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Abstract

We show how a wearable computing research plat-
form for measuring and analyzing human behavior
can be used to understand social systems. Using
a wearable sociometric badge capable of automati-
cally measuring the amount of face-to-face interac-
tion, physical proximity to other people, and relative
location, we are able to construct a dynamic view of
an organization’s social network by viewing interac-
tions as links between actors. Combining this with e-
mail data, where e-mail exchanges indicate a social
tie, we are able to form a robust view of the social net-
work, using proximity information to remove spurious
e-mail exchanges. We attempt to use on-body sensors
in large groups of people for extended periods of time
in naturalistic settings for the purpose of identifying,
measuring, and quantifying social interactions, infor-
mation flow, and organizational dynamics. We discuss
how this system can lead to an automatic intervention
system that could optimize the social network in real
time by facilitating the addition and removal of links
based on objective metrics in a socially natural way.
We deployed this research platform in a group of 22
employees working in a real organization over a pe-
riod of one month, and we found that betweenness in
the combined social network had a high negative cor-
relation ofr = −0.49 (p < 0.05) with perceived group
interaction quality.

1 Introduction

The problem of how to quantify the strength and
characteristics of social ties has been studied for years
in the social science community [4, 8, 21]. In the past,
researchers have used surveys and the like to discover
this information, but these methods often suffer from
subjectivity and memory effects. Pentland envisioned
a device that could record the behavior of hunderds of
individuals with high accuracy and over long periods
of time to alleviate these problems [20]. This device
would replace the expensive and time-consuming hu-
man observations currently used in social science re-
search with reliable and objective computer-mediated
ones. This could potentially remove two of the cur-
rent limitations in the analysis of human behavior: the
number of people that can be surveyed, and the fre-
quency with which they can be surveyed.

Data mining of e-mail has also provided impor-
tant insights into how organizations function and what
management practices lead to greater productivity
[21], but important communications are usually face-
to-face [15]. Some previous research also anticipates
the incompleteness of data based on e-mail communi-
cation and surveys [13]. Organizations will become
truly sensiblewhen they start deploying hundreds
or thousands of wireless environmental and wearable
sensors capable of monitoring human behavior, ex-
tracting meaningful information, and providing man-
agers with group performance metrics and employees
with self-performance evaluations and recommenda-
tions [3].

In this paper we introduce such a platform and show



how it can be used to recognize the properties of so-
cial systems. We then look at how this data could be
used to make organizations more effective, choosing to
use objective computational metrics rather than hand-
crafted human recommendations.

2 Background and Previous Work

Recently scientists in the field of organizational be-
havior have also examined ways that entire organiza-
tional social networks can be modified to increase pro-
ductivity and effectiveness [4, 8]. This work has tra-
ditionally mapped social networks using surveys and
then given recommendations based on expert analysis.
Previous work such as [13] and [21] has demonstrated
the utility of automatically collecting this data using
e-mail logs, but human recommendations are still em-
ployed to act on this data.

Eagle and Pentland introduced a system for sensing
complex social systems with data collected from mo-
bile phones [11]. Similar to our approach, they demon-
strated that by using Bluetooth proximity information,
they were able to recognize social patterns in daily
user activity, infer relationships, identify socially sig-
nificant locations, and model organizational rhythms.
In an earlier work, they also showed how to combine
proximity information with user profile data to facil-
itate social tie formation between similar individuals
[9].

Our research group (theHuman Dynamics Group)
at the MIT Media Laboratory has developed several
socially aware platforms to measure different aspects
of social context so that we could automate collection
of face-to-face interaction data. One of these platforms
was the SocioMeter [7], which learned social interac-
tions from sensory data and model the structure and
dynamics of social networks using an infrared (IR)
transceiver, a microphone, and two accelerometers. In
Social Motion [12], Gips used IR tranceivers and radio
frequency (RF) scanners capable of detecting other de-
vices within a fixed proximity to infer the underlying
social structure of groups of people.

One of the first systems that employed a “wearable
badge” paradigm was theActive Badge, which used
an IR transmitter to, among other things, trigger auto-
matic doors and forward telephone calls automatically.
A number of platforms also employed visual feedback

using LEDs and LCD displays to facilitate interaction
[6, 5, 1]. TheiBadge[19] was designed to be worn
by children to capture interactions with teachers and
common classroom objects.

Hardware Platform

We have designed, implemented, and deployed the
hardware and software infrastructure to collect and
analyze behavioral data from many individuals over
extended periods of time. In [16] we presented the
design of the wearableCommunicatorbadge, which
has evolved into theSociometricbadge [17]. TheSo-
ciometric badge can recognize human activities and
extract speech features in real time. In addition, it
can communicate with Bluetooth enabled cell phones,
PDAs, and other devices to study user behavior and
detect people in close proximity [9, 14]. The badge
can also capture face-to-face interaction time using an
IR sensor [7].

We believe our proposed approach to quantifying
social relations has several advantages over existing
methods such as direct observation by humans and the
use of surveys. Direct observation of humans by hu-
mans is expensive and limited to a few people per ob-
server, and observers do not always agree. The use
of surveys is subjective, inaccurate and time consum-
ing. In contrast, the ability to automatically capture not
only visible characteristics of human behavior such as
face-to-face interactions, relative location, and motion
but also the underlying psychological processes that
occur during social interactions in hundreds of people,
at the same time and with a single unobtrusive tool,
represents a great advantage.

3 Experimental Results

We deployed the research platform described in sec-
tion 2 for a period of one month (20 working days)
in the marketing division of a bank in Germany that
consisted of 22 employees distributed into four teams.
Each employee was instructed to wear the badge every
day from the moment they arrived to work until they
left their office. The employee pool has exactly the
same number of men as women, but all of the man-
agers are men. The division contains four functional
teams consisting of either three or four employees.



Figure 1. Wearable Sociometricbadge

Figure 2. Organizational chart

Each of these teams is overseen by a manager, who is
in turn supervised by a mid-level manager. These mid-
level managers are responsible for two teams, and they
report directly to the division manager. The division’s
organizational chart is shown in figure 2. We treated
the mid- and division-level managers as a single team
in the analysis.

The bank division itself also has a very interesting
physical layout. The division is split across two floors,
and some teams are co-located in a single room while
others have employees from multiple teams in them.
In fact, one of the reasons this division took such an
interest in the experiment was to determine precisely
what effect this physical organization had on the inter-
actions that occur within the division.

The objective of the experiment was to use data
collected using our wearable electronic badges to cor-
relate temporal changes in social interaction patterns
(including amount of face-to-face interaction, conver-
sational time, physical proximity to other people, and

physical activity levels) with performance of individ-
ual actors and groups. We obtained e-mail logs as well
as self-reported individual and group performance data
as part of a case study on the impact of electronic
communications on the business performance of teams
[18]. This data gave us a very detailed picture of the
inner operations of the division.

3.1 Experimental Procedure

Two kinds of badges were deployed in this exper-
iment. The first were the badges worn by individ-
uals. These badges logged IR receptions (contain-
ing the transmitting badge’s ID) every time they were
facing other badges, Bluetooth devices’ IDs, raw and
bandpass filtered audio, and motion data using the ac-
celerometer. Each badge transmitted its own ID via IR
every two seconds and was detectable over Bluetooth
every ten seconds. The badges are only able to record a
limited number of Bluetooth IDs every five seconds, so
not every device that is within range is logged. We also
had the blue LED blink once a minute as a cue to de-
note that the badge was operational. The second type
of badge we had were base stations deployed through-
out the bank to roughly track the location of interaction
events as well as subjects. Fourteen of these base sta-
tions were distributed across two floors of the bank’s
building and were continually discoverable over Blue-
tooth.

At the end of each day employees were asked to
respond to an online survey that included the following
questions:

• Q1. What was your level of productivity today?

• Q2. What was your level of job satisfaction to-
day?

• Q3. How much work did you do today?

• Q4. What was the quality of your group interac-
tion today?

Each question could be answered according to the
following scale: (1 = very high) (2 = high) (3 = aver-
age) (4 = low) (5 = very low). In the analysis below
we flipped the answer scale for ease of interpretation.



3.2 Face-to-Face Interaction

Methodology
IR can be used as a proxy for the detection of inter-

actions between people. In order for another badge to
be detected through IR, the badges must have a direct
line of sight to each other with a distance of less than
one meter, so it is reasonable to assume that the badge
wearers are engaged in some sort of interaction.
Results

Analysis of IR data yielded interesting results on
interaction within teams. Different rooms exhibited
different communication patterns in this regard (p <
0.05) but the difference across teams was striking (p <
0.01). It appeared that there were approximately three
types of teams: those with high intra-team commu-
nication (one team), those with a moderate amount
(one team), and many with low communication (three
teams).

Interestingly, teams that had more members tended
to have more intra-team interaction, noting that these
results were normalized by the number of team mem-
bers. The hypothesis suggested by this finding is that
individuals have to achieve a certain level of connect-
edness that is a function of team size, so that those
on lager teams have more intra-team communication.
There was a clear dichotomy between teams with
higher communication and those with lower commu-
nication. The former were teams that were project and
product intensive, which naturally require intra-team
collaboration, while the latter was involved in individ-
ual tasks, support roles, and control roles. These tasks
intrinsically require a looser social structure since
workers have little need for intra-team communication
to accomplish their goals.

We were also able to identify features of face-to-
face interaction that are significantly correlated with
the survey data. In particular, the number of unique
people that an individual interacted with over the
course of the day was moderately correlated with ques-
tion Q1 responses (r = −0.19, p = 0.01), while
the total amount of time spent in face-to-face commu-
nication was correlated with the responses for ques-
tions Q1, Q2, and Q3 (r = −0.27, −0.22, −0.31,
p = 0.0008, 0.006, 0.0001, respectively).

These findings reinforce the intuition that an over-
whelming amount of face-to-face interaction leads to

a decrease in productivity and overall happiness. We
can also explain this correlation by noting that when
individuals engage with a larger number of people they
tend to feel overloaded, while if they interact with few
people they may feel that they can focus on their work.
Looking at causality in the other direction, it may be
that interacting with a few individuals simply makes
one feel more at ease with their work environment.

3.3 Proximity and Location

Methodology
The badge can detect other Bluetooth devices in

close proximity (within ten meters) in an omni-
directional fashion. In the past, this functionality has
been used to identify location, behavioral patterns, and
social ties [10].

Initially we hypothesized that Bluetooth detections
could be used to recognize office level locations and
conversational groups. However, the large range of the
Bluetooth receivers made this task extremely difficult,
limiting the resolution of our data.

These constraints caused us to take a different ap-
proach to the analysis. Since closer devices are de-
tected more often, we used a probabilistic method to
determine what other badges were in the area. We say
that a badge was detected for a 5-minute time-frame
only if the badge was detected for more than 30% of
the time-frame, which accounts for the limited Blue-
tooth detection rate. We defined a person as easily
reachable when a person was detected for over 30 min-
utes a day.
Results

The number of easily accessible people was signifi-
cantly different between the people on different floors.
People on the second floor had on average 4.08 people
easily reachable per day while people on the third floor
had 15.3 (p < 0.01). This same trend held for inter-
and intra-team communication (bothp < 0.01) and
for inter- and intra-room communication (p < 0.001
andp < 0.01 respectively). We can posit that peo-
ple on the third floor were more stationary, making
them more available to others on their team and in their
room. This might be a result of the type of work people
are engaged in since most people on the third floor had
a job description that required them to be present in
their office, resulting in high Bluetooth detection rates.



Our notion of accessibility, however, fails to capture
the fact that mobile individuals would likely come into
contact with more people than stationary individuals.
Thus, it may be more appropriate to say that the peo-
ple on the third floor are more reachable for planned
interactions, while those on the second floor are more
reachable for serendipitous interactions.

3.4 E-Mail

Methodology
E-mail has been frequently used to measure social

ties between individuals [21]. Not only is it easy
to measure, but in the modern workplace employees
are increasingly interacting with each other through e-
mail. This data is also easily quantifiable, since we
know exactly who sent an e-mail to whom and when.
Since it only captures digital interactions, it was un-
clear whether this accurately represented “real world”
interactions.

In general, large scale unidirectional e-mails have
little value when analyzing one-on-one interaction.
Therefore we only considered reciprocated e- mails
when examining relationships between individuals.
Results

In the case of e-mail communication, we found that
the amount of e-mail exchanged between individuals
varied by floor (p < 0.0005), with people on the third
floor sending considerably less e-mail than individuals
on the second floor. This same trend held for inter and
intra-team communication (p < 0.001). This is a very
interesting result since in contrast to proximity, these
results did not hold at the room level. That is, when
individuals were grouped into rooms there was no sig-
nificant difference in the amount of e-mail communi-
cation. However, when looking at e-mail communi-
cation within a room, there was a large difference be-
tween rooms (p < 0.0001). One room had over double
the average e-mail communication of all other teams.

We can view these results as implying that individ-
uals on the second floor have tasks that require high
e-mail communication, while those on the third floor
require a lower level of e-mail to work effectively. Al-
though individuals tended not to interact too often with
in-room others, there was a significant exception. We
could infer that this room had a more asynchronous
work flow, where individuals needed to work on criti-

cal tasks in real time and exchanged trivial information
only when free time was available.

3.5 Combined Social Network

Methodology
Another question that arises is how to combine so-

cial network data from multiple sources. It is still un-
clear how many e-mails are equivalent to face-to-face
interactions detected over IR, since in general there
was no correlation between ties recognized through IR
and those found through examining e-mail communi-
cation. However, if we normalize the values such that
the greatest number of IR hits/e-mails is 1, then we
can hope that this will offer a better solution than sim-
ply adding the two adjacency matrices together. Ide-
ally, we would use some weighting factor that would
discount the e-mail ties by some multiplicative factor
because of the intuition that e-mail indicates weaker
social ties than face-to-face interaction, but currently
we cannot justify choosing a particular factor.

But what does this network represent? We have
already shown that proximity is negatively correlated
with e-mail exchange, so is it even appropriate to com-
bine this information? If we are interested in how in-
dividuals are linked through the myriad communica-
tion tools already available to them, then the answer
is yes. Two people who work with each other on dif-
ferent continents may not see each other for months
at a time, yet they may exchange e-mail frequently.
When they meet, they will already have a shared so-
cial context to draw upon, and then a stronger rela-
tionship can develop. It would be misguided to sim-
ply throw out electronic communication information,
since in today’s world this has become an extremely
important interaction channel, albeit still less so than
face-to-face interaction.

We must also account for links between actors
through e-mail that are entirely absent in the face-to-
face network. If two people are seen as accessible to
each other over Bluetooth and have no face-to-face in-
teraction but do have e-mail exchanges, there are two
possible explanations. The first is that these individu-
als simply don’t know that they are proximate to each
other. This is unlikely, since the range of Bluetooth
is ten meters and individuals that communicate with
each other frequently over e-mail would likely interact



if they saw each other in person. Although IR does not
detect all face-to-face interactions, over the course of
a month it would likely catch one if the individuals oc-
casionally interacted. The second explanation is that
a social tie does not exist between these two actors,
that they are in fact exchanging e-mail as a matter of
their official duties, such as cc-ing all members of the
division. Therefore, when combining information we
remove e-mail ties that fall into this category.
Results

We found social network features that were not
present in the face-to-face or e-mail social networks.
Floors differed on many dimensions, most strikingly
in total communication (p < 0.005), where people on
the second floor had nearly twice the communication
of those on the third floor. This leads us to believe
that the second and third floors have fundamental dif-
ferences in their behavior patterns, and interestingly
this does not manifest itself at the team level. While it
will take further analysis to determine the exact cause
of this disparity, it may be that proximity to the divi-
sional manager (who is on the second floor) increases
communication, or even that climbing an extra flight
of stairs makes people talk less.

We were also able to find high correlations between
the combined social network features and survey re-
sults. Total communication was highly negatively cor-
related with monthly averages of questions Q2 and Q4
(r = −0.48,−0.53, andp < 0.05 in both cases), and
this relationship was shared by betweenness for Q4
(r = −0.49, p < 0.05), although betweenness and
total communication were not significantly correlated.
Inter status communication was also highly negatively
correlated with Q4 (r = −0.64, p < 0.005), and al-
though other features also showed the same trends,
they were highly correlated with the above measures.
These findings tell us that job satisfaction and percep-
tion of group interaction quality are closely tied to the
amount of communication. When one is, in general,
involved in a large number of interactions, their job
satisfaction tends to be low. Causality in the other di-
rection seems quite unlikely.

Additionally, individuals who are socially impor-
tant over long periods of time, who are involved in
a lot of communication, or who have a large number
of interactions with individuals with another role tend
to much lower evaluations of group interaction. This

is a fascinating result, since it implies that not only is
interaction with your subordinates and manager drain-
ing, but so is being a socially powerful individual. This
points to the necessity of aiding central actors in man-
aging their interaction-related stress, since it is evident
that those who are overburdened with their communi-
cation responsibilities feel that their interaction qual-
ity similarly degrades. It may be that a threshold for
communication amount and communication type ex-
ists, where anything above this level causes a drop in
satisfaction. Again, we believe that causality in the
other direction is not likely. These results all imply that
we have found a useful representation that can give us
information about how people interact that a network
formed from a single communication channel cannot.

3.6 General Findings

We fit a multilinear regression to questions Q1, Q2,
and Q3 on a daily basis using the variables that were
significantly correlated with each of them [17]. In each
case we were able to capture ten percent of the vari-
ance of responses (p < 0.005 for all questions). These
results imply that we must go to a finer level of anal-
ysis to discover the important factors underlying this
data.

Over the whole month, proximity from being in the
same room, floor, or team had a high negative corre-
lation with the number of e-mails exchanged between
people (r = −0.55, p < 0.01). This has powerful
implications for previous work that has used e-mail
communication as a proxy for the social network of
an organization, since these two are in fact negatively
related.

We can attribute this to several factors. First, if you
are in close proximity to another individual, it makes
more sense to interact with them in the real world
rather than send them an e-mail. Second, proximity
information also picks up on informal relations, while
in this particular organization e-mail is used mainly
for business purposes. This is because if you spend
a lot of time with someone you are more likely to be
their friend and therefore less likely to send an e-mail
to them. This result points towards the necessity of
having face-to-face interaction information in order to
have a full view of the social network.

If we group people by floor, we see that people



on the second floor had lower Bluetooth counts and
higher e-mail counts than people on the second floor
(mean = 4.08, 15.08),p < 0.01 and (mean = 96.4,
37.7), p < 0.001, respectively. Hence we can posit
that people on the third floor are more stationary, stay-
ing in their office most of the time, allowing for pre-
dictable face-to-face communication and mitigating
the need for e-mail. On the other hand, people on the
second floor are more mobile, often out of their office,
requiring them to use more asynchronous communica-
tion channels such as e-mail. This result suggests that
while serendipity is important, it causes an individual
to be less available for face-to-face communication,
thus increasing e-mail exchanges. It would be inter-
esting, however, to examine which way the causality
actually goes.

Supporting the high negative correlations between
proximity and e-mail activity, we discovered that be-
tweenness in the daily IR social network had a mod-
erately negative correlation with daily e-mail activity
(r = −0.19, p < 0.05). This is an intuitive finding
since we would expect these socially powerful indi-
viduals to be able to call up information through face-
to-face interaction rather than through asynchronous
e-mail. Their central position in the network also en-
sures that they will be privy to a large amount of in-
formation, further decreasing the need for e-mail com-
munication.

We examined the correlation between individual so-
cial ties detected through Bluetooth and e-mail. The
only significant correlation we found was over inter
room communication, wherer = −0.1084, p < 0.05.
Interestingly, when we only examined ties where both
Bluetooth detections and e-mail communication were
present, we obtained a very high correlation on intra
status ties (r = 0.65, p < 0.0001) and inter floor ties
(r = −0.4, p = 0.01). The intra status correlation
implies that e-mail communication between individ-
uals with the same role increases as their proximate
time increases. Causality in the other direction is also
possible, with high e-mail communication breeding an
increase in proximity through meetings and the like.
Corroborating the findings mentioned earlier, if actors
spend time with people on other floors, then they are
less likely to send them e-mail. We would not expect
causality from e-mail communication to lead to de-
creased proximity, however. The inter room correla-

tion has a similar pattern, although it is much weaker.

4 Social Network Optimization

One potential breakthrough application of real time
social network data is the ability to effect changes in
the social network in real time as well. Once we have a
picture of the ties that exist in an organization, we can
shape new ties so that they will create an optimized
communication structure in that context. While this
may seem distasteful to some, we all manage our rela-
tionships. We let certain relationships fade away and
actively work to strengthen others. Using data to ac-
complish the same tasks merely allows you to do this
in a more scientific fashion [4].

Even if we ignore the qualms that individuals may
have about shaping their interactions, the question is:
how do we do it? First we must build a model of the
“true” social network. That is, ignoring extraneous in-
teractions and ensuring that all ties are at least occa-
sionally used for communication.

Next, managers could, of course, identify individ-
uals that should be paired up through selection by a
human or by recognizing that connecting specific ac-
tors would result in a large reduction in the charac-
teristic path length in the social network [22]. They
could even set a target characteristic path length and
then the system could begin molding the network to-
wards that goal in a greedy fashion. Alternatively, we
could proactively change the list of participants that
will attend certain meetings so as to facilitate tie cre-
ation through propinquity. But simply mechanically
attempting to connect individuals by, say, sending both
actors e-mails, would neglect using our knowledge of
the existing social landscape and the inherent power of
social systems. It is also important to remember that
individuals can have only a finite number of connec-
tions in order for them to maintain and not be over-
whelmed by their social ties.

We also must realize that if we wish to use the ex-
isting social ties between individuals to create new ties
then the system cannot connect all pairs of actors. It
would have to create a patchwork of ties that would
slowly close the gap between these two actors, in a
process we calltightening. Tightening consists of cre-
ating a link between two target actors by introducing
them to actors that they do not have prior ties with and



Figure 3. An example social network

Figure 4. Social network after tightening

are on the shortest path between the targets. The new
ties formed in this process must bring the the targets
strictly closer to each other, as long as there is not re-
sistance from an actor on the shortest path. If an actor
does not want to form a tie with one of the targets,
then we can attempt to circumvent them by taking the
next shortest path through the network. Both targets
connect to each other when they have a common ac-
quaintance who introduces them.

For example, consider the example social network
of a fictional organizational department pictured in fig-
ure 3, taken from [2]. We can see that the network
would derive a large benefit in terms of characteris-
tic path length reduction if we connected v9 and v33,
since we assume that because v9 and v33 are in the
same department they will have useful information to
share with each other.

To tighten this network, the system would operate
along the shortest path from v9 to v33, which is v9-
v154-v27-v272-v69-v33. First, the system would send
an e-mail to v154 asking them to take v27 and v9 for
coffee, since it knows that v154 is around the coffee
machine with v9 and v27 at different times. Simi-
larly, the system could ask v69 to arrange a meeting

between v272 and v33. After these connections oc-
cur and the system observes that communication flows
continue over an appropriate period of time between
v27 and v9, it would ask v27 to take v272 and v9 to
lunch. Suppose, however, that this attempted connec-
tion failed. The system could attempt to forge this link
again, but it would be more advantageous to instead go
through the v27-v62-v19-v69-v33 path, since it may
be that v272 and v9 are simply not compatible for a
relationship. We would continue tightening until we
have finally linked v9 and v33, and in the process we
have created a much more well-connected social net-
work, the one shown in figure 4. This procedure only
created four links before connecting v9 and v33, so
applying this process many times to a network will not
increase the number of links by a large amount but it
will substantially reduce the characteristic path length.

It also makes sense to identify individuals in the net-
work who aretoo central. In this case, the removal of
this node from the network would either greatly in-
crease the characteristic path length of the network or
split it into fragments. The system could remedy this
situation by using tightening, here simply connecting
two actors that are in network clusters that are on the
opposite sides of the central actor.

Cross and Parker identified communication bottle-
necks in the network as a source of significant prob-
lems [8]. Our system could attempt to ease the pres-
sure on these bottlenecks by reducing an individual’s
ties and delegating some of their responsibilities to
others. This case is not only more delicate but more
difficult than the case in which we want to increase
ties. For example, in figure 3 we see that v27 has
eleven connections. This may be appropriate, but it
may also be important to transfer some of v27’s com-
munication to others so that the disatisfaction with in-
teraction that we observed above does not occur. In ad-
dition, the organization will respond more quickly in a
variety of situations. The system could allow individu-
als to specify thresholds for communication or interac-
tion before it intervenes. Here it makes more sense not
to explicitly direct users, since it is an extremely com-
plex issue to split an individuals task load. Rather, we
would attempt to notify the individual themselves as
well as their manager so that an appropriate response
can be devised. The system could offer suggestions,
listing individuals with similar job functions that have



a low number of ties who could assume additional
communication responsibility.

5 Conclusions and Future Work

We demonstrated the use of a wearableSociometric
badge capable of measuring social relations from rela-
tive location, proximity, and face-to-face interaction to
quantify social relations. We deployed the sociomet-
ric badge system in a group of 22 employees in a real
organization over a period of one month.

We predicted employees’ self-assessment of pro-
ductivity, job satisfaction, and their own perception of
group interaction quality using these automatic mea-
surements. Our analysis of face-to-face interaction
time and physical proximity to other people indicated
that people in different rooms and teams exhibit dif-
ferent patterns of communication behavior (p < 0.01).
We found many interesting results involving different
communication channels and behavior patterns. An
important finding was that physical proximity to other
people was strongly negatively correlated with e-mail
communication (r = −0.55, p < 0.01). We com-
bined face-to-face and proximity information with e-
mail data to form a robust view of the social net-
work, using proximity information to remove spurious
e-mail exchanges. We found that betweenness in the
combined social network had a high negative correla-
tion of r = −0.49 (p < 0.05) with perceived group
interaction quality.

We discussed how this system could lead to an auto-
matic intervention system that could optimize the so-
cial network in real time through the process of tight-
ening, which connects actors in a socially natural way.
In the future we will refine our analytic methodology
by looking at the temporal relationships between dif-
ferent features. We will also perform other experi-
ments to gain a more general understanding of how
to analyze group behavior.

Our results show that by combining different data
modalities for social network analysis it is possible to
gain insight into an organization, and pushes for fur-
ther use of automatic sensing data for computational
social science.
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