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ABSTRACT

With the evolution of nuclear families and diverse career options,
families as social groups are spending lesser time together than in
the past decades. In this work, we study both quantitative as well
as qualitative aspects of time spent with family members through a
smartphone-based pervasive study on a sample of 12 families over
14 days. Further, we also examine the perception of 78 millennials
on what they feel about, and expect from, the time they spend with
their families, however long it may be. We aim to identify the key
parameters that shape family life in this day and age, along with ex-
amining the participation of individuals of various roles within the
family in activities such as conversations, workout sessions, eating
together and other social interactions. Among all activities detected
to be performed by families reporting high satisfaction with familial
life, Eating Together and Using Smartphones Together emerged as
the most prominent ones. We discover a greater disparity among
the habits of family members, especially millennials, staying away
from each other as compared to those staying together.
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1 INTRODUCTION

One of the most common structures of social interaction is that
among the members of a modern-day nuclear family. Hence, it is es-
sential to study the collective behavior of a family — herein loosely
defined as a group of people with blood relations staying together,
under ordinary circumstances, in one home — in relation to their
individual interactions with each other and with ubiquitous com-
puting devices in the home environment. While the effect of tech-
nological overuse and the consequent distraction on interpersonal
relationships of different natures has been studied previously[19],
we undertake an ideologically different behavioral study. In this
paper, we propose a minimally invasive methodology to gain in-
sights into the nature of interactions between members of a family.
We undertook a two-part study - the first monitoring families as
a whole, and the second as a standalone survey on millennials. In
the first part of the study, we performed a smartphone-based data
collection and Ecological Momentary Assessment (EMA)[17] study,
spanning 2 weeks, on a set of 12 families with varying size and
member roles. Secondly, we conducted a survey of 78 millennials
aged between 18-25 with detailed questions on both quantitative
as well as qualitative aspects of their family time when they are at
home. We primarily focus on answering the following questions
with respect to these interactions:

e How do people in various familial roles spend time with
their family, and more precisely, what social activities do
they perform together?

e What is the nature of the interactions among family mem-
bers? How satisfied are they with these interactions?

o Are families losing out on spending quality time together
with each person being engrossed in their own smart de-
vices?
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In this work, we specifically evaluate the feasibility of answering
the above mentioned questions from data streams collected from
the smartphones of each family member. To this end, we collect var-
ious data points (described in 3.3) unobtrusively from the Android
smartphones owned by each member of our representative families
using our data collection application. We also invite users to log sub-
jective indicators such as their mood and emotional satisfaction. We
use this data to recognize the social context of the user and model
the group behavior of a family. The results of both the data-based
family study as well the responses from our survey of millennials
regarding social activities and smartphone usage patterns during
family time exhibit interesting findings. While constant interaction
with one’s smartphone during family time is becoming a norm
with millennials, eating together is still one of the deciding social
activities of the happiness barometer within the families monitored.
The reflection of a mixture of old traditional sayings (" The family
that eats together stays together - Matthew 24:14") in the data study,
and the process of acclimatization to the smartphone being an ac-
tive member during family time, intrigues and motivates deeper
analysis, some of which we have attempted to present in this paper.

The rest of the paper is organized as follows. Section 2 outlines
some of the related work in social activity mining and psychological
studies about families as social groups. Section 3 explains in detail
the methodology behind both the data collection study on families
as well as the qualitative survey on millennials, and acknowledges
the demographic limitations of the present work. Section 4 presents
a preliminary analysis of, and corroboration between, the data
collected and what individuals opined about their interaction with
family. Finally, Section 5 provides a roadmap to resolve current
limitations and achieve deeper interpretation of abstract parameters
such as remote interactions and emotional closeness between family
members.

2 RELATED WORK
2.1 Quantifying effects of Social Activities

Understanding and interpreting human behavior and activities and
utilizing ubiquitous sensing techniques to achieve the same has
gained much traction in the recent past with the emergence of inter-
est in quantifying and improving individuals’ mental state and well
being. Rabbi et al. in [14] demonstrated assessment of physical and
mental wellbeing through smartphone sensors; a similar concept
was also proposed in [11]. Ishimaru et al. in [9] presented the con-
cept of the “Thermometer for the mind’ - a platform that estimates
the mental state of an individual through sensing their social and
physical activities. Such work has been improved upon by targeting
specific interest groups, such as students, or the elderly, so that
certain social activities and their effect on mental well being can
be effectively studied, such as in [20] and [2]. Considering families
as another specific type of group, we are optimistic about being
able to integrate familial behavior with existing models of social
well-being via the study conducted.

2.2 Activity Mining in a Social Context

Social activities have also been mined with respect to significantly
larger bodies of individuals, such as groups, communities and
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crowds. The Reality Mining Project [7] made significant contri-
bution to the field of social activity mining through the usage of
mobile phones, paving the way for contextual analysis of social
behavior through the usage of smartphones. Weppner et al. have
analyzed crowd density using smartphones in [21] and [22]. Crowd
analysis contextualizes the usage of methods such as crowdsourcing
as a means of social data analysis, but behavior analysis requires
individual or group identification within crowds. Sen et al. in [16]
presented a platform for identifying and monitoring groups in
urban spaces with 97% accuracy. Further, Jayarajah et al. in [10]
analyzed user behavior in groups, showing significant differences
when contrasted to user behavior in an individual context, high-
lighting interactions as a function of group dynamics. We wish to
combine the motivations of researchers with prior work in this
field, and augment upon the same by focusing on the effect of an
identified group’s (family) dynamics upon a specific social activity
and vice versa, shedding light on the interactions that form the
basis for the healthy functioning of a group, while simultaneously
attempting to understand the contributions of social activities to
these interactions.

2.3 Families as Social Groups

“As the family goes, so goes our civilization”, as said famously by
Reagan [15]. Families, both extended and nuclear, serve as one of
the fundamental structures of the society [12]. The functions of
family as a social group are vast, but essentially boil down to main-
taining social stability. Bengtson’s [3] work on nuclear families
highlights the importance of looking beyond the apparent in order
to glean the importance of underlying interactions and relation-
ships. Burgess [5, 6], the pioneer of familial sociology proposed
a fundamental shift in the function of a family - moving from an
element of social structure to a system of relationships that sup-
ported an individual’s social and emotional needs. The ‘decline’
of the nuclear family has been attributed to various factors that
are bringing about a formative change in the way that individuals
perceive families. The advent of legalization and increasing social
acceptance of homosexuality, higher rates of divorce[1, 4], and con-
sequent single parent households, has led to significant economic
and social changes in the family. In such a socially dynamic context,
it becomes increasingly important to investigate the interactions
that constitute functional families. In order to begin to improve an
individual’s state of wellbeing, it is essential that one investigates
an individual’s state within a family, and the interactions that make
it thus. In doing so, we build on the preliminary work by Spruijt-
Metz et al., wherein the eating dynamics of families are monitored
using an array of sensors throughout the home [18]. However, our
work also diverges from the multi-sensor model to use only off-the-
shelf smartphones and minimally invasive Bluetooth Low Energy
(BluetoothLE or BLE) beacons. Our work tackles these fundamental
interactions and examines their effect on the individual, and by
large, the society.

3 METHODOLOGY AND SYSTEM DESIGN

3.1 Interpersonal Relation Cognizance

A crucial component of our study is the ability of our application
(described in 3.3) to recognize and monitor the interactions between
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Families surveyed 12 (2-4 members each)

Age range 18 to 60 years
Gender 46% male, 54% female
Individual millennials surveyed 78
Age range 18 to 25 years
Gender 55.12% male, 44.88% female

Table 1: Demographic Information of Participants

different members of a family while both individually identifying
them and taking into account the nature of each interpersonal
relationship. For the purpose of this study, we assigned each of
our target families a unique familyID, which the members enter
in the Welcome Form on installing the application. Subsequently,
each member of a particular family is asked to select the nature
of their relationship with the other members - the possible op-
tions being Partner or Spouse, Child, Parent and Sibling — as and
when a new member with the same familyID registers with our
application. An addition to the family results in an added relation
between all the existing members and addition of new relations or
an update of existing relations. These renewed relationships are
stored and subsequently utilized in order to filter queries on the
basis of relations.

3.2 Proximity Determination

The behavior of various families that participate in the aforemen-
tioned study is primarily quantified and defined using data from
a smartphone application built for the Android platform, in con-
jugation with BluetoothLE beacons installed in the homes of said
families. The data collection application measures and captures
various parameters that optimally reflect the family’s collective
behavior.

Firstly, to sense familial group behavior within a home, we install
BluetoothLE beacons in rooms where most communal interactions
among family members usually take place. These rooms are identi-
fied through a preliminary observation as well as specific inputs
from family members. To locate individuals in these rooms, we
utilize their smartphones’ Bluetooth capability to scan for these
beacons, and determine their distance from each of them by record-
ing the respective Received Signal Strength Intensity (RSSI) values.
A free-space path loss model is assumed to model RSSI propagation.
We then employ trilateration to position individual family members
on a 2-dimensional plane, and proceed to determine the collective
participation of the family (or a subset thereof) in a common ac-
tivity within proximity of one another. We define the family (or a
subset of said family) to be within proximity of one another when
there is at most a 3 meter distance between the members. This
metric was realized through continuous ground truth collection of
whether the family members believed that they were in physical
proximity of one another.

An important facet of family time is the collective involvement
in activities outside the home. Therefore, we also define group be-
havior among family members outdoors through a slightly different
approach. While none of the BluetoothLE beacons associated with
the family’s living spaces are found in the vicinity of the smart-
phone, we assume that the individual is not presently at home.
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If, in this situation, his/her smartphone scans a family member’s
smartphone, we assume that they are together in the same locale.

3.3 Smartphone Data Collection

We now describe the collection of activity data using our smart-
phone application. We obtain the activity being performed by a
certain family member through Google’s ActivityRecognitionAPI,
which recognizes and classifies a wide range of activities such as
Still, Running, Walking, In Vehicle, etc. Using these labels, we also
classify activities that members engage in as a group (i.e., when
they are in proximity to one another). To this end, we identify
Conversation/Watching TV as the event wherein all members are
reported to be Still, Traveling when they are together In Vehicle,
Working out/Exercising when they are Running or Walking for a
continuous period, and Eating when they are together and Still at
previously self-reported meal timings. We validate these activities,
along with any identified family members in proximity, by sending
EMA notifications requesting feedback to the smartphones of the
members identified as engaging in said activity. An example of such
a notification is presented in Figure 1.

In order to recognize the growing trend of using smartphones
in the presence of family, we classify smartphone interaction by
the family members within proximity of one another as another
common activity that is pursued collectively by said members. We
define smartphone interaction as an event wherein the device’s
screen is turned on for a duration longer than 1 minute (in order to
take into account the brief turning on of screens due to notification
arrival).

Furthermore, to assess the mood of individual family members
and their level of satisfaction with their current familial interaction,
we also prompt users to log the same by pushing EMA notifications
as shown in Figure 2. As opposed to opportunistic querying at
physical activity breakpoints as suggested in [13], our application
delivers EMA prompts on the basis of interaction breakpoints, i.e.,
after a user has been identified as having spent at least 5 minutes
in proximity to one or more of his family members. The responses
logged at this time give us a fair indication of the effect that inter-
acting with family member(s) might have on the user’s mood.

The analysis of the data collected by the aforementioned appli-
cation takes place after it has synced with the database, an activity
that occurs once at the end of every day-session. A daily summary
of personalized interaction statistics is also sent to each participat-
ing family member. An example of the same is shown in Figure 3.
The daily statistics are meant to allow the individual to reflect on
their day-to-day patterns of interaction and adjust their routine to
spend time with their family members in a more productive manner
in the upcoming days.

We examine the collected data to infer knowledge regarding
the family dynamics in various contexts, the results of which are
reported in Section 4. We recognize the efficiency and power con-
sumption constraints that might arise while implementing such an
application, which prompts the implementation of smart sampling
strategies, elucidated upon in subsection 3.5.
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Figure 1: EMA to validate family
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3.4 Monitoring Diverse Families

To best understand how families interact in today’s interconnected
social environment, it is essential to study diverse families across
different cultural and geographical domains, as well as across vari-
ous social strata. The demographic spread of our target group, all
residing in India, is shown in Table 1. The participants of our study
belong to 19 different states of India. We recognize that while it
is beyond the scope of the present work, the study needs to be
extended to families from diverse income backgrounds living in
homes that could be of varying sizes (to account for proximity
thresholds), and to families from other location demographics so as
to account for differing expectations with respect to one’s family
across cultures.

3.5 Sampling strategies

To make our data collection application more optimal while retain-
ing efficiency, we adopt a set of sampling strategies while collecting
sensor data. As part of the preliminary survey, our participants are
required to self-report their usual sleeping schedules. These are
then utilized to turn off sensing activities during the night when
interpersonal interaction is minimal. This is done by applying an
exponential back-off strategy [8] starting at the participant’s re-
ported sleeping time, which can only be overridden by continuous
and considerable change in either the phone state, physical activity
or device proximity. After continuously sampling at a chosen mini-
mum frequency for 20 minutes, the app stops collecting sensor data
for the night and uploads the day’s data to the server. Sampling
at usual rate resumes once more at the reported waking time of
the user. Moreover, to further conserve battery, Bluetooth scans

UNSATISFIED

Figure 2: EMA notification with sat-

NEUTRAL

CLEARALL

CLEAR ALL

Figure 3: Daily familial interaction
summary notification

for identifying nearby devices also follow an exponential back-off
scheme when no other family members’ devices are located within
the proximity range defined in subsection 3.3.

4 PRELIMINARY RESULTS
4.1 Intra-family Interactions

In this subsection, we present the insights gained from our quantita-
tive application-driven study targeting Indian families. We also put
forward the evidence substantiating the same, collected through our
post-study survey. The study itself involved deployment of our data
collection application among members of 12 participating families,
which consisted of 2 (couples) to 4 members (nuclear). Preliminary
analysis of the observations obtained through the data collection
application and the follow-up survey revealed that families that
reported being Extremely Satisfied to Satisfied with their family life
partook in the following activities together (not mutually exclu-
sive, as the respondents could partake in more than one activity):
Eating/Dining (59.25%), Working Out/Exercising (14.81%), Watch-
ing TV (40.7%), Traveling (29.6%), and Engaging with Smartphones
(74.08%). Further, the aforementioned activities were undertaken
with a greater mood defined investment (i.e., while participating in
these activities, the mood of the individuals ranged from Happy to
Amicable).

In order to gain additional insights into social activity in the
familial context, we segregated the family into subunits — Children,
Parents, and Couples — based on mutual relationships. As can be
observed from Figure 4, within families reporting high satisfac-
tion, Eating Together emerged as the most prevalent activity among
Children and Couples, with 80% and 81.81% subunits of families
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Figure 4: Social Activity Distribution of Sub-units of Families Reporting High Satisfaction During Time Spent

Together

respectively reporting a high satisfaction rate with their familial en-
gagement in this activity. Surprisingly, Smartphone Usage emerged
as an equally prevalent group activity across all subunits (80% for
Children, 81.88% for Couples, and 68.75% for Parents) among said
families, subtly reinforcing the fact that smartphones are material-
izing into the social institution of the family.

Further, a gender based analysis was conducted among family
members and the percentages of female and male familial popula-
tion reporting high rates of satisfaction among the performed and
detected activities were examined. It was observed that the highest
percentages of both male and female members report high satisfac-
tion in the time spent with family members while Eating Together
(64.7% & 68.42% for Female and Male respectively) and Using smart-
phones together (64.7% & 68.42% for Female and Male respectively),
while Working out/Exercising together (11.76% & 5.26% for Female
and Male respectively) had the least amount of individuals from
either genders reporting a high satisfaction rate. The activities in
which the highest difference of proportion of individuals reporting
high satisfaction rates were observed among the sexes were Work-
ing out/Exercising together (6.5% difference) and Traveling together
(7.74% difference), with lower male family members reporting high
satisfaction rates in both activities.

4.2 Familial Expectations Among Millennials

In addition to the families studied, we invited students through a
University mailing list to respond to a survey on family time while
visiting home. In doing so, we collected qualitative results from
78 individuals (43 male and 35 female, age group 18 to 25 years),
who were not part of the initial study on families. The responses of
these participants provide insights into the millennial generation’s
interaction habits with their family, as well as their satisfaction
with the quality of time they spend with their family members.
Figure 5 is a comparison of the collective participation in various
activities among families who live together and families of mil-
lennials who normally live separately. As opposed to 50.5% of the
participants staying with their families who reported having similar
sleep schedules to their family members, over 70% of millennials
admit that their sleep timings are strikingly different from those of

their relatives. Similarity of workout schedules is also low among
the younger generation (around 9.3%) as compared to families liv-

ing together (18.97%). Nearly a third of the millennials surveyed

(32.64%) opine that their habits and schedules are contrary to those
of their families, suggesting the possibility of differences in habits
developing over time with family members living apart.

It is intriguing to observe that only 5.4% of the total respondents
said they dedicate their complete attention to their family while
with them, whereas almost 28.38% prefer to multi-task between
their phone and family. Only 15.3% of the participants felt that
their phone was a source of distraction. Surprisingly, people who
admitted that they usually spent time on their smartphones while
interacting with their families did not seem to think this affected
the quality of family time. Among the 22 respondents who said
they multi-task between phone and family, 12 (54.54%) reported
that the general environment at their homes was "mostly pleasant
and cheerful". 10 of them also expressed being extremely satisfied
with the quality of family time, while very few people (only 2
respondents) said they were extremely dissatisfied. Whether this
is a bias from a millennial perspective or a culture of increasing
acceptability of the phone as a ubiquitous presence during familial
social activities needs to be understood in depth.

Similar to the analyses performed on familial interaction data,
a gender based analysis was also performed on millennial inter-
actions. Eating Together (68.42% & 66.67% for Female and Male
respectively) and Using Smartphones Together (68.48% & 66.7% for
Female and Male respectively) emerged as the predominant ac-
tivities performed by individuals reporting to be Happy/Satisfied.
Working Out/Exercising Together reported a lower percentage of
Happy/Satisfied millennials (15.7% & 11.12% for Female and Male
respectively).

5 CONCLUSION AND FUTURE WORK

In this paper, we report the findings from our study on the levels of
satisfaction observed in families that engage regularly in various so-
cial activities. We observed that a majority (59.25%) of respondents
reporting high satisfaction with their familial interactions regularly
dined with their families. Interestingly, 74.08% of these individuals
also spent considerable time on their smartphones while with their
families, cementing our belief that the smartphone has become an
indispensable part of social life, at least in a familial setting. We
also studied the variation of activity participation habits among
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Figure 5: Collective Activity Participation Habits Among
Families and Millennials Living Separately

different subunits of families and among male and female members
of families.

Further, we surveyed a group of millennials in the 18 to 25 year
age range to understand their views on family time as well as their
satisfaction with the quality of the same. Around a third of the
millennials living away from home report schedules disparaging
from those of their families (while visiting), as opposed to very
few family members living together. This suggests a divergence
of habits coming about over a considerable period of living apart.
Moreover, while only 5.4% of respondents claimed to dedicate their
full attention to their families while spending time with them, most
reported satisfaction with the quality of family time.

While we gained numerous insights into the social activity of
family time through this work, we acknowledge the limitations
of this paper and elucidate upon them herein. Firstly, there is an
undeniable need to inclusively account for the behavior of varied
and complex familial groups such as extended families, flat-mates
etc. Also, it is important to replicate this study across populations
from different demographics, as social pressures and expectations
with respect to one’s family may differ across cultures. Thus, the
norms of familial interactions and closeness also tend to differ, as
discussed in subsection 3.4.

Another avenue that can be explored to obtain contextually
better results is the investigation of mood during activities in a
minimally invasive or non-invasive manner, following which social
behavior can be more naturally quantified. Additionally, since pre-
liminary surveys indicated that the average size of rooms affects
conversational distance between members, we plan to dynamically
define proximity thresholds in the future with the help of deep
learning models. We also plan to extend interaction detection to
study their impact on individual members within a family, under-
stand interactions among members while they are not in physical
proximity, and determine the emotional closeness of an individual
with other members in order to identify his/her support system.

K. Sahiti et al.
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