 indicates good mood and 0 indicates bad
mood). Each point on the plot is a subject. Couples are linked
with a straight line between the points.

Next, we look at sleep and mood as earlier, aggregating
data for couples (as opposed to individuals). The following
day’s mood was significantly poorer for the spouses of those
who slept less than 7 hours (39.8% of the cases) when

compared to those who slept more than 7 hours (25.8%).
However, the effect size is slightly lower when compared to
the effect of one’s own sleep on mood. The odds ratio for
poor mood is 1.90 illustrating that it is more likely that an
individual has poor mood when their spouse has had poor
sleep. Similarly, the night’s sleep was significantly poorer
for the spouses of those who had predominantly poor mood
that day.

The observations so far indicate that an individual’s mood
could be affected by their sleep as well as their spouse’s
sleep. To understand these effects we perform a logistic
regression analysis using an individual’s mood as the
dependent variable and their sleep, spouse’s sleep and
spouse’s mood as independent variables. We find that the
individual’s sleep (p<0.001) and spouse’s mood (p<0.001)
are significantly predictive of the individual’s mood.

Similarly, an individual’s sleep could be affected by their
mood and their spouse’s mood. Using logistic regression as
earlier, we find that the individual’s mood (p<0.001) and
spouse’s sleep (p<0.001) are significantly predictive of the
individual’s mood. Using the same two predictors to predict
that dependent variable, we obtain a classification accuracy
of 60% in the former case and 71% in the latter, once again
depicting the predictive power of these variables.

While sleep and mood have been linked in the past, they
have not been studied in healthy couples in the past (to the
best of our knowledge). These results are very interesting
and present several avenues to study such effects in more
detail in the future.

C. Sociability

So far, we’ve presented results from studying patterns at
the aggregate level. Here, we move towards individual
patterns. On an aggregate level, we find the sleep and mood
were significantly correlated. When we look at these patterns
for every individual, we find that some subjects show
significant correlations while others do not. Delving deeper,
we find that the subjects whose mood was significantly
affected by the previous night’s sleep tended to have greater
sociability (p=0.063). One explanation for this interesting
observation could be based on individual personality traits as
some traits might make it more likely for a subject to be
affected by mood. However, we find no correlation with the
Big Five personality traits as we find with the phone-based
sociability feature. This could indicate that features derived
automatically using smartphones might be useful in
detecting such differences. This is in tune with some past
observations where it was found retroactively that phone-
based features might be useful in early flu detection (Madan
et al. 2010b).

Further, we study the relationship between mood and
sociability. Using the mood information, we separated the
groups into two: 1) those who exhibited primarily good
mood (relaxed, calm, happy, content) i.e., on at least 70% of
the occasions 2) those who exhibited poor mood (stressed,
anxious, frustrated, angry) i.e., on at least 30% of the
occasions. We observed that people who fell into the latter
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group were significantly less sociable in this community
(p=0.02). This is an intriguing finding, one that would not
have been possible without such quantifiable face-to-face
interaction data collected through smartphones. Mood is an
important factor that is known to play an important role is
several comorbid conditions. Hence, this observation could
indicate that greater sociability results in better overall
health through improved mood, supporting an oft heard
notion about social interactions.

A similar analysis was also conducted using the amount of
sleep obtained each night by participants instead of mood.
However, no significant correlations were found.
Nevertheless, this is in tune with our expectation that day-to-
day variations in sleep are not affected by how sociable an
individual is.

IV. CONCLUSIONS AND FUTURE WORK

In this work, we study several aspects of the relationships
between sleep, mood and sociability using data from a
population of healthy couples in a naturalistic setting. We
find that there is a significant bidirectional relationship
between sleep and mood. More interestingly, we find that
the spouse’s sleep and mood might affect a subject’s mood
and sleep respectively. However, the most significant impact
to a subject’s mood seems to be from their own sleep as well
as their spouse’s mood.

We also find that a subject’s sociability, a measure of how
much social interaction they have, seems to be predictive of
the individuals who have the most significant correlation
between sleep and mood. Further, we find that the more
sociable subjects tend to have better mood on average. These
intriguing insights are made possible by the novel use of
smartphones as social sensors to quantify the amount of
face-to-face interactions that subjects have and open up
avenues for more health-related studies using such sensing.

The results depicted here open up several questions about
the impact of social interactions on sleep and mood, which
may be answered through subsequent studies. In particular,
we would like to use the rich social interaction data available
for this population to gain further insights in this direction.
Further, it would also be more useful to gather rich sleep
data. We are currently running an experiment gathering rich
sleep data (quantifying sleep quality in addition to quantity)
using a wireless sensing headband (a commercial product
manufactured by Zeo Inc.) to leverage the opportunity of
studying sleep in a naturalistic setting. Through this work,
we hope to provide novel insights and bring greater interest
to the potential for public health research using the latest
capabilities in wireless sensing.
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