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Abstract
There is growing interest among organizational researchers in tapping into alternative sources of data beyond self-reports to
provide a new avenue for measuring behavioral constructs. Use of alternative data sources such as wearable sensors is necessary
for developing theory and enhancing organizational practice. Although wearable sensors are now commercially available, the
veracity of the data they capture is largely unknown and mostly based on manufacturers’ claims. The goal of this research is to test
the validity and reliability of data captured by one suchwearable badge (by Humanyze) in the context of structuredmeetingswhere
all individuals wear a badge for the duration of the encounter. We developed a series of studies, each targeting a specific sensor of
this badge that is relevant for structured meetings, and we make specific recommendations for badge data usage based on our
validation results. We have incorporated the insights from our studies on a website that researchers can use to conduct validation
tests for their badges, upload their data, and assess the validity of the data. We discuss this website in the corresponding studies.

Keywords Wearable sensors . Unobtrusive measures .Machine learning

Introduction

There is growing interest among organizational researchers in
tapping into alternative sources of data beyond self-reports to

provide a new avenue for measuring behavioral constructs.
Use of alternative data sources is necessary for developing
theory and enhancing organizational practice. One such alter-
native data source is wearable sensors that collect data about
organizational members’ day-to-day activities and interac-
tions. Althoughwearable sensors are now commercially avail-
able, the veracity of the data they capture is largely unknown
and mostly based on manufacturers’ claims.

The goal of the present research is to test the validity and
reliability of data captured by a particular wearable sensor, the
Sociometric badge, an unobtrusive device originally devel-
oped by the MIT Media Laboratory and later commercialized
by Sociometric Solutions (now Humanyze). The badge uses
four sensors – a microphone, an infrared sensor, a Bluetooth
detector, and an accelerometer – to capture data about the
wearer’s voice, face-to-face interactions, proximity to other
wearers, and body motion. Despite the possibilities offered
by this new technology, ambiguities exist regarding the
validity of the data captured. The evidence supporting their
use is based primarily on studies conducted by the research
team involved in their development. To address this issue,
Chaffin, et al. (2017) conducted a series of studies to validate
the data captured for unstructured meetings, in which partici-
pants move in and out of conversations and can interact with
anyone, including those who do not wear badges. Our study
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builds on their work by collecting data and investigating the
metrics for structured meetings, in which all individuals pres-
ent wear a badge for the duration of the encounter
(Sociometric Solutions, 2015). Table 1 presents and defines
the metrics generated by the four types of sensors in these
badges and differentiates the metrics tested by Chaffin et al.
(2017) and by the present study.

We have developed a series of validation studies, each
targeting a specific badge sensor and metrics relevant for
structured meetings recommended by Sociometric Solution’s
manual (Sociometric Solutions, 2015). Based on the valida-
tion results, we make specific recommendations for data us-
age. We also incorporate the insights obtained from our stud-
ies on a website that allows researchers to conduct validation
tests with their own badges, upload their data, and assess the
validity of the data captured by the badges (http://www.
badgevalidation.com). We discuss this website as we present
the corresponding studies.

Our research extends existing knowledge concerning these
badges, and wearable sensors in general, in four key ways.
First, we focus on structured meetings and extend the work
of Chaffin et al. (2017). While Chaffin et al. (2017) focus on
unstructured meetings and predominantly test the Bluetooth
and infrared sensors that are more relevant to unstructured
interactions, we conduct an in-depth analysis of both the ac-
celerometer and the microphone sensors (Study 2 and Study
3) due to their ability to measure finer-grained details relevant
to structured interactions. Our motivation to focus on struc-
tured meetings is that the amount of time spent in meetings by
organizational members is increasing every year. Reports in-
dicate that managers spend 35–50 % of their time in meetings
(Dockweiler, 2014). Considering that these meetings may in-
volve anything from developing new products or services to
setting organizational strategy, data collected in these meet-
ings can not only advance our understanding of theories that
govern interactions among organizational members but also
shed light on grand theories. For example, volume, vocal var-
iability, or body movement – which have been linked to dom-
inance, power, and status (Hall, Coats, & LeBeau, 2005) – can
bemeasured using the microphone and accelerometer sensors,
and thus provide insights into the corresponding theories.
Similarly, the same two sensors can capture vocal dynamics
and mirroring, which have been shown to explain negotiation
outcomes (Curhan & Pentland, 2007).

Second, we develop a data validation protocol for the mi-
crophone and accelerometer sensors that can be used by other
researchers to validate their own badges (Study 2 and Study
3). While each research study that uses these badges may have
its own measurement protocol, our study provides a guideline
on how to check the validity of the badges in a systematic
fashion before following a measurement protocol. This is im-
portant because it can not only unveil differences in badges
(due to the manufacturing or the calibration processes), but

also inform future research on how to ensure validity of other
types of wearable sensors – besides the badges examined in
this study – that can capture sound, movement, or any other
type of stimuli.

Third, when we uncover data validity issues, we provide
alternative strategies—such as use of machine learning—that
yield more accurate data. Fourth, we extend previous work by
testing basic assumptions (time synchronization and gendered
vocal patterns) that have not previously been examined but
have critical implications for the use of the data captured by
the badges (Study 1). The sections that follow present in detail
our three studies that were aimed at developing a validation
protocol using 10 Sociometric badges.

The lessons learned from our research extend beyond the
specific wearable badge we test. The current speed of technol-
ogy leads to the development of new or updated wearables on
a regular basis. While these wearables provide new avenues
for advancing organizational theories, it is incumbent upon
researchers to understand their capabilities and to determine
the validity of the data they capture and generate. Our research
provides insights about how to do this in a systematic and
controlled fashion using a specific type of wearable.
However, this may guide future research on the collection of
data using any type of wearable, irrespective of its brand.

Background

We developed a validation protocol for the Sociometric badge,
an unobtrusive device originally developed by the MITMedia
Laboratory and later commercialized by Sociometric
Solutions (now Humanyze). The badge is worn around the
neck on a lanyard and is the approximate size and shape of
an ID tag (Fig. 1). It uses four sensors (a microphone, an
infrared sensor, a Bluetooth detector, and an accelerometer)
to capture data about the wearer’s voice, face-to-face interac-
tions, proximity to other wearers, and body motion. Even
though these data can be considered Braw,^ they are generated
using the badge firmware and do not necessarily reflect the
true values for the external stimuli observed in the data col-
lection setting (Sociometric Solutions, 2014). For example, a
stable tone at 170 Hz is captured as 307 Hz by the badge due
to the ways in which its proprietary firmware processes this
tone and records it in its internal memory. The Sociometric
Solutions software – which is required for exporting the data
from the badges – also generates new data by processing the
raw data collected by the badge. For example, the accelerom-
eter sensor collects activity data (raw data based on the
wearer’s physical activity), and these are then processed by
the Sociometrics Solutions software to derive binary data
about walking – to indicate whether the badge wearer was
walking (1) or not (0) at each given second in time. We there-
fore use the term Braw data^ in this paper to refer to data that
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are only processed by the badge firmware and Bderived
metrics^ to refer to data that have been further processed by
the Sociometric Solutions software. The file exported from the
badge includes both raw data and derived metrics. We note
that the badge does not audio record verbatim speech.

The Sociometric badges have been used to predict organi-
zationally relevant outcomes such as job attitudes and perfor-
mance (Olguin-Olguin & Pentland, 2010b), job satisfaction
(Olguin-Olguin, Waber, et al., 2009), workspace design
(Orbach, Demko, Doyle, Waber, & Pentland, 2015), personal
and group interaction satisfaction (Waber, Olguin-Olguin,
Kim, & Pentland, 2008), network cohesion (Wu, Waber,

Aral, Brynjolfsson, & Pentland, 2008), creativity (Tripathi &
Burleson, 2012), personality traits (Olguin-Olguin, Gloor, &
Pentland, 2009), group performance (Olguin-Olguin, Gloor,
et al. 2009; Olguin-Olguin & Pentland, 2010a), and group
collaboration (Kim, Chang, Holland, & Pentland, 2008). A
brief summary of these studies showing the types of sensors
and metrics used in prior work is presented in Table 2.

In this paper, we present three studies (see Table 3). In
Study 1, we test the synchronicity assumption, which posits
that the badges’ internal clocks are in sync with each other as
well as with the real-world clock. While this assumption is
taken for granted in earlier work, including Chaffin et al.
(2017), we show that there is a lack of synchronicity between
badges, which creates issues for metrics derived by the
Sociometric Solutions software. In Study 2, we focus on the
microphone sensor and test the validity of both its raw data
(volume, frequency, and pitch) and the derivedmetrics (speak-
ing, silence, overlap, and turn-taking). In Study 3, we focus on
the accelerometer sensor and test posture and movement (raw
data) as well as mirroring (derived metric). We note that all
studies concerning the microphone (Study 1 and 2) were con-
ducted in an isolated quiet office to minimize background
noise.

Study 1: Synchronicity assumptions

In Study 1, we tested two assumptions about badge function-
ing by examining (a) the degree to which badge clocks are
synced with the real-world clock (and thus with one another)
and (b) the degree to which a badge’s microphone and accel-
erometer are synced (i.e., capture the same event at the same
time). The badges we used in Study 1 (and the subsequentFig. 1 Sociometric badge

Table 1. Differences between Chaffin et al. (2017) and the current study

Sensor Metric Description Unstructuredmeetings Structured meetings

Bluetooth Proximity Number of times badges’ Bluetooth sensors detect each other O N/A1

Infrared Face-to-face interaction Number of times badges’ infrared sensors detect each other O N/A1

Microphone Frequency Frequency of sound captured by badges O X

Amplitude Amplitude of sound captured by badges O N/A2

Volume Volume of sound captured by badges X

Pitch Pitch of sound captured by badges X

Speech Speech detection, overlap, turn-taking between speakers O X

Accelerometer Left–right posture The degree of tilting between left and right X

Front–back posture The degree of tilting between front and back X

Activity The level of physical activity X

Mirroring The level of similarity of body movement between two badges X

Note. O: Tested in Chaffin et al.; X: Tested in current study. The current study tested all metrics recommend by Sociometric Solutions (2015)
1 Bluetooth and infrared are not particularly relevant to structured meetings, because all participations are present in one meeting and engaged in one
conversation
2Not recommended for structured meetings by Sociometic Solutions (2015)
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studies) had firmware version 3.1.2669. We changed the firm-
ware’s setting for collecting data from the default setting of
0.5 s to 0.1 s, as recommended for structured meetings
(Sociometric Solutions, 2015).

Study 1a: Synchronicity between badges

It is important to synchronize the badges with the real-world
clock to ensure that the internal clocks do not drift. Such

Table 2. Summary of prior work

Study Sensor Metric Dependent variable

Kim et al., 2008 Accelerometer
Microphone

Activity
Speaking

Group collaboration

Waber et al., 2008 Infrared
Bluetooth
Accelerometer
Microphone

Face-to-face interactions
Proximity
Activity
Speaking

Personal and group interaction satisfaction, productivity

Wu et al., 2008 Infrared
Bluetooth
Microphone

Face-to-face interactions
Proximity
Tonal variation

Network cohesion

Olguin-Olguin, Gloor, et al., 2009 Infrared
Bluetooth
Accelerometer
Microphone

Face-to-face interactions
Proximity
Activity
Speaking

Personality traits, group performance

Olguin-Olguin, Waber, et al., 2009 Infrared
Bluetooth
Accelerometer
Microphone

Face-to-face interactions
Proximity
Activity
Speaking

Job satisfaction, group interaction

Olguin-Olguin & Pentland, 2010a Accelerometer
Microphone

Activity
Speaking

Group performance

Olguin-Olguin & Pentland, 2010b Infrared
Bluetooth

Face-to-face interactions
Proximity

Job attitudes and performance

Tripathi & Burleson, 2012 Infrared
Bluetooth

Face-to-face interactions
Proximity

Creativity

Orbach et al., 2015 Infrared
Bluetooth

Face-to-face interactions
Proximity

Workspace design

Table 3. Summary of current work

Study Sensor tested Metrics used Data type Study characteristics Treatment

Study 1a Microphone Frequency Raw 10 badges, 1 session 30-s stable tone

Study 1b Microphone and
accelerometer

Frequency
and activity

Raw 10 badges, 1 session 30-s stable tone

Study 2a Microphone Volume Raw 10 badges, 3 sessions Three volume settings
(ambient, normal, normal × 3)

Study 2b Microphone Frequency Raw 10 badges, 1 session Five types of frequencies
(stable tone, ambient, sweep tone,
male speech, and female speech)

Study 2c Microphone Pitch Raw 10 badges, 3 sessions Machine-generated tones and scripted speaking

Study 2d Microphone Speaking, silent,
overlapping, turn-taking

Derived 2 badges, 1 session
(conducted twice using
different pairs)

Simulated conversation between a male
and a female speaker (machine-generated
scripted speaking)

Study 3a Accelerometer Posture

i. front–back Raw 10 badges, 3 sessions Three types of controlled movement
(stationary, front, back)

ii. left–right Raw 10 badges, 3 sessions Three types of controlled movement
(stationary, left, right)

Study 3b Accelerometer Activity Raw 10 badges, 1 session Three controlled activity levels
(stationary, moderate, high)

Study 3c Accelerometer Mirroring Derived 10 badges, 3 sessions Three controlled activity levels
(stationary, moderate, high)
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drifting could result in invalid combinations and comparisons
of data across badges regarding phenomena as they occur in
real time. The Sociometric Solutions (2014) user manual sug-
gests synchronizing the internal clocks by installing the
Sociometrics Solutions software on a computer and
connecting the badges to this computer through a USB port.
In this study, we tested whether the internal clocks were in
sync with the real-world clock and with one another.

Experimental procedureAfter connecting all the badges to our
computer as recommended, we turned the badges on. Then, at
11:07:00 a.m., we played a stable tone (170 Hz) for 30 s. After
turning the badges off, we exported the data by seconds. The
30-s stable tone generated 30 rows of consistent frequency
values in the exported data file. For each badge, we checked
whether the values started at the marked time (11:07:00 a.m.).

Results The badges failed to capture the stable tone at the
marked time or with the same timestamp (Table 7 of
Appendix 1). The badges were nearly 3 min ahead of the
real-world clock. Between-badge comparison showed that
the internal clocks were anywhere between 1 and 35 s apart
from each other.

A repetition of this experiment on another day (after synch-
ing the badges with the computer) generated similar results
(Table 8 of Appendix 1). The badges were nearly 3.5 min
ahead of the real-world clock, and their internal clocks were
anywhere between 0 and 12 s apart from each other.

Discussion and recommendations The results show that the
badges were not in sync with the real-world clock, nor with
each other. Further, the time difference between the same two
badges was not consistent across experimental sessions. For
example, the 4-s delay observed between the first two badges
(Badge 1 and 2) in the first experiment (see Table 7 of
Appendix 1) was not observed in the second experiment
(see Table 8 of Appendix 1).

The lack of synchronicity between badges is problem-
atic for a variety of reasons. If data captured by badges do
not have the same timestamp for the same event, any
analysis that relies on data from multiple badges will lead
to inaccurate results because the same event will be
interpreted as multiple events. For example, consider the
first two badges in the first experiment: Badge 2 registers
the stable tone 4 s later than Badge 1. If the delay is not
accounted for, the data will show that an external stimulus
(such as a stable tone) occurred at two different time
points. As we discuss later, this is particularly problematic
for metrics that the Sociometric Solutions software de-
rives from raw data, because the software observes the
same event happening at different points in time (e.g.,
ten different times, as shown in Table 7 of Appendix 1).
Therefore, derived metrics that rely on the synchronicity

of events (such as turn-taking or mirroring of body move-
ments) will be largely inaccurate.

To resolve this issue, we played a 30-s stable tone at the
beginning of each data collection using the badges. The stable
tone is a consistent sound at 170 Hz, the average frequency of
the human voice (Titze, 1994). The 30-s stable tone generated
30 rows of consistent frequency data (when analyzed by sec-
onds) in the frequency section of the exported data file. We
used these rows as a marker to determine the extent of drift
across badges, align badge timelines, and achieve synchronic-
ity (in all subsequent studies discussed in this paper). It is
important to note that this does not sync the badges' internal
clocks. Rather, it enables to align the data after the data are
exported from the badges and helps eliminate the drift during
data analysis. We also recommend that this approach be used
each time the badges are turned on and off since the drift in
internal clocks is not consistent between any pair of badges.

However, this approach does not alleviate the problems of
derived metrics that rely on data captured by multiple badges,
because Sociometric Solutions software cannot account for
the drift, and thus computes the derived metrics based on data
captured in different timelines. We make separate recommen-
dations to address the derived metrics later in this paper.

We also note that when we turned off the badges immedi-
ately after an experimental treatment, the export process trun-
cated the data, causing us to lose valuable data. We speculate
that this is also due to the lack of synchronicity between the
badges’ internal clocks and the real-world clock. To resolve
this issue, we left the badges on for a minimum of 3 min at the
end of each data collection.

Due to the importance of synchronicity and its implications
for the data collected by the badges, we have developed a
website (http://www.badgevalidation.com) where researchers
can download the 170-Hz stable tone sound file, upload their
data, and assess the level of synchronicity between their
badges. (Figure 4 of Appendix 1 shows an example analysis
of synchronicity on this website.)

Study 1b: Microphone and accelerometer test

Next, we tested whether the data captured by a badge’s micro-
phone and accelerometer were synchronized – that is, whether
the microphone and accelerometer sensors captured the same
event with the same timestamp when an event simultaneously
triggered both sensors.

Experimental procedureWe employed two experimental con-
ditions. For the first condition, we kept the badges stationary
for 30 s in silence (i.e., ambient noise in a quiet office), and for
the second, one of the researchers wore all badges and walked
for 30 s while the stable tone played. We anticipated that if the
microphone and accelerometer worked in sync, then the
timestamp of the stable tone’s frequency data (raw data)
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would coincide with the timestamp of the activity data (raw
data capturing the level of physical activity) in the exported
file. We captured data for only one session because it was not
possible to precisely replicate the walking condition.

Results To evaluate the microphone and accelerometer syn-
chronization, we visually inspected the alignment of the raw
data from each sensor and also examined the covariation of
the frequency values (raw data) and walking values (derived
metric).

Visual inspectionWe examined the frequency and the activity
data in the exported file. Per the Sociometric Solutions (2014)
user manual, the activity data captured by the accelerometer
are continuous in nature and indicate how physically active a
person is while wearing a badge. Values closer to 0 indicate no
activity, while values higher than 0.002 indicate activity—the
higher the value, the greater the activity. We opted for a visual
inspection rather than a statistical analysis (e.g., ANOVA)
because statistical analyses can obscure a time lag in the data.
To this end, we superimposed the frequency data on top of the
activity data and plotted the activity values for the 60-s dura-
tion (separately for each badge). The chart (Figure 5 of
Appendix 2) shows that the microphones and accelerometers
were indeed in sync: there was a jump in the activity values at
the end of the 30-s mark, which is the beginning of the walk-
ing condition.

Frequency and walking covariation The Sociometric
Solutions software uses a badge wearer’s activity data to de-
termine whether that person is walking or not at a specific
point in time. Because this is a derived metric, it is binary in
nature: it is 1 if the person is walking and 0 if the person is
stationary. The algorithm derives the walking metric for each
second of data. This similarly provided us with an opportunity
to check whether the badges indicated walking while the sta-
ble tone played. To this end, we performed binary coding on
the frequency values: we coded all ambient frequencies as 0
and all stable tone frequencies as 1. Therefore, we had 30 s of
0s (for ambient noise while the badges were stationary), and
30 s of 1s (for a stable tone while the badges were moving).
We conducted a correlation analysis between the frequency
and derived walking values for each badge to statistically ex-
amine their covariation. A correlation coefficient of 1.00
would indicate perfect covariation between the frequency
and derived walking metrics. The correlation values were be-
tween r = 0.59 and r = 0.69. A Chi-square test further showed
that the walking metric could only account for 52–65% of the
stable frequency (i.e., objective walking; Chi-square values
across badges ranged from 21 to 29 with all p < 0.001). We
visually inspected the data to determine why this relationship
was weaker than expected. Our inspection revealed that there
was an average delay of 11.5 s between the beginning of the

stable tone and the first indication of walking. This indicates
that while the activity values (raw data) showed that the mi-
crophone and accelerometer worked in sync, the walking
values (derived metric) did not support this.

Discussion and recommendations The results show that the
badges’ microphone and accelerometer sensors work in sync.
This means that they rely on the same internal clock to capture
data. Therefore, an event that triggers both the microphone
and accelerometer simultaneously has the same timestamp
across the data captured by these two sensors. This is impor-
tant for data integrity and analyses that rely on second-level
data.

However, it is worth noting that the synchronicity between
the sensors was observed for the raw activity data, but not for
the walking metric derived by the Sociometric Solutions soft-
ware. This is likely due to the settings of the proprietary algo-
rithm used by the Sociometric Solutions software to derive
this metric. We recommend that researchers rely on raw activ-
ity data rather than the binary-coded walking metric in situa-
tions where synchronicity of events is examined while badge
wearers are walking.

Study 2: Microphone

Study 2a: Volume

In this study, our goal was to test whether the badges captured
changes in speech volume (raw data) accurately. We created
three experimental conditions: no speech (ambient noise),
Speech 1, and Speech 2. The volume setting of the Speech 2
condition was three times the volume setting of the Speech 1
condition.

Experimental procedure We created machine-generated
speech using a freeware text-to-speech program (http://text-
to-speech.imtranslator.net/). The speech, hereafter referred to
as Speech 1, was 20 s long and was generated using a female
voice that read a specific passage of text. We then used
TechSmith’s Camtasia program to generate a second copy of
the same speech (hereafter referred to as Speech 2) at three
times the original volume. Also using Camtasia, we combined
these two speeches in a single 60-s recording: the first 20 s
consisted of Speech 1, the second 20 s consisted of silence (i.e.
, ambient noise), and the last 20 s consisted of Speech 2. For
the data collection, we placed all 10 badges approximately 3
feet away from a speaker in a quiet room. Data were collected
for three sessions, with the badges turned off between
sessions.

Results We conducted an ANOVA to test the effects of ses-
sion, badge, and condition (the latter comprising three
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categories: ambient, Speech 1, and Speech 2) on volume. We
anticipated significant differences for the conditions, but not
for sessions or badges. The results showed that the indepen-
dent variables explained 72 % of the variance in volume, and
pairwise comparisons between conditions were significant (p
< 0.001). Thus, the badges could detect differences in volume
across conditions. However, session and badge were also sig-
nificant (at p = 0.010 and p < 0.001, respectively), suggesting
that changes in volume were captured differently across
badges and sessions (Table 9 of Appendix 3).

In an effort to shed light on differences across badges and
sessions, we examined the volume data captured by all badges
in each session (see Fig. 6 of Appendix 3). Although the
badges captured the changes in volume correctly, the volume
levels differed for each badge. For example, one badge regis-
tered a maximum volume of 0.044, while another badge reg-
istered a maximum volume of 0.027 in the same session. We
standardized the volume data by badge. An ANOVA using
these standardized values suggested that while condition was
significant (p < .001) and badge was not (p = 1.00), there were
still session-level differences (p = 0.012). We further standard-
ized the data by session. The ANOVA results suggested that
condition was significant (p < 0.001). However, neither badge
(p = 1.00) nor session (p = 1.00) was significant.

Discussion and recommendations The results show that the
badges capture changes in volume accurately. However, the
badges register different values within and between sessions,
even for the same experimental condition. Two possible ex-
planations for this are: (1) the experimental sessions were
tainted by background noise, making it difficult to replicate
the results across sessions, and (2) the microphones do not
have the same level of sensitivity for volume and therefore
register different values. Notably, the variance explained by
the volume condition was greater than the variance explained
by badge or session. Moving forward, we recommend that
volume data be standardized by badge to examine the relative
changes in volume.

Study 2b: Frequency

Next, we tested whether the microphone could distinguish
different sound frequencies (raw data). We replicated and ex-
tended Chaffin et al.’s (2017) microphone experiment by ex-
amining whether the badge microphone can distinguish dif-
ferent sounds in the environment. In addition to the three
conditions that Chaffin et al. (2017) tested (stable tone, sweep
tone, and ambient noise), we added male and female speech to
the experimental design.

Experimental procedureWe created a recording that included
five 30-s segments: (1) a stable tone (a consistent 170-Hz
tone), (2) ambient noise (i.e., silence), (3) a sweep tone (a

frequency ranging from 20 Hz to 2,000 Hz), (4) male speech,
and (5) female speech. The male and female speech were
created using the text-to-speech program, which read the same
passage of text aloud. The total duration of the recording was
150 s. We placed the ten badges approximately 3 f. away from
a pair of speakers in a quiet room. We played the recording
from beginning to end for three sessions, with the badges
turned off between sessions.

Results We conducted an ANOVA to check whether the
badges distinguished between the sound categories based on
audio frequency. We entered badge, session, and sound (the
latter comprising five categories: stable, sweep, ambient,
male, and female) and their interactions as independent vari-
ables. We anticipated significant sound differences, but no
badge or session differences. Such a pattern would suggest
that the microphones can distinguish sound conditions and
do not differ based on session or badge.

The results suggested that session, badge, and sound were
significant (p < .009) and that all variables explained 71.8 %
of the variance in frequency (Table 10 of Appendix 4). All
pairwise comparisons between the sound categories were sig-
nificant at p < .001, indicating that the badges could detect and
distinguish each sound category.

Similar to the results in Study 2a, significant badge
and session parameters were found. It appears that the
same sound was captured with different frequency
values by different badges. To account for these differ-
ences, we standardized all frequency data within each
badge, allowing us to eliminate absolute differences in
frequency across badges. We then reran the ANOVA
with the standardized frequencies. As expected, the
badge variable became nonsignificant in the ANOVA
test, but the session variable was still significant (p =
.01), indicating that the badges captured inconsistent
data across sessions. Again, we further standardized
the data by session. In this case, both the badge and
the session variables were nonsignificant (p = .99 and p
= .21, respectively), while the sound parameter was sig-
nificant (p < .001).

Discussion and recommendations The results indicate that
the badges can accurately detect changes in frequency.
The frequency conditions explained most of the variance
in frequency values registered by the badges. However,
although the relative changes in frequency are equiva-
lent, badge microphones might not have the same set-
point level of frequency across badges and sessions.
Consequently, absolute comparisons of frequency levels
across badges or sessions will contain errors. This issue
is similar to the volume results of Study 2a. Researchers
can standardize data within each badge and session to
identify and compare changes in frequency.
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Study 2c: Pitch

In this study, our goal was to test whether the badges capture
changes in pitch (raw data).

Experimental procedure We used five sounds characterized
by different pitch values: (1) a stable tone (a consistent
170 Hz tone), (2) ambient noise, (3) a sweep tone (frequencies
ranging from 20 to 2,000 Hz), (4) male speech, and (5) female
speech. The male and female speeches were machine gener-
ated, as discussed earlier. We created a 210-s recording in
which the following conditions were played for 30 s each:
stable tone, ambient noise, sweep tone, stable tone, male
speech, stable tone, female speech. We captured data for three
sessions, with the badges turned off between sessions.

Results We conducted an ANOVA using the badges’ pitch
data as the dependent variable. The independent variables
were sound (comprising five categories: stable, ambient,
sweep, male, female), session, and badge. The results
(Table 11 of Appendix 5) suggest that the badges captured
the variation in pitch (p < 0.001). There were no significant
differences between sessions (p = 0.15) or badges (p = 0.50).
Most of the pairwise sound comparisons were significantly
different (p < 0.001), with three exceptions: comparisons be-
tween ambient and stable (p = 0.07), female and sweeping (p =
0.47), and male and stable (p = 0.51) sounds were
nonsignificant.

Discussion and recommendations The results show that the
badges can distinguish changes in pitch, and that there are no
differences in pitch across badges and sessions. Thus, both
changes in pitch and the absolute values of pitch are compa-
rable across badges and sessions. However, some of the non-
significant pairwise comparisons raise concerns regarding the
accuracy of the pitch values captured by the badges. Two
factors may explain the nonsignificant findings. First, the
pitch values of the experimental conditions may in reality be
similar, and thus nonsignificant comparisons are an indication
of pitch data validity. This is difficult to test, because pitch
values registered on an oscilloscope are different than the
values captured by the badges. Even though the pitch values
are considered raw data, they are captured using Sociometric
Solutions’ proprietary firmware, which may involve nonlinear
transformations of the true pitch or data other than the true
pitch (Sociometric Solutions, 2014).

The second, and perhaps more plausible, explanation is that
the missing values in the data impede pairwise comparisons.
An examination of the data reveals that the badges captured
pitch values sporadically: 69 % of the data were missing in
Session 1, 70 % of the data were missing in Session 2, and 72
%weremissing in Session 3. Themissing data were not due to
experimental error or device malfunction, as the badges

captured other types of data, such as frequency, for the same
time frames. This could explain why the ambient noise and
stable tone were not statistically significantly different from
each other.

We recommend that researchers use caution when using the
pitch data provided in the exported file. The extent of missing
values can hamper any attempt to use pitch as a construct in
research studies. Even though several imputing techniques
(such as using average values in lieu of missing values) can
handlemissing values, researchers must exercise caution since
these techniques can lead to spurious findings.

Study 2d: Speech

In this study, our goal was to examine whether the
badges could identify speech conditions (speaking, lis-
tening, silence, and overlapping speech) as well as con-
versation characteristics (number of speaking segments,
turn-taking, pausing, successful interruption, and unsuc-
cessful interruption). Note that all speech conditions and
conversation characteristics are derived metrics that the
Sociometric Solutions (2015) manual recommends be
used by researchers for structured meetings.

Experimental procedure We placed two laptops with external
speakers approximately 3 f. apart in a quiet room; the speakers
faced each other and were elevated 10 in. above the desk the
laptops were on. We placed a badge approximately 3 in. di-
rectly beneath each speaker, as if the speakers were wearing
the badges. We created two recordings, one using the text-to-
speech female voice and the other using the text-to-speech
male voice, as outlined earlier. Both recordings were based
on the same text, and each lasted 4 min 45 s. Each recording
included speaking segments (15 s each) and silent segments
(5 s each). Because the badges identify any pause longer than
0.5 s as the beginning of a new speaking segment
(Sociometric Solutions, 2014), the speaking segments were
continuous, with no pauses lasting longer than 0.5 s. We
played the female and male recordings from the separate lap-
tops, simulating a back-and-forth conversation between the
speakers. The speech conditions (speaking, listening, silence,
and overlapping speech) included in the recordings generated
a conversation that could be characterized by other metrics
such as the number of speaking segments, the number of turns
taken, the number of self-turns, the number of successful in-
terruptions, and the number of unsuccessful interruptions. We
followed the definitions in the Sociometric Solutions manual
(2014) shown in Table 12 of Appendix 6 while generating this
simulated conversation. For example, we used 3 s of overlap-
ping speech for a successful interruption (the maximum is 5 s)
and 7 s for an unsuccessful interruption (the minimum is 5 s).
The speaking segments of each speaker along the timeline are
presented in Fig. 2.
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The data were collected in a single session. We initially
used all badges in the same session (five in front of the male
speaker and five in front of the female speaker). However, use
of more than one pair created problems during speech assign-
ment. Specifically, the Sociometrics Solutions algorithm had
difficulty assigning speech to the data, flagging all speech as
overlap among all badges. We therefore opted to use a single
pair of randomly selected badges from our pool of ten badges.
To ensure validity, we repeated the experiment with a second
pair of badges (randomly selected) from the pool.

Results Pair 1. Each speech condition (speaking, silence,
overlapping, and listening) is a continuous metric derived by
the Sociometric Solutions (Sociometric Solutions, 2014) soft-
ware. Values are provided for each second, representing the
proportion of each second scored as relevant for that speech
condition. For example, 0.6 for listening in a given second
indicates that the badge scored 6/10 of that second as time
during which the individual was listening. We conducted a
correlation analysis between the actual and captured values.
The correlation analysis is presented in Table 13 of Appendix
6. For speaking, the correlation between actual female speak-
ing and female speaking captured by the female badge was r =
0.48 (p < 0.001), whereas the correlation between actual male
speaking and male speaking captured by the male badge was r
= 0.41 (p < 0.001). For overlap, the correlation was low (r =
0.25, p < 0.001) for each badge. Both badges accurately cap-
tured silence (r = 0.86, p < 0.001 for each badge). For listen-
ing, the male badge had a correlation value of r = 0.48 (p <
0.001), while the female badge had a value of r = 0.41 (p <
0.001).

Next, we looked at the conversation characteristics derived
from the speech conditions by the Sociometric Solutions soft-
ware: number of turns taken, number of self-turns, number of
speaking segments, number of successful interruptions, and
number of unsuccessful interruptions. The definitions of these
– per the Sociometric Solutions (2014) manual – are provided
in Table 12 of Appendix 6. The results (presented in Table 4)
show that the conversation characteristics captured by the
badges were overestimated by a large margin. For example,
the female badge reported the total number of turns taken as
54 and the male badge reported these as 67, even though the
actual values were both 6.

Pair 2. The results were similar to those for pair 1 (see
Table 14 of Appendix 6). For speaking, the correlation be-
tween actual and captured female speaking (by the female
badge) was r = 0.52 (p < 0.001); whereas the correlation
between actual and captured male speaking (by the male
badge) was r = 0.22 (p < 0.001). The correlation for overlap
was low (r = 0.21, p < 0.001 reported by the male badge; r =
0.23, p < 0.001 reported by the female badge). However,
silence was captured accurately by both badges (r = 0.90, p
< 0.001 reported by the male badge; r = 0.79, p < 0.001
reported by the female badge). For listening, the male badge
captured its own listening with a correlation value of r = 0.41
(p < 0.001), while the female badge captured its own listening
with r = 0.12 (p < 0.001). Turn-taking values were
overestimated by a large margin (see Table 15 of Appendix
6). For example, the female badge captured the total number
of turns taken as 62 and the male badge captured these as 79,
even though the actual values were both 6.

Machine learning for speech detection To improve speech
detection and assignment, we applied machine learning on
the data captured by the badges using SAS Enterprise Miner
13.1. Machine learning requires a training data set to identify
patterns and then uses a second validation data set to check
whether the same patterns can be successfully detected in
unseen data. Our entire data set consisted of 285 data points
since we exported the badge data with a resolution of one
second (and our experimental procedure lasted 285 s). We
split the data using simple random partitioning such that 40
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Fig. 2 Study 2d. Speaking segments of the male and female speakers
along the timeline. 1 = speaking segment (each is 15 s long); 2 = silent
segment (each is 5 s long); 3 = overlapping speech (3 s long); 4 =

overlapping speech (7 s long). Note that B1^ appears only once in order
to streamline the figure presentation

Table 4. Comparison of actual and captured values for speech
experiment (Pair 1)

Actual values Captured values

Female Male Female Male

No. of turns taken by this badge 6 6 54 67

No. of self-turns 3 2 84 44

No. of speaking segments 8 8 92 54

No. of successful interruptions 1 1 14 9

No. of unsuccessful interruptions 1 1 53 45
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% of the data were used for training and the remaining 60 %
for validation.

We used the frequency, volume, and pitch data captured by
a badge as input variables. Our first output variable was
female's self-speaking: whether the female badge captured
female speaking (labeled as 1) or not (labeled as 0). Due to
the binary nature of this classification, not speakingmeant that
there was silence, overlap, or male speech. The model is eval-
uated according to accuracy, which is the percentage of data
points that are correctly classified into speaking or not speak-
ing. The accuracy of the model is also compared to a baseline
accuracy.

Baseline accuracy. We calculated the baseline accuracy
using the naïve rule, which posits that each data point should
be classified as a member of the majority category (Shmueli,
Patel, & Bruce, 2010). This is because the majority category
maximizes the accuracy by minimizing the misclassification
error. Suppose we are trying to predict club membership with
a data set consisting of 100 individuals. If only 40 of these
individuals are members of the club, the naïve rule suggests
that all individuals be classified as nonmembers since non-
members constitute the majority category. Therefore, the base-
line accuracy in this example is 60 %, because 60 % of the
individuals will be correctly classified if all individuals are
classified as nonmembers. Obviously, a model's accuracy
should be higher than the baseline accuracy, otherwise the
model has no utility. Applying this rule to our study provided
a baseline accuracy of 65 %. This is because the actual speak-
ing segments of one of the speakers without any overlap con-
stituted 100 s of the 285-s timeline (35 %). For instance, the
female speaker’s speaking segments without overlaps in Fig. 2
were 100 s (or 35%) of the entire timeline shown in the figure.
Therefore, the majority category was Bnot speaking^ (i.e.,
185 s as the combination of listening, silence, and overlap),
which accounted for 65 % of the timeline according to this
badge. With all data points classified as Bnot speaking,^ the
naïve rule produces a baseline accuracy of 65 %.

With this baseline accuracy in hand, we conducted the first
analysis by setting the output variable to female speaking
(1=Yes; 0=No) captured by the female badge, and the input
variables to the frequency, volume, and pitch data captured by
the female badge. We built neural network, decision tree,
nearest neighbor, and logistic regression models. The neural
networkmodel had a multilayer perceptron architecture. It had
three neurons in the hidden layer. We used the activation and
combination functions set by the NEURAL procedure of
SAS. The training technique was set as Bdefault^ so that
SAS could try all available techniques – such as back propa-
gation, quick propagation, quasi-Newton, etc. – and determine
the best technique to use on the data. The maximum number
of iterations to converge on the solution was set to 50. The
decision tree model used the p-value of the F-test associated
with the variance of each node as the splitting criterion. Input

variables could be used more than once. The maximum
branch and depth of the tree were set to two and five, respec-
tively. The nearest neighbor model used the reduced dimen-
sionality tree (RD-Tree) method to find nearest neighbors. The
number of nearest neighbors was set to 16, which was the
default value. And last, the logistic regression model used
default settings with the link function set to logit. The model
used only the main effects and excluded interaction and poly-
nomial terms. The optimization technique was set as Bdefault^
so that SAS could determine the best technique depending on
the number of parameters used in the model.

The decision tree model had the highest accuracy with 97
% (see Table 16 of Appendix 6 for the classification table).
This was a significant improvement over the baseline (65 %
accuracy) and the other algorithms (64–69 %).

Next, we examined the male speech captured by the female
badge (considered listening by this badge). We used the same
set of models (with the same settings) and the same three input
variables (i.e., frequency, volume, and pitch data captured by
the female badge). In this case, our output variable was listen-
ing (labeled as 1) or not (labeled as 0). Not listening meant that
there was silence or the female was speaking. The decision
tree model achieved 97 % accuracy, which was greater than
the baseline accuracy (65 %) and that of the other algorithms
(92–94 %). See Table 17 of Appendix 6 for the classification
table.

We repeated these analyses for the data captured by the
male badge. The logistic regression model identified male
speaking captured by the male badge (i.e., self-speaking) with
91% accuracy (see Table 18 of Appendix 6 for the
classification table). This is an improvement over the baseline
accuracy (65 %) and that of the other models (87–90 %). For
listening, the decision tree model was most accurate (87 %),
with a baseline of 65 % (see Table 19 of Appendix 6 for the
classification table). The other algorithms achieved accuracies
ranging from 60–73 %.1

We used machine learning for overlapping speech as well.
In this case, the output variable was overlapping speech (la-
beled as 1) or not (labeled as 0). However, this posed a chal-
lenge, because the duration of overlapping speech in the ex-
perimental manipulation was short (a total of 20 s out of 285
s). Therefore, the naïve rule suggested a baseline accuracy of
93 % which made it difficult to build better models. For this
reason, we used the oversampling technique that is commonly
used in machine learning to overcome these types of skewed
data (Linoff & Berry, 2010). To this end, we built a training
data set (based on data from the female badge) that had the
following composition: 10 s of overlapping speech, 10 s of
silence, 10 s of male speech, and 10 s of female speech (all

1 The accuracy values reported in this study will likely differ from those in
other studies because individual participants (and combinations of partici-
pants) may have different frequency, volume, and pitch values.
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data were randomly selected from the original data set). This
ensured that overlapping speech constituted 25 % of the data.
Then we built models using the decision tree, neural network,
nearest neighbor, and logistic regression algorithms. We vali-
dated the models with a validation data set consisting of the
unused data (with the original distribution). The decision tree
model was the most accurate (94 %) and was better than both
the baseline (93 %) and the other models (ranging from 91 %
to 93 %). The models built on data collected by the male
badge generated even better results. The decision tree algo-
rithm achieved 96 % accuracy, while the others ranged from
93 % to 95 %.

Last, we combined the predictions made by the algorithms
to generate the conversation characteristics as turn-taking, in-
terruptions, and so forth. To this end, we rank ordered the
algorithms based on their accuracy and ran the entire data
set through them separately. We used the overlapping speech
model first (to label overlapping speech), then we used the
female speech model (captured by the female badge) to label
female speech, and finally, we used the male speech model
(captured by the male badge) to label male speech. If the same
data point was labeled by more than one model, we used the
label generated by the most accurate model for that data point.
After completing the labeling, we used the definitions provid-
ed in Table 12 of Appendix 6 to determine the conversation
characteristics (turn taking, interruptions, etc.; see Table 5).
The conversation characteristics produced by this approach
were more realistic and closer to the objective data. Even
though the values were still higher than the objective values,
the relative differences between the speech characteristics of
the female and male speakers were consistent.

Discussion and recommendations This study shows that the
Sociometric Solutions software that derives (from raw data)
who is speaking and when is not accurate: the correlations
between the captured and the actual speaking, listening, and
overlap are relatively low; the exception is the captured and
actual silence values. This could be in part due to the synchro-
nicity between the badges: the badges’ internal clocks are

rarely in sync, causing them to report the same event at differ-
ent times along the timeline. Even a few seconds of difference
between a pair of badges results in an incorrect assignment of
events between the badges. Although events can be manually
synchronized after the data are exported, Sociometric
Solutions software uses the asynchronous data to derive these
metrics. Therefore, the algorithm encounters the same event
multiple times along the timeline: a badge may capture the
beginning of a speaking segment at 12:00:00 p.m. while an-
other badge captures it at 12:00:05 p.m. Thus, the algorithm
will interpret the same speaking segment as an interruption
when it compares the data captured by these two badges.
This leads the algorithm to make incorrect assignments for
speech, overlap, and interruption. Thus, the inaccuracy of
speech assignment is a major concern for research studies that
aim to analyze conversations between study participants.

Alternatively, machine learning can be used for the detec-
tion of speaking and listening. However, researchers must use
caution here: the frequency, volume, and pitch signature of
each voice are different. To use machine learning, researchers
must create a training data set that includes speaking segments
for each participant in order to learn the participants’ unique
patterns of frequency, volume, and pitch. Even though this
training data set can be generated in various ways, we recom-
mend that researchers build it based on a structured conversa-
tion between the badge wearers before actual data collection.
For example, if data will be collected from two badge wearers,
a minimum of 3 min of (preferably neutral) conversation can
be prompted among the wearers. We recommend impromptu
speech rather than the reading of predetermined text, to cap-
ture participants’ natural frequency, volume, and pitch. During
the conversation, each wearer should talk for 1 min without
interruption. This will ensure that the wearers and ambient
noise have equal representations in the data set (each consti-
tuting 33 % of the conversation). Note that researchers must
also know the beginning and ending times for each speaking
segment, rather than rely on the badge’s internal timestamp,
and must label these in the exported data set (which should
have a resolution of 1 s). Only then can machine learning
algorithms use the data as training data for predicting speech
within actual data.

Study 3: Accelerometer

Study 3a: Posture

The goal of this study was to examine whether the badges
captured changes in posture (raw data). According to the
Sociometric Solutions (2014) manual, posture is Bthe absolute
angular velocity for every badge at every timestamp^ (p. 3).
Posture is measured along two separate dimensions: front–
back and left–right. The badges register front–back tilting

Table 5. Comparison of actual and predicted values for speech
experiment (machine learning)

Actual values Predicted bymachine
learning

Female Male Female Male

No. of turns taken by this badge 6 6 13 14

No. of self-turns 3 2 8 8

No. of speaking segments 8 8 12 11

No. of successful interruptions 1 1 3 1

No. of unsuccessful interruptions 1 1 1 2
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using values between 0 and 90. Ninety indicates that a badge
is in a vertically upright position, while 0 indicates that the
badge is tilted forward or backward from the upright position
by 90°. The badges register left–right tilting using values be-
tween -90 and 90, where -90 indicates tilting to the right by
90° and 90 indicates tilting to the left by 90°.

Experimental procedure We developed two separate experi-
mental procedures, one for front–back tilting and the other for
left–right tilting. For front–back tilting, we used our ten
badges to create a 5 × 2 block: we taped five badges side by
side (with all the badges facing the front), then stacked the two
blocks so that all badges faced the same direction. Then we
secured this block (with the badges facing the front) onto the
seat back of the driver’s seat in an automobile. The seat was a
power seat that enabled us to tilt its back in two directions
(front and back) with the push of a button. The arrangement
of the badges and their position on the seat back is shown in
Fig. 3a.

We set the initial position of the seat back all the way to the
front. Then we tilted the seat all the way to the back and then
all the way to the front again by pressing the seat’s automatic
button. This allowed us to control the range as well as the
speed of tilting– thus ensuring repeatability. We collected data
for a total of three sessions, with the badges turned off be-
tween sessions. Each session consisted of a full front–back
cycle with three categories of objective movement: a station-
ary period in which the seat did not move, a back period in
which the seat was tilted toward the back, and a front period in
which the seat was tilted toward the front.

We repeated the same experimental procedure outlined for
front–back testing to conduct left–right testing by changing
the orientation of the badges. First, we taped the ten badges to
create a 2 × 5 block: two badges were taped side by side in a 5-
stack block. Then we secured this block onto the seat back

with the badges facing left. Therefore, tilting the seat front and
back was captured as left and right tilting by the badges (see
Fig. 3b for the arrangement and position of the badges on the
seat back). We collected data for three sessions.

Results Front–back. We conducted an ANOVA to detect the
change in front–back tilting values using session, badge, and
posture category (objectively determined as either stationary,
front, or back) as independent variables. One badge did not
collect any data and one badge stopped collecting data mid-
way; therefore, we excluded these two badges from the anal-
ysis. The results showed that the badges captured objective
posture accurately (p < .001; Table 20 of Appendix 7).
Pairwise comparison of values between the stationary and
front categories (p < .001) and between the stationary and
back categories (p < .001) were significant. However, pairwise
comparison of posture between the front and back categories
was not significant (p = 0.29). This is because the range of
tilting toward the front (increasing from approximately 20 to
80) is the same as the range for tilting toward the back (de-
creasing from approximately 80 to 20), and both conditions
had an equal duration and rate of change. Therefore, the
means for the front and the back categories were the same.

The results also showed that session was nonsignificant (p
= 0.95) but badge was significant (p = 0.02; Table 20 of
Appendix 7). In order to shed light on the significance of the
badge variable in the ANOVA, we examined the front–back
posture values of the eight badges across the three sessions
(see Fig. 7 of Appendix 7). As can be seen in the figure, the
badge front–back values changed consistently across condi-
tions, but the level or Bset^ points differed by badge. For
example, one badge registered a value of 84 when stationary
(consistently in all three sessions), but another consistently
registered a value of 74 when stationary in all three sessions.
After standardizing the data by badge, the ANOVA showed

a b

Fig. 3. a Study 3a. Experimental setup for front–back movement. b Study 3a. Experimental setup for left–right movement
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that posture was significant (p < 0.001). However, neither
badge (p = 1.00), nor session (p = 0.95) was significant.

Left–right. Similar to the previous analysis, we conducted
an ANOVA on the data collected for the left–right tilting
values using session, badge, and posture (as three objective
categories: stationary, left, and right) as independent variables.
Three badges did not collect any data and were excluded from
the analysis. The results (Table 21 of Appendix 7) showed that
posture was significant (p < 0.001), indicating that the change
in left–right posture was captured accurately. Pairwise com-
parisons of posture values between the stationary and left cat-
egories (p < 0.001) as well as between the stationary and right
categories (p < 0.001) were significant. However, pairwise
comparison of posture values between the left and right cate-
gories was not significant (p = 0.60), because the badges cap-
tured similar data: when badges were tilted toward the left, the
posture values consistently increased from approximately 20
to 88, whereas when they were tilted toward the right, they
consistently decreased from approximately 88 to 20 at the
same rate and duration. Thus, the means were not different
from one another. The results also showed that session was
nonsignificant (p = 0.39), suggesting that changes in posture
were captured consistently across all sessions. However,
badge was significant (p < 0.001), suggesting that the badges
captured different values.

In order to identify the reason behind the significance of the
badge variable, we plotted the data for each badge across the
three sessions (see Fig. 8 of Appendix 7). The findings are
similar to those for the front–back analysis: all badges consis-
tently captured changes across the stationary, left, and right
conditions, although the badges showed different levels of
tilting. For example, one badge registered a value of 87 when
it was stationary (consistently in all three sessions), but the
same value was captured as 77 by another badge (also consis-
tently in all three sessions). After the data were standardized
by badge, the ANOVA showed that posture was significant (p
< 0.001). However, neither badge (p = 1.00) nor session (p =
0.39) was significant.

Discussion and recommendations Our analyses show that the
accelerometer inside each badge that captures the front–back
and left–right tilting that are used to infer posture is reliable, as
the measurements were replicated across multiple sessions.
However, each badge registered a slightly different value for
the same position. This might be due to two reasons. First, it is
possible that the badges registered different values because of
their relative positions with respect to the other badges in each
experiment. For example, we arranged the badges in a 2 × 5
block during the left–right experiment (two badges were taped
side by side in a 5-stack block), so the badge in front of the
block was nearly 5 in. away from the badge in the back. The
two badges could have registered different values for the same
tilting movement due to this short distance between the

badges. Second, it is possible that each accelerometer has a
different calibration and therefore captures the same position
with a different value.

Regardless of the reason, these inaccurate values pose a
concern for between-badge comparability. One of the ways
to address this is to standardize the values separately for
front–back and left–right posture and then focus on the chang-
es in posture rather than the magnitudes of the values.

Study 3b: Movement

According to the Sociometric Solutions (2014) manual, the
raw data that the accelerometers capture for Bactivity^ show
the physical activity level of a badge wearer. Based on the
activity values captured by a badge, one can determine the
wearer’s level of activity using three categories: low activity
(or stationary), moderate activity, and high activity (such as
walking). The goal of this study was to examine whether the
badges could distinguish between activity levels.

Experimental procedure We created three experimental con-
ditions: (1) no activity, (2) moderate activity, and (3) high
activity. In the no activity condition, all badges were station-
ary. To simulate moderate activity, we taped the ten badges
together to create a 2 × 5 block (two badges were taped side by
side in a 5-stack block), and then we secured this block onto
the seat back of a massage chair. We used the vibration of the
seat back (when the massage chair was turned on) as a proxy
for moderate movement. We simulated the high activity con-
dition by having one researcher wear all the badges (in a 2 × 5
block arrangement) and walk on a treadmill with a speed
setting of 2 mph. The experimental conditions were captured
in a single session due to the difficulty of precisely replicating
the walking condition. One of the badges stopped collecting
data midway and was therefore excluded from the analyses.

Results We conducted an ANOVA in which the dependent
variable was the activity values captured by the badges and
the independent variables were badge and movement (as three
objective categories: stationary, moderate, high). The results
(Table 22 of Appendix 8) showed that movement was signif-
icant (p < 0.001). The pairwise comparisons between all
movement categories were significant as well (p < 0.001).
The badge variable was nonsignificant (p = 0.45), indicating
that there were no badge-level differences.

Discussion and recommendations This study showed that
badges can accurately distinguish between stationary, moder-
ate, and high activity levels. The lack of between-badge dif-
ferences shows that absolute activity values can be used to
make comparisons across badges. Such comparisons can help
determine the different levels of physical activity among
badge wearers.
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Study 3c: Mirroring

The Sociometric Solutions (2014) manual defines mirroring
as a similarity between two individuals’ body movement ac-
tivity. This is a pairwise derived metric that the Sociometric
Solutions software calculates separately each second for each
pair of badges, based on all permutations. The metric is a
continuous value between 0 and 1: values closer to 0 indicate
that there is no mirroring, while values closer to 1 indicate that
there is high mirroring. The goal of this study was to test
whether the mirroring metric derived by the Sociometric
Solutions software was accurate.

Experimental procedure We used the data obtained from
Study 3b to test the accuracy of the mirroring metric. Recall
that in Study 3b, the badges were taped together in a 2 × 5
block arrangement and exposed to three movement condi-
tions: stationary (no movement), moderate movement (using
the vibrations generated in a massage chair), and high move-
ment (through walking with the badges on a treadmill).
Because the badges were taped to one another in a solid block
arrangement, we expected to observe high mirroring between
the badges. As with Study 3b, we excluded one of the badges
from the analysis since it stopped collecting data midway
through the experiment.

ResultsWe analyzed the descriptive statistics of the mirroring
data captured for nine badges (72 pairwise comparisons). The
mean mirroring value was 0.10, with a standard deviation of
0.09 (see Appendix 9). The maximum mirroring value ob-
served between two badges was 0.84. The minimum value
observed was 0. The histogram of values (Fig. 9 of
Appendix 9) shows that most values were closer to 0 than to 1.

Another way to operationalize activity mirroring would be
through the correlation between two badges’ activity values.
A high correlation would indicate high agreement, or
mirroring. The correlation values, presented in Table 24 of
Appendix 9, show that there was a high pairwise correlation
between the activity data of the badges (the lowest correlation
between badges was 0.92, p < 0.001). We repeated the analy-
sis on the data collected for the two other sessions, and the
results were the same: the lowest correlation in the second
session was 0.93 (p < 0.001), and the lowest correlation in
the third session was 0.92 (p < 0.001). These results suggest
that pairwise correlation of activity data is a better indicator of
mirroring than the default mirroring metric in the exported
file.

Discussion and recommendations The descriptive statistics
for the mirroring data show that the badges do not accurately
capture mirroring, even when they are subjected to the same
movement. This raises a concern about the utility of the
mirroring metric in the exported file. A plausible reason for

this inaccuracy is the lack of synchronicity between the
badges. As discussed in Study 1, the badges’ internal clocks
are rarely in sync with each other. The badge-derived metrics
(e.g., mirroring, activity, turn-taking) are computed from the
raw data by the software program upon processing. Thus, the
derived metrics are computed before researchers have the
chance to manually sync badge timelines using a syncing
signal (e.g., a stable tone). Consequently, derived metrics that
use data from two badges (such as mirroring) will be inaccu-
rate because such metrics are computed on misaligned
timestamps – for example, when one badge captures a move-
ment at time Tand another captures the same movement at T+
15 s. This lack of synchronicity might have caused the
Sociometric Solutions software to generate low mirroring
values even though there was mirroring.

Instead of using the mirroring values produced by the
Sociometric Solutions software, we suggest that researchers
use a proxy measure, namely, pairwise correlation of the ac-
tivity data for each badge. Because the badges capture activity
data, the correlation value between two badges’ activity data
may show the extent to which these two badges mirror each
other.

General discussion and recommendations

As Chaffin et al. (2017) note, their work on the valida-
tion of Sociometric badges Bonly scratched the surface of
what needs to be done to realize the full potential of
these devices for all forms of behavioral research^ (p.
29). The Sociometric badge opens new doors for social
science. Like any other wearable sensor, it helps quantify
behaviors captured in real time, providing an exciting
new avenue for data collection beyond that of retrospec-
tive self-reports. However, our studies add to the con-
cerns raised by Chaffin et al. (2017): the Sociometric
badges are not tools that can be taken out of the box
and immediately put to use. Overall, our studies show
that the raw sensor data are generally accurate, although
badges may differ in terms of sensitivity, which limits
the ability to generate accurate off-the-shelf cross-badge
comparisons. Moreover, the algorithms for computing
higher-level (derived) values (e.g., turn-taking, mirroring)
may not be accurate, especially when such algorithms
rely on data from multiple badges. To resolve these is-
sues, we outline procedures for synchronizing data and
checking the assumption that the badges are working
appropriately. These procedures are critical for further
inferences using the badge data. In the section that fol-
lows, we present our recommendations for researchers. A
summary of our studies and their implications can be
found in Table 6.
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Recommendations

Before data collection, researchers need to conduct multiple
pretests to become familiar with the badges, and specifically
the data they capture.We do not recommend the use of badges
on actual participants in a lab or field setting without under-
standing how the data can be interpreted or used.

Synchronicity issues One of the first issues that re-
searchers need to address is synchronicity. In our

experience, none of the badges were in sync with one
another or with the real-world clock. Therefore, we al-
ways played a stable tone (170 Hz for 30 s) to mark the
beginning and ending times of our data collection. We
also played the same stable tone to mark important
points in the timeline – such as the introduction of
new stimuli – during data collection. The frequency
and the length of the stable tone need not be the same
as those used in this study. As long as researchers can
identify a steady stream of frequency values for a

Table 6. Summary of findings

Study Sensor tested Metrics used Badge-
level
differences

Session-level
differences

Findings and
recommendations

Study
1a

Microphone Frequency NA NA Internal clocks are not synced with the real-world
clock or one another.

Recommendation: Play a stable tone to manually synchronize
data during data analysis. Leave the badges on for three minutes
following data collection.

Study
1b

Microphone and
accelerometer

Frequency and
activity

NA NA Microphone and accelerometer work in sync. An event that triggers
both sensors simultaneously will be captured accurately
by the badges.

Study
2a

Microphone Volume Yes Yes Absolute comparisons of volume within and between
badges cannot be conducted.

Recommendation: Standardize data for each badge and session
in order to compare changes in volume.

Study
2b

Microphone Frequency Yes Yes Absolute comparisons of frequency within and between
badges cannot be conducted.

Recommendation: Standardize data for each badge and session
in order to compare changes in frequency.

Study
2c

Microphone Pitch No No The badges may not distinguish the pitch of sound sources.
There is a substantial amount of missing data in pitch values.

Recommendation: Pitch values should not be used.

Study
2d

Microphone Speaking, silence,
overlapping,
turn-taking

NA NA Sociometric Solutions software overestimates speaking, listening,
and overlapping speech.

Recommendation: Use machine learning to predict speaking,
listening, overlapping speech. Then derive speech metrics
(turn-taking, etc.) from the predicted values.

Study
3a

Accelerometer Posture

i. front–back No Yes Absolute comparisons of front–back movement between badges
cannot be conducted.

Recommendation: Standardize data for each badge in order
to compare changes in front–back movement.

ii. left–right No Yes Absolute comparisons of left–right movement between badges
cannot be conducted.

Recommendation: Standardize data for each badge in order to
compare changes in left–right movement.

Study
3b

Accelerometer Activity No NA The badges can distinguish different levels of activity.
Recommendation: Data can be used as is.

Study
3c

Accelerometer Mirroring NA NA Sociometric Solutions software’s mirroring metric
underrepresents the degree of mirroring.

Recommendation: Use correlations between raw activity
data to assess mirroring. Higher correlations indicate
greater mirroring.
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specific amount of time, they can use any type of stable
tone for any amount of time. However, we do not rec-
ommend less than 10 s of stable tone since this makes
it difficult to identify the stream of values in the raw
data.

Microphone, raw data As part of this research, we tested
three types of raw data captured by the badge micro-
phone: frequency, volume, and pitch. First, researchers
should keep in mind that the values of these data are
different than the actual values observed on an oscillo-
scope or another device. Therefore, we recommend that
researchers focus on differences (or changes) in these
values rather than on the absolute values. Second, of
the three metrics tested, pitch is the least useful due
to the amount of missing (or uncaptured) values. If this
problem persists with the newer versions of the badge
firmware (or newer badge models), we do not recom-
mend using badges for this metric. Third, researchers
should be cautious about the reliability of volume: even
though our studies show that badges can accurately dis-
tinguish between different levels of volume, there are
still within- and between-badge differences. Therefore,
we recommend standardization of values when a re-
search question calls for between-badge comparisons.

Microphone, derived metrics
In addition to the raw metrics captured by the microphone, we
also tested derived metrics – such as speaking, silence, over-
lap, and turn-taking – that the Sociometric Solutions software
generates from the raw data. In our experience, these metrics
were inaccurate and, in the case of turn-taking, grossly
overestimated. Therefore, we do not recommend that re-
searchers rely on the speech-related metrics for a data set.
Instead, researchers can use machine learning to identify the
speaking and listening segments for each badge (based on the
data captured by that badge) and then generate their own
values for metrics like turn-taking, speaking, and so forth.

Movement, raw data We also tested the validity of the
accelerometer raw metrics: posture and activity.
Although the accelerometers accurately distinguished
differences in posture and activity, the within- and
between-badge differences are cause for concern about
the reliability of the values. Therefore, we recommend
that researchers standardize the posture and activity
values within each badge when a research question re-
quires cross-badge comparisons.

Movement, derived metrics Finally, we tested mirroring,
which is a metric derived by the Sociometric Solutions

software, to check whether the mirroring values were
accurate. In our experience, the mirroring metric was
not usable. Even though all badges made the same
movements in our experimental conditions, the pairwise
values indicated no mirroring between any badge pair.
Researchers can instead use the correlation of movement
across badges as a proxy for mirroring.

Conclusion

In a series of studies, we expanded previous efforts to
examine the validity of Sociometric badge data.
Researchers should exercise caution in using the metrics
captured by the badges. We encourage researchers to
use their own algorithms or machine learning to derive
metrics from the values the badges capture, and we
provide guidance on how to do so. The procedures we
describe for optimizing the use of these badges may
seem daunting. However, the ability to extract fine-
scale speech patterns in structured settings in real time
sets the stage for research that can advance our under-
standing of interpersonal interactions within the work-
place. For example, badge data can be used to capture
interpersonal dynamics in supervisor–employee and
mentor–protégé dyads, which to date have been primar-
ily captured through survey data. With automatization of
the standardizing and machine-learning procedures, ana-
lyzing data from the badges will take less time than
coding video recordings. Further, these badges can be
used in real-world settings where video recording is not
feasible. We hope that the present study provides anoth-
er step toward better understanding the capabilities of
these devices and that it will encourage further research.

We encourage researchers who intend to use the
Sociometric badge in future studies to visit our website
(http://www.badgevalidation.com) for more information
about how to perform certain tests and ensure the
validity of the badges. The website supports all
experiments related to the microphone tests conducted
in Studies 1a, 2a, 2b, and 2c. Through this website,
researchers can download our prerecorded sound files,
collect data using badges, and upload their data files
to check the validity of their data. The website does
not support Study 1d since this study relies on data
that were already validated in studies through 1a to
1c. The website does not support any accelerometer
tests, as we are not able to account for the movement
manipulations that might be employed by other
researchers.
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Appendix 1

Table 7. Synchronicity of badges’ internal clocks

Badge Beginning of stable tone in the real world (hh:mm:ss) Beginning of stable tone observed in the data (hh:mm:ss) Difference (mm:ss)

Badge1 11:07:00 a.m. 11:10:13 a.m. 03:13

Badge2 11:07:00 a.m. 11:10:17 a.m. 03:17

Badge3 11:07:00 a.m. 11:09:55 a.m. 02:55

Badge4 11:07:00 a.m. 11:09:52 a.m. 02:52

Badge5 11:07:00 a.m. 11:09:47 a.m. 02:47

Badge6 11:07:00 a.m. 11:09:42 a.m. 02:42

Badge7 11:07:00 a.m. 11:10:01 a.m. 03:01

Badge8 11:07:00 a.m. 11:09:51 a.m. 02:51

Badge9 11:07:00 a.m. 11:09:50 a.m. 02:50

Badge10 11:07:00 a.m. 11:09:57 a.m. 02:57

Table 8. Synchronicity of badges’ internal clocks (repeated experiment)

Badge Beginning of stable tone in the real world (hh:mm:ss) Beginning of stable tone observed in the data (hh:mm:ss) Difference (mm:ss)

Badge1 12:41:00 p.m. 12:44:35 p.m. 03:35

Badge2 12:41:00 p.m. 12:44:35 p.m. 03:35

Badge3 12:41:00 p.m. 12:44:28 p.m. 03:28

Badge4 12:41:00 p.m. 12:44:27 p.m. 03:27

Badge5 12:41:00 p.m. 12:44:26 p.m. 03:26

Badge6 12:41:00 p.m. 12:44:23 p.m. 03:23

Badge7 12:41:00 p.m. 12:44:31 p.m. 03:31

Badge8 12:41:00 p.m. (did not collect data) NA

Badge9 12:41:00 p.m. 12:44:26 p.m. 03:26

Badge10 12:41:00 p.m. 12:44:28 p.m. 03:28
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Fig. 4. Example synchronicity analysis available at http://www.badgevalidation.com.
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Appendix 2

Appendix 3

Table 9. ANOVA test (dependent variable: volume)

Variable df F Significance Partial Eta Squared

Session 2 4.66 .010 .005

Badge 9 47.59 <.001 .200

Condition 2 2,046.79 <.001 .705

Session × Badge 18 1.19 .265 .012

Session × Condition 4 0.87 .484 .002

Badge × Condition 18 2.16 .003 .022

Session × Badge × Condition 36 0.29 1.000 .006

Error 1,710

Total 1,800

Note. Adjusted R squared = 0.715.

Fig. 5. Study 1b. Activity data captured by each badge during ambient noise and stable tone.
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Appendix 4
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Fig. 6. Study 2a.Volume data captured by each badge in each session.

Table 10. ANOVA test (dependent variable: frequency)

Variable df F Significance Partial Eta Squared

Session 2 4.71 .009 .002

Badge 9 3.52 <.001 .005

Sound 4 4,019.53 <.001 .722

Session × Badge 18 0.46 .974 .001

Session × Sound 8 7.96 <.001 .010

Badge × Sound 36 2.30 <.001 .013

Session × Badge × Sound 72 0.48 1.000 .006

Error 6,178

Total 6,328

Note. Adjusted R squared = 0.718.
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Appendix 6

Table 11. ANOVA test (dependent variable: pitch)

Variable df F Significance Partial Eta Squared

Session 2 1.89 .152 0.002

Badge 9 0.93 .498 0.005

Sound 4 79.51 <.001 0.155

Session × Badge 18 0.91 .572 0.009

Session × Sound 8 2.05 .038 0.009

Badge × Sound 36 1.12 .293 0.023

Session × Badge × Sound 64 1.12 .239 0.040

Error 1,732

Total 1,874

Note. Adjusted R squared = 0.170.

Table 12. Definitions provided by sociometric solutions (2014) manual (p.38)

Turn taking concepts Definitions

Speaking Segment Any continuous, uninterrupted length of speech made by a single person.

Turns Turns are speaking segments that occur after and within 10 seconds of another speaking segment. By default a speech segment
must be made within 10 seconds after the previous one ended in order to be considered a turn. Note that the two speech
segments need not be from two different people to count as a turn—a person can pause and then start speaking again. This
would count as two speech segments, and one Bself-turn.^

Self-Turns A speaker starts speaking, pauses for greater than 0.5 seconds (but less than 10 seconds), and then resumes speaking.

Successful
Interruptions

Person A is talking. Person B starts talking over A. If Person A talks for less than 5 out of the next 10 seconds, then Person B
successfully interrupted Person A.

Unsuccessful
Interruptions

Person A is talking. Person B starts talking over A. If Person A talks for more than 5 out of the next 10 seconds, then Person B
[un]successfully interrupted Person A.

Pause A pause is a period of time within which there is no speaking. All pauses are between .5s and 10s. (Anything less than .5s gets
marked as continuous speech, anything greater than 10s gets marked as the end of the turn-taking exchange.)
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Table 13. Correlation matrix for speaking experiment (pair 1)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

1 Female
voice

Speaking 1

2 Actual
speaking

.48** 1

3 Overlap -.40** .18** 1

4 Actual
overlap

-.10 -.20** .25** 1

5 Listening -.23** -.33** -.40** -.09 1

6 Actual
listening

-.29** -.54** .19** -.20** .41** 1

7 Silence -.18** -.34** -.53** -.13* -.20** -.34** 1

8 Actual
silence

-.16** -.40** -.56** -.15* -.03 -.40** .86** 1

9 Male
voice

Speaking 1

10 Actual
speaking

.41** 1

11 Overlap -.40** .19** 1

12 Actual
overlap

-.09 -.20** .25** 1

13 Listening -.23** -.29** -.40** -0.10 1

14 Actual
listening

-.33** -.54** .18** -.20** .48** 1

15 Silence -.20** -.34** -.53** -.13* -.18** -.34** 1

16 Actual
silence

-.03 -.40** -.56** -.15* -.16** -.40** .86** 1

* p < 0.05. ** p < 0.01.

Table 14. Correlation matrix for speaking experiment (Pair 2)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

1 Female
voice

Speaking 1

2 Actual
speaking

.52** 1

3 Overlap -.40** .12** 1

4 Actual
overlap

-.14* -.20** .23** 1

5 Listening -.20** -.32** -.38** -.05 1

6 Actual
listening

-.22** -.54** .31** -.20** .12** 1

7 Silence -.16** -.33** -.63** -.13* -.11 -.29** 1

8 Actual
silence

-.25** -.40** -.62** -.15* .27** -.40** .79** 1

9 Male
voice

Speaking 1

10 Actual
speaking

.22** 1

11 Overlap -.39** .35** 1

12 Actual
overlap

-.02 -.20** .21** 1

13 Listening -.20** -.30** -.41** -.14* 1

14 Actual
listening

-.23** -.54** .15** -.20** .41** 1

15 Silence -.11 -.36** -.64** -.14* -.15* -.36** 1

16 Actual
silence

.02 -.40** -.71** -.15* -.04 -.40** .90** 1

* p < 0.05. ** p < 0.01.
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Appendix 7

Table 15. Comparison of actual and captured values for speech
experiment (Pair 2)

Actual values Captured values

Female Male Female Male

No. of turns taken by the badge 6 6 62 79

No. of self-turns 3 2 77 51

No. of speaking segments 8 8 92 63

No. of successful interruptions 1 1 8 19

No. of unsuccessful interruptions 1 1 71 43

Table 16. Classification table of the decision tree model

Female Badge Predicted 1
(Female -
speaking)

Predicted 0
(Female - not
speaking)

Actual 1 (Female - speaking) 61 -

Actual 0 (Female - not
speaking)

5 107

Table 17. Classification table of the decision tree model

Female Badge Predicted 1
(Female -
listening)

Predicted 0
(Female - not
listening)

Actual 1 (Female - listening) 56 5

Actual 0 (Female - not
listening)

1 111

Table 18. Classification table of the logistic regression model

Male Badge Predicted 1
(Male - speaking)

Predicted 0
(Male - not speaking)

Actual 1 (Male - speaking) 54 7

Actual 0 (Male - not speaking) 9 103

Table 19. Classification table of the decision tree model

Male Badge Predicted 1
(Male - listening)

Predicted 0
(Male - not listening)

Actual 1 (Male - listening) 53 8

Actual 0 (Male - not listening) 15 97

Table 20. Results of ANOVA (dependent variable: front–back values)

Variable df F Significance Partial Eta
Squared

Session 2 0.05 .95 .000

Badge 7 2.31 .02 .005

Posture 2 53.76 <.001 .035

Session × Badge 14 0.01 1.00 .000

Session × Posture 4 0.16 .96 .000

Badge × Posture 14 0.02 1.00 .000

Session × Badge × Posture 28 0.03 1.00 .000

Error 3,000

Total 3,072

Note. Adjusted R squared = 0.021.
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Fig. 7. Study 3a. Stationary, front, back conditions in Posture experiment.

Table 21. Results of ANOVA (dependent variable: left–right values)

Source df F Significance Partial Eta
Squared

Session 2 0.95 .39 .001

Badge 6 5.26 <.001 .012

Posture 2 47.95 <.001 .036

Session × Badge 12 0.05 1.00 .000

Session × Posture 4 0.23 .92 .000

Badge × Posture 12 0.01 1.00 .000

Session × Badge × Posture 24 0.04 1.00 .000

Error 2,597

Total 2,660

Note. Adjusted R squared = 0.032.
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Appendix 8 Appendix 9

Fig. 8. Study 3a. Stationary, left, right conditions in Posture experiment.

Table 23. Descriptive statistics for activity mirroring values

Session 1

Minimum 0.00

Maximum 0.84

Mean 0.10

Standard Deviation 0.09

Table 22. Results of ANOVA (dependent variable: activity values)

Source df F Significance Partial Eta
Squared

Badge 8 0.98 .45 .005

Movement 2 9,709.73 <.001 .923

Badge × Movement 16 2.07 .008 .020

Error 1,624

Total 1,651

Note. Adjusted R squared = 0.922.
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