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I am slightly obsessed with data quality

Roger G. Barker

Monitored “Midwest” for 25 years, using grad students,
research assistants, wives - equipped with pen and paper.

Deb Roy

Human Speechome Project
•
•
•
•

11 fisheye lens cameras + motion sensors.
14 omnidirectional microphones
1000m wires connect recorders to servers in basement
Record from 8am -10pm every day for 3 years
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14 omnidirectional microphones
1000m wires connect recorders to servers in basement
Record from 8am -10pm every day for 3 years

Human Speechome in numbers
•
•
•
•
•
•
•

90,000 hours of video recorded
140,000 hours of audio recordings
Approx 200GB of data collected every day
150 TB of raw data collected over course of project
70% of infants waking hours captured
10 to 12m words spoken
4m words so far transcribed

number of bits per user

X

number of users

number of bits per user

X

number of users

• proximity via Bluetooth
• telecommunication
• social networks
• geolocation
• demographics & personality
• live questionnaires

Credit goes to these guys (and others)

We started the project in January 2012,
so what do we have to show for it?
-

-

-

Ran a 200 person beta-test in September 2012.
Rolled out the full 1000 person experiment in
September 2013.
Lots of initial work on technology: phone software,
backend, visualizations
Scientific focus so far has been
- understanding probes,
- privacy.
Now we’re slowly starting to do “real science”.

interests
•
•
•
•
•

mathematical models for human interactions
sampling/relationship between interaction
channels
spreading processes. information/epidemics
privacy
the technical component

the data is flowing
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Abstract
This paper describes the deployment of a large-scale study designed to measure human interactions across a variety of
communication channels, with high temporal resolution and spanning multiple years—the Copenhagen Networks Study.
Specifically, we collect data on face-to-face interactions, telecommunication, social networks, location, and background
information (personality, demographics, health, politics) for a densely connected population of 1 000 individuals, using
state-of-the-art smartphones as social sensors. Here we provide an overview of the related work and describe the
motivation and research agenda driving the study. Additionally, the paper details the data-types measured, and the
technical infrastructure in terms of both backend and phone software, as well as an outline of the deployment procedures.
We document the participant privacy procedures and their underlying principles. The paper is concluded with early results
from data analysis, illustrating the importance of multi-channel high-resolution approach to data collection.
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Introduction

concentrated on large populations (O(105 ){O(108 )), but with a

dynamics like these when the quality of the data is insufficient,
either because it has not been sampled frequently enough or
because of poor resolution, requiring large time bins.
Because each node has a limited bandwidth, only a small
fraction of the network is actually ‘on’ at any given time, even if
the underlying social network is very dense. Thus, to get from
node A to node B, a piece of information may only travel on links
that are active at subsequent times. Some progress has been made
on the understanding of dynamic networks, for a recent review see
[120]. However, in order to understand the dynamics of our highly
dense, multiplex network, we need to expand and adapt the

promote self-awareness and positive behavior change, which is an
active area of research in Personal Informatics [124]. Applications
for participants create value, which may be sufficient to allow us to
deploy studies without buying a large number of smartphones to
provide to participants. Our initial approach has included the
development and deployment of a mobile app that provides
feedback about personal mobility and social interactions based on
personal participant data [125]. Preliminary results from the
deployment of the app, participant surveys, and usage logs suggest
an interest in such applications, with a subset of participants
repeatedly using the mobile app for personal feedback [126]. It is

Figure 1. Dynamics of face-to-face interactions in the 2012 deployment. The participants meet in the morning, attend classes within four
different study lines, and interact across majors in the evening. Edges are colored according to the frequency of observation, ranging from low (blue)
to high (red). With 24 possible observations per hour, the color thresholds are respectively: blue (0v observations ƒ6), purple (6v observations
ƒ12), and red (v12 observations). Node size is linearly scaled according to degree.
doi:10.1371/journal.pone.0095978.g001
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Figure 11. Daily activations in three networks. One day (Friday) in a network showing how
di↵erent views are produced by observing di↵erent channels.

evening. Edges are colored according to the frequency of observations, ranging from low (blue) to high
(red). Node sizes are scaled according to degree.

Figure 5. Weekly temporal dynamics of interactions. Face-to-face interaction patterns of
participants in 5-minute time-bins over two weeks. Only active participants are included, i.e. users that
have either observed another person or themselves been observed in a given time-bin. On average we
observed 29 edges and 12 nodes in 5-minute time-bins and registered 10 634 unique links between
participants.

7.2

WiFi as Additional Channel for Social Ties
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7.2

WiFi as Additional Channel for Social Ties

For the last two decades, wireless technology has transformed our society to the degree where every city in
the developed world is now fully covered by mobile [156] and wireless networks [157]. The data collector
application for mobile phones was configured to scan for wireless networks in constant intervals, but also
to record the results of scans triggered by any other application running on the phone (‘opportunistic’
sensing). Out of the box, Android OS scans for Wifi every 15 seconds, and since we collected these
data, our database contains 42 692 072 WiFi observations, with 142 871 unique networks (SSIDs) between

Figure 10. Weekly temporal dynamics of interactions. All calls and SMS’, both incoming and
outgoing calculated over the entire dataset and averaged per user and per week, showing mean number
of interactions users had in given weekly bin. Light gray denotes 5pm, the end of lectures at the
university, dark gray covers night between 12am and 8am. SMS is used more for communication outside

domain are calculated.
As Big Five has been collected for various populations, including representative sample from Germany [169] and students from western Europe [170], we report the results from 2012 deployment in
Figure 13 to show that our population is unbiased with respect to those important traits.

Figure 13. Personality traits Violin plot of personality traits. Summary statistics are: openness
µO = 3.58, O = 0.52; extraversion µE = 3.15, E = 0.53; neuroticism µN = 2.59 N = 0.65;
agreeablenes µA = 3.64 A = 0.51; conscientiousness µC = 3.44 C = 0.51. Mean values from our
deployment (red circles) compared with mean values reported in [169] (orange diamonds).
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Perspectives

We expect that the amount of data collected about human beings will continue to increase. New and
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Figure 3. Authorizations page. Participants have an overview of the studies in which they are enrolled and which applications are able to submit
to and access their data. This is an important step towards users’ understanding what happens with their data and to exercising control over it. This
figure shows a translated version of the original page that participants saw in Danish.
doi:10.1371/journal.pone.0095978.g003

which version each participant has seen and accepted. A single
page overview of the status of the authorizations, presented in

level features are extracted from the data before leaving the server,
promoting better participant understanding of data flows. This is
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understanding the raw data

The Strength of Friendship Ties in Proximity Sensor Data
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Abstract
Understanding how people interact and socialize is important in many contexts from disease control to urban planning.
Datasets that capture this specific aspect of human life have increased in size and availability over the last few years. We
have yet to understand, however, to what extent such electronic datasets may serve as a valid proxy for real life social
interactions. For an observational dataset, gathered using mobile phones, we analyze the problem of identifying transient
and non-important links, as well as how to highlight important social interactions. Applying the Bluetooth signal strength
parameter to distinguish between observations, we demonstrate that weak links, compared to strong links, have a lower
probability of being observed at later times, while such links—on average—also have lower link-weights and probability of
sharing an online friendship. Further, the role of link-strength is investigated in relation to social network properties.
Citation: Sekara V, Lehmann S (2014) The Strength of Friendship Ties in Proximity Sensor Data. PLoS ONE 9(7): e100915. doi:10.1371/journal.pone.0100915
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Introduction
Recognizing genuine social connections is a central issue within

Frequency Identification (RFID) badges have short interaction
ranges (1{4 m) and measure only face-to-face interactions, thus

to a heavy-tailed distribution. A threshold of 80 dBm (gray area) removes 1159 weak and 387 strong links and
classifies 97.6% of inter-study line links as weak and 86.7% of intra-study line links as strong.

Figure 4. Networks. A: Raw network; shows all observed links for a specific time-bin. Thickness of a link
symbolizes the maximum of the received signal strengths. B: Thresholded network, we remove links with
received signal strengths below a certain threshold, where dotted lines indicate the removed links. C: Null
model; with respect to the previous network we remove the same amount of links, but where the links are
chosen at random. D: Control network, links with signal strength above or equal to the threshold are removed.

Link evaluation
Sorting links by signal strength and disregarding weak ones greatly reduces the number of links, but do
we remove the correct links, i.e. do we get rid of noisy, non-important links? The fact that clustering
remains high in spite of removing a large fraction of links is a good sign, but we want to investigate this
question more directly. To do so, we divide the problem into two timescales; a short where we consider
the probability that a removed link might reappear a few time-steps later, and a long where we evaluate
the 5quality of a removed link according to certain network properties. The motivation for both time-scales
is simple. Let’s first consider the short time-scale. We assume that human interactions take place on
a time-scale that is mostly longer than the 5-minute time-bins we analyze here. Thus, if a noisy link
is removed, the probability that it will re-appear in one of the immediately following time-steps should
Figure 1. Bluetooth signal strength (RSSI) as a function of distance. A: Scans between twobephones.
low, since no interaction is assumed to take place. We do expect the probability of reappearance in
Measurements are per distance performed every five minutes over the course of 7 days. Mean value and
subsequent timesteps to be significantly greater than zero, since even weak links imply physical proximity.
standard deviation per distance are respectively µ0 = 45.13 ± 1.56 dBm, µ1 = 77.48 ± 4.15 dBm,
µ2 = 82.03 ± 4.57 dBm, and µ3 = 85.49 ± 2.75 dBm. B: Average of the values in respective time-bins.
Summary statistics are: µavg
= 45.13 ± 1.20 dBm, µavg
= 77.46 ± 2.90 dBm, µavg
= 81.99 ± 3.17 dBm, and
0
1
2
µavg
=
85.45
±
1.88
dBm.
C:
Maximal
value
per
time-bin.
The
mean
value
and
standard
deviation per
3
max
max
distance are: µmax
=
44.41
±
1.11
dBm,
µ
=
75.09
±
3.24
dBm,
µ
=
79.25
±
3.47
dBm, and
0
1
2
µmax
=
83.88
±
2.00
dBm.
3
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Removing links
This section outlines various strategies for removing links from the network. Fig. 4A shows an illustration
of the raw proximity data for a single time-bin, a link is drawn if either i ! j or j ! i. Thickness of
a link represents the strength of the received signal. For the thresholded network (Fig. 4B) we remove
links according to the strength of the signal (where we assume the weaker the signal the greater the
relative distance between two persons). To estimate the e↵ect of the threshold we compare it to a null
model, where we remove the same number of links, but where the links are chosen at random, illustrated
Fig. 4C. To minimize any noise the random removal might cause, we repeat the procedure n = 100
times, each time choosing a new set of random links, with statistics averaged over the 100 repetitions.
To check whether thresholding actually emphasizes face-to-face links, we additionally compare it to a
control network, where we remove links with signal strengths above or equal to the threshold, Fig. 4D;
this procedure is also repeated multiple times. In a situation where there are more links below the
threshold than above, we will remove fewer links for the latter compared to the other networks.

Figure 3. Number of links per type as a function of threshold value. Links a

they are observed less than 120 times in the data, i.e. links that on average are observed
day—otherwise they are classified as strong. Grouping students into study lines, reveals
study line have an almost uniform distribution of weights while links across study lines a
to a heavy-tailed distribution. A threshold of 80 dBm (gray area) removes 1159 weak a
classifies 97.6% of inter-study line links as weak and 86.7% of intra-study line links as st

questions and answers for big data
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Abstract
Understanding both collective and personal human
mobility is a central topic in Computational Social
Science. Smartphone sensing data is emerging as a
promising source for studying human mobility. However,
most literature focuses on high-precision GPS positioning
and high-frequency sampling, which is not always feasible
in a longitudinal study or for everyday applications
because location sensing has a high battery cost. In this
paper we study the feasibility of inferring human mobility
from sparse, low accuracy mobile sensing data. We
validate our results using participants’ location diaries,
and analyze the inferred geographical networks, the time
spent at di↵erent places, and the number of unique places
over time. Our results suggest that low resolution data
allows accurate inference of human mobility patterns.
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Complex problem solving in science, engineering, and business has become a highly collaborative endeavor.
Teams of scientists or engineers collaborate on projects using their social networks to gather new ideas and
feedback. Here we bridge the literature on team performance and information networks by studying teams’
problem solving abilities as a function of both their within-team networks and their members’ extended
networks. We show that, while an assigned team’s performance is strongly correlated with its networks of
expressive and instrumental ties, only the strongest ties in both networks have an effect on performance.
Both networks of strong ties explain more of the variance than other factors, such as measured or
self-evaluated technical competencies, or the personalities of the team members. In fact, the inclusion of the
network of strong ties renders these factors non-significant in the statistical analysis. Our results have
consequences for the organization of teams of scientists, engineers, and other knowledge workers tackling
today’s most complex problems.

Y.-A.de M. (yva@mit.
edu)

omplex problems in science, engineering, or business are being solved by teams of people working closely
with one another, each with the help of their network. In science, modern experiments require the

work in progress

Inferring friendships from WiFi data
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