
The measurement of interpersonal interactions with continuous
spatiotemporal data: Application to a study of the effects of resource
competition on racial group interactions

John Tawa1 & Rosalyn Negrón2
& Jürgen Pfeffer3

# The Psychonomic Society, Inc. 2019

Abstract
We describe a sequential qualitative ➔ quantitative mixed-method procedure used to construct conceptually grounded quanti-
tative metrics of interpersonal behavior from continuous spatiotemporal data. Metrics were developed from data collected during
an experiment in which racially diverse participants interacted with self-resembling avatars at social events hosted in the virtual
world Second Life. In the qualitative stage, the researchers conceptualized four distinct patterns of movement from overhead
video recreations of participants interacting during the social events. In the quantitative stage, these patterns of movement were
operationalized into metrics to reflect each type of observed interpersonal behavior. The metrics were normalized through a series
of transformations, and construct validity was assessed through correlations with self-report measures of intergroup behavior.
Finally, the metrics were applied to an analysis of the virtual-world study examining the influence of resource competition on
racial group interactions. The findings contribute to our understanding of the influence of resource competition on Blacks’,
Asians’, and Whites’ group dynamics. Applications of these metrics for the future of the psychological study of interpersonal
behavior are discussed.
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The American Psychological Association (APA) declared the
first decade of the 21st century as the “decade of behavior,” a
response to the recognition that research examining actual
behavior—in lieu of self-report behavior—had declined dra-
matically since the 1970s. Within intergroup psychology,
studies examining groups of people interacting in real time
have declined considerably, once exemplified by studies such
as Muzafer Sherif’s Robber’s Cave experiment and Philip

Zimbardo’s Stanford Prison study. A review of the literature
within social psychology suggests that as a discipline, we have
not adequately responded to APA’s call (Baumeister, Vohs, &
Funder, 2007). New technological developments might help
fill this void, and in particular, might enable a breadth of
research linking people’s physical movement in space during
real-time interactions with their psychological tendencies.
Global positioning satellite (GPS) and Bluetooth sensors in-
creasingly enable researchers to collect virtually continuous
streams of data regarding how people physically relate in
space over an occurrence of time (i.e., spatiotemporal data),
and such data could offer researchers an opportunity to return
to a focus on live behavioral interactions with greater sophis-
tication than ever before. Understanding how to analyze spa-
tiotemporal data with empirical rigor beyond direct observa-
tion could be instrumental in increasing the number of real-
time behavior studies within intergroup psychology.

We speculate there are two reasons why psychology has
hesitated to incorporate technology-based spatiotemporal da-
ta. The first is a current absence of meaning making around
interpersonal spatial patterns of movement that would con-
vince social and intergroup psychologists of the applicability
of these metrics to their research questions. For example,
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movement toward and away from others over time is relative-
ly easy to compute, yet, physical proximity can have multiple
meanings; we approach people when we feel kinship, but also
approach people when we feel confrontational (e.g., Ashton,
Shaw, & Worsham, 1980). Thus, one goal for the present
research was to induce a variety of metrics of interpersonal
spatial behavior that are more nuanced than physical proxim-
ity and that are grounded in qualitative observation of patterns
of movement and interaction among multiple participants and
their corresponding verbal content.

A second challenge for psychologists may be the lack of
understanding about how to operationalize interpersonal be-
haviors by reducing oftentimes voluminous streams of spatio-
temporal data into useable metrics that could, for example, be
correlated with standard surveymeasures that are more familiar
to psychologists (e.g., measures of intergroup anxiety) and/or
function as an outcome variable on which group differences
can be examined (e.g., gender differences in interpersonal dis-
tance over time). Simultaneously, metrics should be computed
in a way that does not result in significant losses of data. Thus,
a second goal for this research is to offer calculation procedures
for metrics of interpersonal behavior derived from continuous
spatiotemporal data while minimizing the loss of data.

We specify three dimensions that characterize spatiotempo-
ral data—interval versus continuous-time data, macro- versus
microspatial data, and sociocentric versus egocentric perspec-
tive data—and suggest that although continuous-time,
microspatial, and egocentric data will likely be of the greatest
use and interest to intergroup psychologists, data of this qual-
ity have rarely been collected. Below, we use this framework
to review previous spatiotemporal research.

Studies examining spatial behavior
across time

Social science researchers are increasingly collecting spatio-
temporal data in order to understand patterns of growth and
change in, as well as the influence of physical space on,
humans’ social relationships over time. People’s movement
in physical space has been assessed through various mecha-
nisms including: geocoded GPS data (Ákos, Beck, Nagy,
Vicsek, & Kubinyi, 2014; Eagle, Pentland, & Lazer, 2009),
smartphone tracking applications (Aharony, Pan, Ip, Khayal,
& Pentland, 2011; Cho, Mayers, & Leskovec, 2011), signal
transponders (Frencken, Lemmink, Delleman, & Visscher,
2011), overhead camera stills (Duarte et al., 2012; Passos
et al., 2009), and analogously through virtual reality devices
and in virtual worlds (e.g., Dotsch & Wigboldus, 2008;
Friedman, Steed, & Slater, 2007; Tawa, 2017; Tawa,
Negrón, Suyemoto, & Carter, 2015; Toppenberg, Bos,
Ruiter, Wigboldus, & Pryor, 2015). Given the wide variety
of technologies, each with unique capacities for collecting

spatiotemporal data, applications of these technologies to re-
search questions range considerably.

In the following review, we examine the body of research
using spatiotemporal data. We organize our review along the
three dimensions of interval versus continuous-time data,
macro- versus microspatial data, and egocentric versus
sociocentric perspective data. For purposes of classification
within this review, continuous-time data include spatial location
data assessed at intervals of 30–s or less; microspatial data in-
cludes data that is able to capture distances between interacting
nodes within distances of 5–m or less; and egocentric perspec-
tive data includes data that enable analyses of the activity and
potential of each individual node rather than the group as an
entity. We believe that this quality of data will be of particular
interest and use to social and intergroup psychologists.
Snapshots of people’s spatial locations within a network—
which is characteristic of interval time data—can radically mis-
represent the true relational dynamics of the community mem-
bers, which can reveal themselves through more continuous-
time data (Tantipathananandh, Berger-Wolf, & Kempe, 2007).
Moreover, psychologists recognize that meaningful interperson-
al interactions occur within a relatively constrained (i.e.,
microspatial) social space (e.g., Ashton et al., 1980). Finally,
social and intergroup psychology, by definition, examines the
experiences of individual actors existingwithin a group (Allport,
1985); thus, metrics should represent the individual level (i.e.,
egocentric data) that could, for example, be correlated with stan-
dard survey measures of personality characteristics.

Interval versus continuous-time data A distinction can be
made between interval and continuous-time data
(Tantipathananandh et al., 2007). Interval time data include mul-
tiple spatial location assessments taken from participants at dis-
crete time points in a longitudinal study. Cho et al. (2011), for
example, followed participants for approximately 2 years and
deduced the spatial location of the participants on the basis of the
nearest cell phone tower each time the participant generated or
received a call, and also from the recorded geolocations each
time a participant generated a “check-in” from their mobile
phone on two social network websites (i.e., Gowalla and
Brightkite). Intervals may also be regularly spaced, rather than
“per-incident” (e.g., cell phone calls), and the timing of intervals
between spatial assessments range broadly; for example, spatial
assessments have been assessed at 5-min (Eagle et al., 2009),
15-min (Silm, Ahas, & Nuga, 2013), and 30-min (Benkert,
Gudmundsson, Hübner, & Wolle, 2008) intervals.

Some researchers using interval time data collection methods
have made use of analytic approaches that computationally sim-
ulate and impute data to account for time points between assess-
ment periods (Dijkstra, Cillessen, & Borch, 2013; Mercken,
Steglich, Sinclair, Holliday, & Moore, 2012; Sijtsema et al.,
2010; Steglich, Snijders, & West, 2006; Woolf, Potts, Patel, &
McManus, 2012). Most recently, and most promisingly, Long
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and Nelson (2013b) have developed a kinematic interpolation
method that takes into account the velocity and acceleration of a
node to more accurately deduce spatial locations between inter-
val time assessments. Despite the improvement of imputed data
to account for missing data, processes that occur within these
time lapses are nonetheless inferred and not directly assessed.

We consider assessments of spatial locations to be contin-
uous when they are computed in intervals of 30–s or less.
Saelens, Moudon, Kang, Hurvitz, and Zhou (2014), for exam-
ple, used GPS devices and accelerometers—both triggered at
30-s time intervals—to infer a log of participants’ bouts of
physical activity over the course of seven days. Even more
acutely, Duarte et al. (2012) analyzed the positioning of soccer
players (e.g., centroids of each team) during scoring plays, by
computing positional data at freeze frames of video footage of
the soccer match at 0.04-s intervals.

Although interval time data may be adequate for long-term
behavioral processes, such as the migratory patterns of birds
over the course of a season, intergroup psychologists are likely
to be more interested in interactions occurring between people
in a relatively constrained period of time, for example, peo-
ple’s social behavior at a social gathering that lasts a few
hours. Consider, for example, a person who is quite social
but who occasionally steps away from the crowd to look at
some artwork or other décor in the environment. An interval
time analysis of this person’s spatial behavior—say four re-
cordings of spatial locations at 30-min intervals—could, by
chance, capture this person alone and away from the group on
one or more occasions, and thus could result in an underesti-
mation of this person’s sociality. A more continuous-time
analysis of 30-s intervals would be muchmore likely to record
this person’s active social behavior more accurately.

Macro- versus microspatial data Although a relatively sizable
body of work within social network analysis (SNA) and geo-
graphic information systems (GIS) has examined “macro” spatial
patterns, such as tracking the movements of people throughout
the city during a workday, significantly less research has exam-
ined “micro” spatial patterns, such as people’s tendencies to ap-
proach and avoid each other within a shared social setting. The
latter, of course, requires considerably more advanced technolo-
gy with the capacity to capture interactions occurring as close as
one foot/meter, and will be the method of choice for psycholo-
gists who are interested in interpersonal interactions.
Macrospatial data include spatiotemporal data collected on a
larger spatial scale, and for the purpose of this article, are defined
as occurring within distances between tracked actors at 5–m or
greater. Such data are suitable for research questions concerning
people’s movement and interaction patterns over a large surface
area such as a park or city (e.g., Zhang & Chai, 2011). For
collection of macrospatial data, a number of sufficient technolo-
gies are readily available such as GPS geocoding and Bluetooth
scanners. A number of these studies have gleaned location-based

data from users’ own cell phones (e.g., Cho et al., 2011; Eagle
et al., 2009) or by distributing similar devices to participants (e.g
Saelens et al., 2014). Although the spatial accuracy of these
devices is limited, they are easily accessible and cost-effective,
and are sufficient for research questions concerning macrospatial
movement patterns. Cho et al. (2011), for example, used
location-based data provided by cell service providers that locat-
ed initiated and received phone calls with a spatial accuracy of
approximately 3–km. Although this range is large, such devices
would be sufficient for research questions related to people’s
movement in a large social space, such as a city. As a more
precise option, Eagle et al. (2009) provided participants with
smartphones programmed with a Bluetooth-based scanning ap-
plication that detected the presence of other participants (running
the same application) within a 5- to 10-m range. Although the
Bluetooth software used in Eagle and colleagues’ study offers
greater acuity than previous studies described above, interperson-
al distance thresholds of 5- to 10-m range would still not be
sufficient for analysis of interaction patterns that would likely
be of interest to social and intergroup psychologists. Classic re-
search within social psychology, for instance, has established that
casual and public interactions typically occurwithin a range from
30 in. to 30 feet (approximately 9–m). Within this range, closer
distance to others tends to communicate affinity and warmth
toward others, whereas farther distance communicates distrust
or dislike (Ashton et al., 1980; Evans & Howard, 1973; Hall,
1964; Mehrabian, 1969). Moreover, cultural norms in interper-
sonal distancing may be just centimeters or inches in difference,
but they are nonetheless significant (Sorokowska et al., 2017).
Thus, location-based technologies will likely only be of interest
to intergroup psychologists if they are able to determine distances
within a minimal range of 5–m, again, what we refer to as
microspatial data.

Considerably less research exists that can assessmicrospatial
patterns, or interactions between people occurring within a
range of 1–5–m (Ákos et al., 2014; Duarte et al., 2012;
Frencken et al., 2011), undoubtedly a reflection of the greater
technological demand required for such analyses. Some avail-
able tools are capable of assessing microspatial patterns.
Inmotio Object Tracking uses Bluetooth technology and was
developed for tracking the movements of members of sports
teams in play. Base stations placed on the athletic field transmit
signals sent to and from athletes wearing transponders. The
transponders have a location accuracy of 20–30–mm
(Frencken et al., 2011). Ákos et al. (2014) used “custom de-
signed high resolution GPS” devices with a spatial accuracy of
1–2–m to track the patterns of movement among alphas dogs
and their pack. Although these technologies are available, we
are not aware of any research specific to studying interpersonal
behaviors that has adopted them. Currently this body of litera-
ture appears limited to examining animal movement/behavior
(e.g., Ákos et al., 2014) and sporting behavior (e.g., Duarte
et al., 2012; Frencken et al., 2011; Passos et al., 2009).
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Egocentric versus sociocentric perspective data Finally, we
make a distinction between egocentric and sociocentric per-
spective data, and suggest that the majority of spatiotemporal
research has collected and analyzed behavior sociocentrically.
Sociocentric perspectives examine the group as a whole, de-
scribing, for example, the coordinated movement of a group
(Duarte et al., 2012; Frencken et al., 2011), the surface area
covered by members of a group as a collective (Duarte et al.,
2012), the emergence of a subgroup or flock (Benkert et al.,
2008), and the development of a single leader within a group
(Ákos et al., 2014; Andersson, Gudmundsson, Laube, &
Wolle, 2008). For example, in Duarte et al.'s (2012) study of
scoring plays during a soccer match, the surface area covered
by the attacking team was found to be significantly larger at
the moment of the assisted pass than the surface area of the
defending team. Andersson et al. (2008) developed an algo-
rithm for detecting an emerging leader from a group of nodes
based on a minimum time threshold in which one entity is
positioned ahead of other entities. In both examples, the unit
of analysis was the group; metrics pertain to the area of cov-
erage of the group and the emergence of a group leader.

Egocentric perspectives, by contrast, examine the potential
or tendencies of each individual actor behaving within the
context of a group. We emphasize the latter clause because a
number of studies have examined individual spatiotemporal
behaviors but do not necessarily do so in relation to a group
(Hurvitz, Moudon, Kang, Saelens, & Duncan, 2014;
McArdle, Demsar, van der Spek, & McLoone, 2014).
McArdle et al. (2014), for example, used GPS data and 3-D
visualizations to determine a variety of individual movement
patterns exhibited by pedestrians, including route preferences,
window-shopping (characterized by slow, steady forward
movement), and café stops (characterized by long pauses in
movement). Although these are examples of individual behav-
ior assessed through spatiotemporal measures, they are not
necessarily behaviors that occur within the context of group
interactions.

Egocentric data are collected from the perspective of each
actor within a group (e.g., what is each individuals’ degree,
tendency, or potential to emerge as a leader?), rather than from
the perspective of the group as a whole (e.g., which individual
will emerge as the leader of this group?; Long & Nelson,
2013a). As one example of egocentric data, Passos et al.
(2009) analyzed the dyadic movements of rugby players dur-
ing scoring plays in which a single attacker approached a try
line while a single defender attempted to obstruct. Using an
approach similar to that of Duarte et al. (2012), Passos et al.
(2009) used 0.04-s stills gleaned from video footage of the
dyadic interactions and observed that decreases in interperson-
al distances between the attacker and defender resulted in
changes in the angle at which the attacker approached the goal
line. Moreover, these sudden changes in angles caused greater
instability (more variation) in the dyadic system (collective

movement between attacker and defender), and greater varia-
tion in the system was more likely to result in an attempted
tackle. Thus, the unit of analysis was from the perspective of
the attacker (i.e., the angle at which they approached the try
line); however, the defender’s movement dynamically influ-
enced the attacker’s movement. For intergroup psychologists,
the goal would be to develop metrics of individual behavior
existing in a context of interactions with others.

In this article we report on a sequential qualitative➔ quan-
titativemixed-method procedure (Creswell & Clark, 2017) for
developing metrics of interpersonal behavior from spatiotem-
poral data that are grounded in observed interactions. Our
metrics are derived from data collected within the virtual
world Second Life, during an experiment in which Black,
Asian, and White participants created self-resembling avatars
and interacted in social events modeled to simulate contexts of
resource competition. The virtual-world environment—
replete with user data—provided an ideal medium for explor-
ing and assessing continuous, microspatial, egocentric data.
Understandably, there are questions about the validity of
virtual-world behavior as analogues of real-life behavior
(Williams, 2010). We address these questions in the next sec-
tion, before describing our procedure for metric development.

Behavioral research using virtual technology

Various studies of human behaviors have used virtual technol-
ogy, including desktop-accessed virtual environments (DVEs)
such as Second Life, and immersive virtual environments
(IVEs) such as virtual-reality headsets that are worn by a par-
ticipant (Friedman et al., 2007). In DVEs participants operate
an avatar on a computer screen—similar to a game character
in a video game—typically from a first-person perspective or
from a third-person perspective with the “point of view” di-
rectly behind the avatar. In IVEs, a participant’s real-life
movements are tracked and represented in the virtual environ-
ment, including the movement of limbs; however, full-body
directional movement is often limited to a short walk in any
one direction, as they occur within a confined area (e.g., a
small room or cubicle; Toppenberg et al., 2015). In this section
we address the question of the validity of virtual environments
for the study of real-life behavior and then describe in more
detail the findings of our previous study in Second Life (i.e.,
Tawa et al., 2015), which was limited by a reliance on physical
distance as a behavior measure, and which thus served as an
impetus for the development of metrics of more specific pat-
terns of movement.

The validity of virtual technology for the study of human
behavior Studies using both DVEs (Eastwick & Gardner,
2009; Feldon & Kafai, 2008; Friedman et al., 2007; Hasler
& Friedman, 2012; Lee & Park, 2011; Lo, 2008; Tawa, 2017;
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Tawa et al., 2015; Vang & Fox, 2014; Yee & Bailenson, 2008;
Yee, Bailenson, Urbanek, Chang, & Merget, 2007) and IVEs
(Bailenson et al., 2004; Bailenson, Blascovich, & Guadagno,
2008; Blascovich et al., 2002; Dotsch & Wigboldus, 2008;
McCall, Blascovich, Young, & Persky, 2009; Toppenberg
et al., 2015) tend to find that people’s virtual behavior is sim-
ilar to people’s behavior in real life. As examples, research
using the DVE Second Life has found that, as in the real
world, avatars were inclined to have less eye contact with
unpleasant users (Yee et al., 2007), and that avatars tend to
hold realistic interpersonal distances during interactions, initi-
ating interactions at approximately 4–5 virtual meters, and
moving closer (1–1.5–m) for more personal engagement
(Friedman et al., 2007). Using IVEs, research has shown that,
similar to real life, people tend keep greater distance from
people with stigmatized identities but also from people whom
they perceive as having higher status. In one study, partici-
pants approached a hospital bed more slowly if a patient was
diagnosed with HIVor cancer than for those with a broken leg,
and also kept larger distance from HIV patients than from
cancer patients (Toppenberg et al., 2015). In another study,
participants tended to approach a “stranger” avatar more
closely than a “tutor” and, as in real life, retained greater per-
sonal space toward people with higher social status (Bailenson
et al., 2004).

Also consistent with real life, and relevant to our research,
people tend to display prejudicial behavior toward minority
avatars in virtual environments (Dotsch & Wigboldus, 2008;
Eastwick & Gardner, 2009; Lee & Park, 2011; McCall et al.,
2009; Tawa, 2017; Tawa et al., 2015; Vang & Fox, 2014). For
example, in a study using a DVE, online avatars were more
likely to comply with a request for a favor when approached
by a researcher piloting a White avatar than by one piloting a
Black avatar (Eastwick & Gardner, 2009). In a study using an
IVE, native Dutch participants experienced greater physiolog-
ical stress when approaching a Moroccan (i.e., minority) ava-
tar than when approaching a White avatar (Dotsch &
Wigboldus, 2008). Among these studies using virtual technol-
ogy, spatiotemporal movement has been limited to relatively
rudimentary metrics, such as physical distance and speed of
approach (Bailenson et al., 2004; Dotsch &Wigboldus, 2008;
Friedman et al., 2007; McCall et al., 2009; Tawa et al., 2015;
Toppenberg et al., 2015). We faced these limitations in a pre-
vious analysis of our Second Life data (i.e., Tawa et al., 2015);
here we return to these data in an effort to develop more
specific metrics of interpersonal behaviors. For the present
analysis DVEs are an ideal technology, because of the more
limitless physical movement available.

The effects of resource competition on intergroup distance in
Second Life In this dataset we used the DVE Second Life to
collect coordinate data at 1-s time intervals as participants
interacted with other participants’ self-resembling avatars in

15-min social events. The social events were hosted in a parcel
on a private island in Second Life that featured an outdoor
patio overlooking a lake and an attached gazebo. The purpose
of our study was to examine how resource competition—the
real or perceived sense that the allocation of resources to one
person or group inevitably means less resources for other peo-
ple or groups—affected racial group members’ interactions.
Some participants were randomly assigned to interact in
events designed to simulate resource competition (N = 55),1

whereas others interacted in “utopian” social events in which
no resource competition was present (N = 68). In the resource
competition setting, participants were asked to imagine that
they were local business leaders and were tasked with assem-
bling a team of five of their peers; participants were led to
believe that the person who formed a team of the “hardest
working” and “most intelligent” people could maximize their
chance of winning a $300 gift certificate to Amazon.com. The
participants in the utopian condition were also tasked with
assembling a group of five peers, but they were not led to
believe that the merits of their group members increased their
chances of winning the gift certificate. In actuality, in both
conditions one participant was randomly selected for the
$300 gift card award. To create groups, participants sent
“friend requests” to other participants, and shared group mem-
bership was only confirmed once the friend request was ac-
cepted by the recipient. We were interested solely in the pro-
cesses of formation of the groups; participants did not com-
plete any further tasks once the groups had been formed.

In a previous study of these data (Tawa et al., 2015), we
hypothesized that racial group members would have greater
increases in physical distance over time while creating groups
in the resource competition settings relative to the utopian
settings. What we found was that changes in physical dis-
tances over time were not linear; within resource competition
settings, racial groups’ physical distance toward each other
actually initially decreased (during the first 5 min of the
event), but then began to increase over the duration of the
event (during the last 10 min; Tawa et al., 2015). Despite the
partial support of our hypotheses, we faced some limits in our
ability to interpret the findings, due to the reliance on physical
distance as a metric of interpersonal interactions. For example,
it wasn’t clear to us why racial groups initially approached
each other in the resource competition settings. The impetus
for the development of the present metrics was at least in part
to help us understand in a more nuanced manner how resource
competition affected interpersonal interactions and intergroup
relations. In what follows, we turn to a description of our

1 In the original study, there were two different types of resource competi-
tion—merit-based and an insider-based resource competition; however, given
questions about the operationalization of insider-based resource competition
and a lack of significant findings, the participants assigned to the insider-based
condition were dropped from the present analysis. See Tawa et al. (2015) for
more detail.
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approach for developingmetrics of interpersonal behavior that
are conceptually grounded in qualitative analyses of the par-
ticipants interacting during these events.

As has been recommended by recent reporting standards
for mixed-method research (Levitt et al., 2018), our methods
and results are organized to reflect the chronological order in
which the analyses were conducted. First, we describe the
qualitative procedures used to generate four distinct patterns
of participants’ interactive movement (method) and give an
in-depth description of the patterns of movement (results);
next we describe the quantitative operationalization of these
patterns of movement into metrics, an assessment of the nor-
mality and validity of the metrics, and finally the application
of the new metrics to a study of the effects of resource com-
petition on intergroup relations.

Qualitative methods and results

Our qualitative data analysis included a data visualization
strategy that provided us with an overview of participants’
patterns of movement and corresponding chats, as well as
analyses drawing from ethnographic methods of these videos.
In our results, we describe our observations and related con-
ceptualizations of four distinct participant movement patterns.

Data analysis

Data visualizationOne common approach for analysis of con-
tinuous interpersonal space–time data involves the production
of complex data visualization maps that enhance analysts’
ability to find patterns in movement data (Andrienko &
Andrienko, 2007). The visualizations can be a precursor or
complement to the quantification of movement, including
metric development. GIS scientists have been particularly pro-
ductive in modeling, classifying, and quantifying movement
patterns applicable to the study of individual behavior as well
as group dynamics (Dodge, Weibel, Ahearn, Buchin, &
Miller, 2016; Dodge, Weibel, & Lautenschütz, 2008; Long
& Nelson, 2013a). Working from enormous databases of
timestamped and geo-coded data points, movement pattern
researchers have developed ways to detect a range of behav-
iors, including leader following (Andersson et al., 2008;
Laube, Imfeld, & Weibel, 2005), flocking/crowd dynamics
(Benkert et al., 2008), and avoidance (Noyon, Claramunt, &
Devogele, 2007).

In the present study, we used participants’ coordinate data
to re-create JavaScript videos depicting an overhead view of
participants’ patterns of movements on a two-dimensional
space. The chat logs, which were timestamped, were matched
to the timestamped coordinate data so that the chats displayed
with a timing that corresponded with the movements playing
out in the movies. In contrast to movement pattern research

working with GPS data or with computer simulations, our
present study had the key benefit of trackingmovement across
time in a visually small and relatively contained virtual space.
This made it possible to see “birds-eye” overviews of individ-
ual and interactive behavior. The “birds-eye” videos facilitated
the qualitative analysis of both the movement of the group as a
whole and the movement of each individual participant. Text
logs of chats between participants enhanced our ability to
understand the antecedents and consequences of people’s
movement in relation to others.

A total of six social events (three resource competition and
three utopian condition events) from the Second Life study
(Tawa et al., 2015) were visualized in the movie recreations.
Nodes were used to represent the participants in the two-
dimensional space, each with a unique ID number. Node
colors corresponded to participants’ race—Asian, Black, and
White—and there were no additional identifiers, such as those
related to gender. A real-time version of the movie showed
spatiotemporal movements for every second of the trial. A
second set of movies displayed movements approximately
10 times faster (“fast”), and a third set of movies displayed
movements approximately 100 times faster (“very fast”). A
fourth set of movies traced the lines for the paths taken by all
participants in each of the trials.

Analytical approach Each movie was first viewed at fast and
very fast speeds, to gain an overview sense of the dynamics of
the individual and group interactions, from beginning to mid-
dle to end. Consistent with qualitative methods such as the
grounded-theory method, our analysis proceeded iteratively
with no predetermined hypotheses (Glaser, Strauss, &
Strutzel, 1968). Instead, we allowed observable patterns of
movement to emerge inductively (Creswell & Clark, 2017;
Glaser et al., 1968). We took first-impression notes about the
overall group processes, notable patterns, and any evidence of
racial preference in spatiotemporal arrangements. Next, the
complete chat log was read, to better understand the relation-
ship between individual and group movements and the con-
versational agency of the participants. The chat logs, for ex-
ample, revealed participants’ impressions of the experiment,
their greetings and “chit-chat,” their strategies for completing
the task set forth by each condition, any confusion and ques-
tions about experiment process, and key conversational topics.
Observations from the chat logs were noted along with notes
from the movies.

After we had read the chat log, each movie was viewed
again while matching the chat activity with the movement of
individual nodes. Participants who were particularly vocal or
who seemed to encourage group formation in their conversa-
tions were located in the movie, to gauge the extent to which
the spatiotemporal arrangements were influenced by their
words and actions. When clusters of nodes formed, IDs of
the members of each cluster were matched to chat log activity,
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to understand antecedents for the cluster formation and to map
the relationship between the conversations and any changes
over time in the clusters.

We cross-checked key findings from our initial observa-
tions with the real-time movies, which afforded more time
for careful observations of movements and interactions. The
movies that traced the lines of the paths taken by each of the
participants were useful for getting a handle on the level of
spatiotemporal movements in each trial and for identifying
areas of significant overlapping activity. Such visual markers
furthered our ability to identify patterns that we could then
describe through algorithms. This iterative, multipronged an-
alytical approach yielded insights about key patterns that
could be recognized across the trials. Our intent for this level
of nuance in observation was to maximize the likelihood that
our metrics would be grounded in actual social interactional
dynamics observed in virtual space.

Qualitative results

In this article, we propose the use of qualitative assessments as
precursors to the development of formal definitions and algo-
rithmic procedures to model the evolution of real-time groups.
A number of metrics emerged from our qualitative assess-
ments of real-time interactions in a virtual space, some of
which are related to existing measures, and others point to
promising new research avenues. Thus, we understand our
metrics as complements to existing clustering algorithms and
other measures of subgroup formation and maintenance. We
induced a total of four distinct patterns of movement from our
analyses. These included leadership, seeker, marginality, and
diversity/homophily. In the following sections, we describe
each observed type of behavior and describe any previous
research that has attempted to quantify similar types of
behaviors.

Leadership Previous work that aimed to understand the influ-
ence of leader-following on simulated crowd behavior began
by first finding potential leaders using standard centrality mea-
sures and setting “following probabilities” that an individual
would follow a leader who appeared within their visual–
spatial field (Li & Lin, 2011). Others have applied data-
mining algorithms to GIS databases in order to match motion
patterns that indicate “trend setting” (Dodge et al., 2008;
Laube et al., 2005). Quite simply, in trend setting, an actor
reproduces the trajectory of another actor who moved sec-
onds, minutes, or days before. Once detected, such leading
behavior requires further interpretation. A leader or trendsetter
may be initiating group behavior or may just be spatially con-
figured in front of other actors (Andersson et al., 2008). Our
own approach was to attend to the various ways participants
demonstrated the ability to have others follow them within
Second Life’s space. We also paid close attention to chat log

evidence that a given person was indeed influencing others’
behaviors by what they said. The excerpt below is an example
of the sort of commentary that, in conjunction with observed
movements, pointed to leadership behavior, particularly by
“LcKy13.”2

[16:14] LcKy13: all of you look pretty smart to me.
I think if we all join up into one big team we can accom-
plish huge things and bring this town out of its recession
[16:15] alvamp92: can i join ur group
[16:15] Annie001: kmm819, let’s work together!
[16:15] DaSilveira (loira2569):
ok well i am stuck somehow
[16:16] DaSilveira (loira2569): obviously video games
are not my strong suit
[16:16] Annie001: Mine either!
[16:16] alvamp92: lcky13 can i join ur group
[16:16] LcKy13: anybody can join my group
[16:16] Botman4004: Ok im me to learn what i can
bring to the table
[16:16] jtaznboy123: hey do you guys mind if i work
with you guys
[16:16] alvamp92: well im joinging u group
[16:17] LcKy13: everybody who is in meet me in the
back left corner and we will discuss our business in
further detail

Given our focus on egocentric variables, which focuses on
an actor but recognizes that the actor exists within a context of
many other interacting agents, grasping follow-the-leader dy-
namics required attention to the behaviors of followers, who
often play a significant role in escalating phase transitions (cf.
Rogers, 2003, for a discussion of follower dynamics), such as
the development of the group led by LcKy13 depicted in the
excerpt above. That being said, follow-the-leader dynamics
were not visibly apparent in all trials. Moreover, the level of
influence varied among the observed leaders; for example,
some influenced the movement of just one other person, and
others initiated the development of a subgroup. In our leader-
ship metric, we aimed not simply to categorically identify
“leaders,” but to capture the varied strengths of leadership
behavior in a continuous metric.

Seeker There are few examples of previous metrics designed
to capture seeking, a behavioral pattern characterized by pur-
poseful movement between sites with a relatively brief

2 In these excerpts, all timestamps, usernames, and texts are retained in their
original forms, including the use of capitalization and spelling and grammar
errors. Themajority of our participants used their account names as their avatar
names. Occasionally, a participant selected a different “display name,” which
is included in parentheses in the chat log. Depending on each participant’s
account settings, one or both names would be visible to other users.
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duration of time spent assessing each site. The most relevant
models for this movement pattern can be found in animal
ecology studies, specifically the study of foraging behavior
(Bian, 2000). As with foraging for food in the wild, here
seeking involved the search for a desired resource that might
lead a person to move widely within a given space. In our
evaluations of the movies, we flagged individual participants
who moved throughout the virtual space while periodically
making stops to engage others in conversation. These stops
were sometimes for brief periods of time. Thus, seekers were
observedmoving between individuals or subgroups, apparent-
ly in search of potential contacts to achieve the trial task, as
exemplified by the following exchange:

[16:11] Kimtaro: Wow I don’t even know where to start
[16:11] Hippocrite: well Im gonna try to get more peo-
ple haha. Talk to you soon
[16:11] MegFischer: Same. Good luck
[16:11] Hippocrite: you too

Spatially, seekers moved frequently and covered larger sur-
face areas of the trial grounds than did more stationary nodes.
However, the seeker’s movement was not independent of other
nodes, and their stops in movement would almost always occur
in close proximity of another node, presumably a person with
whom they were interacting. Figure 1 comprises 16 screen
shots taken from one of the video recreations of one of the
resource competition social events. Each screen shot occurs at
the first second at each of the 15–min of the trial. Node number
48, named ImplicitFunction is indicated by a red arrow and was
flagged as a seeker; this node is seen covering a wide surface
area of the trial grounds and is almost always seen in close
proximity of other nodes. In our operationalization of seeking
behavior, we sought to capture a person’s tendency to adopt a
more survey-style interaction with other nodes and subgroups,
talking to more people but with less depth.

Marginality Previous spatiotemporal research has attempted to
model marginal or avoidant behavior (Noyon et al., 2007;
Passos et al., 2009; Toppenberg et al., 2015), determined by
greater physical distance from a target node (Toppenberg
et al., 2015), or by a change in the trajectory of an actor in
response to the approach of another node (Noyon et al., 2007;
Passos et al., 2009). In our examination of the movies, we
perceived some nodes that tended to skirt along the perimeter
of the group or subgroups. In some of these instances, we
deemed that these nodes were simply not participating in the
experiment, perhaps related to technical difficulties or a loss of
interest in participation.We did not consider these participants
to be good representatives of marginal behavior. Instead, our
interest was on participants who were actively participating in
the project but tended to keep others at “arms length” or who

kept interactions with others generally superficial, brief, or in a
disinterested manner. In the following excerpt from the begin-
ning of the trial, “AutumnMetaphor” does participate in the
group exchange but does not initiate conversation, and tends
to be relatively “matter of fact” in her responses.

[16:06] ImplicitFunction: how r all of you?
[16:06] breakers18: hi everyone
[16:06] ReginaPhalanges: how did you get clothes?
[16:06] AutumnMetaphor: Good, how are you?
[16:06] keitichandesu: I am well, how are you?
[16:06] AutumnMetaphor: Freebies
[16:06] gtheoo: hello
[16:06] AutumnMetaphor: How about you?
[16:06] sbdanni48: good how are you all doingg
[16:07] ReginaPhalanges: i tried to buy them and put
the on. but all i meanaged to do was take them all off . . .
lol
[16:07] AutumnMetaphor: Aww
[16:07] ReginaPhalanges: managed*
[16:07] Cross2012: good, and i couldn’t find any free-
bies really. Got stuck with these.
[16:07] ImplicitFunction: pretty good

Although AutumnMetaphor’s chat behavior alone would
not be enough to identify her as marginalized, she does appear
to be a strong example of a high level of marginality when
seen in conjunction with her physical movement behavior.
AutumnMetaphor (node number 44, indicated by a blue ar-
row) is seen in Fig. 1 as remaining on the perimeter of the
group for the duration of the event. Our marginality metrics
reflects the relative lack of interaction with other nodes.

Diversity/homophily For our last observation, we took infor-
mation about the attributes of trial participants (i.e., race,
depicted in the videos as different color nodes) in order to
assess the extent to which people tended to interact with peo-
ple dissimilar from themselves (diversity) or with people sim-
ilar to themselves (homphily). A body of social network anal-
ysis research with longitudinal datasets supports the principle
of homophily: Over time, peers tend to be attracted to and
select other peers with similar visible characteristics such as
race (de Klepper, Sleebos, van de Bunt, & Agneessens, 2010;
Kossinets &Watts, 2009; van de Bunt, van Duijn, & Snijders,
1999; van Duijn, Zeggelink, Huisman, Stokman, & Wasseur,
2003). However, these studies—to our knowledge—have ex-
clusively examined peer interactions through self-report as-
sessments, rather than through direct behavioral assessments.
Research in virtual environments has made some effort to
assess diversity/homophily-related behaviors from continuous
spatiotemporal datasets (Dotsch & Wigboldus, 2008;
Ducheneaut, Yee, Nickell, & Moore, 2007). In the virtual-
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environment study described above, native Dutch (i.e., White)
participants more closely approached White than Moroccan
avatars (Dotsch &Wigboldus, 2008). In another study, guilds
in the massive multiplayer online game World of Warcraft
were found to be more likely to survive if they comprised
more diverse classes of characters, rather than more homoge-
neous ones (Ducheneaut et al., 2007).

Our observations of chat behaviors suggested that, partic-
ularly within the resource competition conditions—conditions
in which participants believed their group member selections
could lead to monetary gain—participants tended to engage
other avatars with questions about their language and culture,
but not directly about race. Participants may have found it
more socially acceptable to ask other participants directly
about their language capability rather than asking about race;
nonetheless, they may have used language and culture cues to
make racialized decisions about whom they deemed “intelli-
gent” and “hardworking.” For example, in the conversation
below, language capacity seems to be conflated with being
perceived as “smart and hardworking.” Asian-language-
speaking participants such as “yi sun (stevesun)”—referred
to as “steve”—appear to be particularly sought-after group
members by DaSilveira and LcKy13, perhaps because of the
stereotype of Asians as being inherently intelligent (Cheryan
& Bodenhausen, 2000).

[16:07] DaSilveira (loira2569): hi steve what are your
credentials
[16:08] rahnny Correia (rahnny3):
are you a good worker? Tweji?
[16:08] alvamp92: hello someone
[16:08] kmm819: hi
[16:08] yi sun (stevesun): credentials?
[16:08] DaSilveira (loira2569): is anyone here
majoring in business? speak more than one language?
[16:08] Botman4004: come to this corner im looking
for 5 smsart individuals
[16:08] alvamp92: someone plz come to me
[16:08] meltexmex: I speak more than one language.
[16:08] emiumass08: yes i do
[16:08] yi sun (stevesun): I do
[16:08] LcKy13: yi sun i need some help with my busi-
ness join my team and we can be co-owners
[16:09] emiumass08: spanish portuguese
[16:09] DaSilveira (loira2569):
great i would love to work with bi-lingual and cultural
people
[16:09] yi sun (stevesun): what kind of
[16:09] DaSilveira (loira2569):
i speak english spanish and portuguese
[16:09] Botman4004: I can speak creole

Fig. 1 Interaction among nodes in a utopian-condition trial. The red arrow indicates a seeker, named ImplicitFunction, and the blue arrow indicates a
more marginal node, AutumnMetaphor
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[16:09] meltexmex: DaSilveira, we should work togeth-
er. Tell me your best qualities.
[16:09] yi sun (stevesun): I speak chinese english
[16:09] alvamp92: i can speak spanish
[16:09] LcKy13: i speak cold hard american english
and im bringing jobs back to the USA
[16:09] DaSilveira (loira2569): great i feel that these
people can already deal with diversity and work well
together

Similarly, later in the trial, DaSilveira deems EmiRose to be
“smart” and “organized” after she discloses that she speaks
basic Japanese.

[16:11] EmiRose: I can speak basic japanese
[16:11] LcKy13: i speak english
[16:11] LcKy13: most of the usa speaks english
[16:11] Annie001: Hi, I’m a very hard worker
[16:12] nora29: I can sign- like American
Sign Language.
[16:12] LcKy13: i’m a good worker a good organizer,
i know how to use databases and i can drive
[16:12] DaSilveira (loira2569):
emi, achou alguem mais de boa?
[16:12] Annie001: I’m also a good leader,
what are your good qualities?
[16:13] LcKy13: Who needs a job?
[16:13] alvamp92: i need a job
[16:14] yi sun (stevesun): on campus or outside?
[16:14] DaSilveira (loira2569):
emi rose you look like a smart and organized girl
[16:14] LcKy13: Let’s work together.
I work with fellow co-workers
[16:14] alvamp92: campus
[16:14] DaSilveira (loira2569):
the japanese is very fundamental and useful
[16:14] LcKy13: all of you look pretty smart to me.
I think if we all join up into one big team we can accom-
plish huge things andbring this town out of its recession

In our observation of movement patterns, we could not al-
ways visually perceive race-based patterns of movement among
the nodes. Yet it was possible that some degree of race-based
movement patterns were occurring that were not visible to the
naked eye. In some utopian trials, we did observe nodes initially
coming together in race-specific subgroups (homophily), but
over time they eventually began to interact with more diverse
peers. For example, this pattern of race-based groupmovement is
apparent in Fig. 1, as nodes begin to interact in more diverse
groups beginning at approximately the 7th minute of the trial.
Chat logs from the resource competition trials suggest that race
was in fact salient to participants’ interactions. Thus, we devel-
oped a quantitative metric of diversity/homophily, reflecting the

extent to which participants interacted with people racially dif-
ferent from themselves.

Quantitative method and results

The quantitative portion of our metric development began
with operationalizing multiple variations of the four patterns
of movement conceptually defined in the qualitative portion,
and normality and validity analyses helped us determine
which version of the metrics was most robust. In our results,
we describe some preliminary findings including intercorrela-
tions between metrics and group differences in metrics.
Finally, we apply these metrics to a research problem identi-
fied in Tawa et al. (2015), in order to demonstrate the utility of
these metrics for future research.

Measures

Metrics were operationalized and calculated in R. All metrics
were derived from the physical location data (i.e., coordinates
on the Second Life grid), which were recorded at 1-s intervals
across the 15-min social events. The data represent geographic
x/y coordinates in a two-dimensional space. To incorporate
missing or double coordinates for a specific timestamp, we
aggregated the data in 5-s intervals (resulting in 180 time
intervals t per social event) and calculated the average position
for every node for every time interval. We then calculated a
Pythagorean distance matrix for all distances between each
pairs of actors, based on their x/y coordinates. For every time
interval t, the distance d between nodes i and j was defined as

dti; j ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xi−x j
� �2 þ �

yi−y j
�2
:

q

Movement for every node i was calculated between every
two consecutive time intervals t and t – 1:

Δt;t−1
i ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
xti−xt−1i

�2þ�
yti−yt−1i

�2q
. Also, the relative distance

change between every pair of actors was calculated for each
consecutive time interval. All metrics were derivations of
these matrices.

LeadershipOur initial approach to operationalizing leadership
was to simply take a cumulative score of changes in distance
between each actor, in order to base the measurement on
change in distance rather than on absolute or actual distance.
Although this approach does not differentiate whether dis-
tances, for example, lessen because one actor moves toward
others or others move toward that actor, we thought that if
there were an overall actual attractive quality of a single actor,
over time, others would more frequently move toward that
actor, resulting in decreasing distances overall and indicating
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higher leadership behavior. Once we had executed this initial
measure, we cross-checked the results with the videos to see
whether those who emerged as leaders on the basis of the
metric did indeed play a leadership role in the trial. We
quickly realized that some actors were receiving high scores
because of their leaving and then returning to groups after
moving some significant distance. Instead, we observed that
in several instances those who exhibited more leader-like
behavior (because they indeed exerted a pull on others and/
or because of the directive quality of their chat discourse)
moved rather little after some initial movements. Once they
were planted, others moved toward them. We also realized
that movements toward leaders were only meaningful within
a relatively immediate social space; interactions occurring,
for example, among members comprising an entirely differ-
ent subgroup within the social event should not count toward
a specific node’s leader score. Thus, we revised our
operationalization of leadership by rewarding actors with
“points” for movement toward them by other nodes within
a 5-m radius, and only while the actor remained relatively
still (with a leeway of 0.5−m movement in any direction).
While an actor was moving, they did not get points for
others’ movement toward them. We defined the leader score
l for an actor i as the sum of all movements toward this actor
within a 5-m radius while the actor itself did not change its
positions by more than 0.5−m:

li ¼ ∑ j≠i∑
180
t¼2 dti; j−d

t−1
i; j

���
��� if dti; j≤5⋀Δt;t−1

i ≤0:5:

Seeker The seeker metric should capture a person’s tendency
to have more frequent interactions with others, with less
depth. We calculated the seeker metric by creating a matrix
of the minimum distance achieved between each actor and
every other node, and then computing an average of these
minimum distances. We observed a potential problem with
this metric operationalized in this way. In some rare instances,
one participant might choose to move very little (thus not
exhibiting seeker behavior), yet there might be some reason
why people eventually approached them over the duration of
the event. For example, others might tend to approach a node
at some point in the trial in order to read small writing on a t-
shirt. Thus, to complete the seeker metric, we decided that
distance scores would only count towards the minimum dis-
tance matrix if the actor had moved her/himself some distance
within the 5-s interval. Since this was still somewhat of an
exploratory phase of metric development, we tried three var-
iations of the seeker metric, based on the distance the actor
was required to have moved in the last 5−s in order to have
minimum distances dmin count toward the matrix: 0.1, 0.5, and
1−m. Finally, since we wanted higher scores to indicate more
seeking behavior, we took the reciprocal of each score (1/x) in
order to compute the final seeker score.

si ¼ N−1

∑ j≠imin180t¼2 dti; j i f Δ
t;t−1
i ≥dmin

� �

Marginality This metric was calculated by averaging the num-
ber of other nodes within the actor’s personal radius across
each time interval t over the course of the social event; lower
numbers of interactions reflect greater marginality. We speci-
fied two variations of the metric, one in which the personal
radius rpwas 2−m and one in which it was 5−m. One problem
with measuring marginality in this way is that participants in
more populated trials will accumulate higher scores simply by
virtue of their greater availability of other participants. Thus,
to control for the size of the social event, the raw score was
then divided by the total number of people present in the trial.
Again, since we wanted higher scores to indicate more mar-
ginality, we took the reciprocal of each score (1/x) to compute
the final marginality score:

mi ¼ 180

∑180
t¼1

∑i≠ j1 i f d
t
i; j≤rp

N−1

:

Diversity/homophily For this metric, we took a snapshot of
each actor’s coordinates at every 5−s interval and recorded
the number of other participants representing each racial
group (Black, White, and Asian) within their personal radius.
Similar to the marginality metric, we computed two variations
of this metric, one with the personal radius set at 2−m and one
at 5 m. Then, for each time interval, a diversity quotient (DQ)
was calculated (Tawa, 2017). The DQ is calculated using an
entropy index (Quillian & Redd, 2009; Tawa, 2017), which
provides a single value to reflect the imbalance or balance of
racial group representation within each snapshot; a score of 0
indicates no diversity at all (e.g., a snapshot with six Asian
peers out of six peers), and a maximal value is reached when
the racial groups represented in the snapshot are as equally
balanced as possible, given the pool of prospective peers. In
the present study, only Black, Asian, and White peers were
available for selection. Thus, a maximal entropy index within
a snapshot for someone interacting with six peers would be
achieved when they had two Black, two Asian, and twoWhite
in their radius. An entropy score was computed by taking the
negative of the log of the proportion of each group, multiply-
ing by the proportion itself, and summing the products
(Shannon & Weaver, 1949). An entropy index was calculated
for each participant i and was represented by the following
equation, where K is the number of racial groups available (in
the case of this study, always three) and pki is the proportion of
peers of i in the snapshot named from each group:

di ¼ −∑K
k¼1pkilogpki:
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One of the challenges with measuring entropy based on
peer group diversity, particularly within relatively small pools
of possible peers, is that one’s entropy score is highly influ-
enced by the total possible diversity within the available pool
of peers. Very diverse contexts are much more likely to yield
diverse interactions than are less diverse contexts, and thus
high entropy values do not necessarily indicate a person’s
actual preference for interacting with diverse peers. Thus, fol-
lowing Tawa (2017), our solution was to compute a DQ by
also calculating an entropy value for the entire group at each
time interval and then dividing each participants’ entropy
score by the entropy score of each group, again at each time
interval.

In addition to the four observed behavioral interactions and
metrics, we computed two unobserved metrics that were re-
siduals of portions of the calculations of the observed metrics:
minimum distance (average of minimum distances to all other
nodes) and movement proportion (proportion of time intervals
per node with movement > 0.1−m). These variables were
retained in case they might be of use in later analyses. To
summarize, we produced a total of ten metrics: leader, three
versions of seeker (at 0.1, 0.5, and 1−m), two versions of
marginality (at 2 and 5−m), two versions of diversity/
homophily (at 2−m and 5−m), and two residual metrics (min-
imum distance and movement proportion).

Data analysis

Normalization of the interpersonal metrics We examined
skewness and kurtosis and conducted a Shapiro–Wilk test of
normality for each of the ten variations of metrics (eight var-
iations of observed metrics, and two unobserved metrics). For
Shapiro–Wilk tests of normality, significance levels of .05 or
higher indicate significantly normal distributions. Only one
metric, marginality at 5−m,was significantly normal. All three
seeker variations and both diversity/homophily variations
were negatively skewed, whereas the leader, marginality (at
2−m), and both unobserved variable scores were positively
skewed (see Table 1).

Next, we ran a series of transformations to normalize the
skewed metrics. To compute transformations with negatively
skewed data, all scores for themetric were first reverse-scored.
Once the final metrics were determined, scores were then
reverse-scored back, so that they were valenced in the correct
direction. We progressed from logarithmic (base 10), square
root, to cube root transformation (see Table 2). Once we had
achieved normality for each metric, we did not progress to the
next level.

Through this procedure, we were able to successfully trans-
form the following metrics so that they distributed normally:
leader (log), seeker at 1−m (log), marginality at 2−m (log),

marginality at 5−m (no transformation needed), diversity/
homophily at 2−m (square root), diversity/homophily at 2
−m (cube root), and movement proportion (log). In general,
the larger-distance versions of metrics appeared to distribute
more normally; thus, for each metric with multiple distance
versions, we retained the one with the highest distance. Seeker
at 0.1 and 0.5−m and the minimum-distance metric could not
be normalized. The following five metrics were retained for
the final analyses: leadership (log), seeker (at 1−m; log), mar-
ginality (at 5−m), diversity/homophily (at 5−m; cube root),
and movement proportion (log).

Construct validity of interpersonal metrics Establishing the
construct validity of behavioral measures presents a paradox,
given that self-report measures do not reliably relate to actual
behavior (Baumeister et al., 2007; Blascovich et al., 2002;
Sechrest, 2005); in fact, this line of reasoning is precisely
why the development of direct measures of actual behavior
is necessary (Baumeister et al., 2007). Yet, once a behavioral
measure is proposed, it is necessary to understand how the
new measure relates (or does not relate) to previously
existing and established measures, in order to more fully
understand this variable within the community of scholar-
ship in which it now exists and will be used (Sechrest,
2005). In our present dataset, participants completed self-
report measures of intergroup attitudes after participating in
the Second Life events. In this section, we examine the rela-
tion of our metrics to these measures: outgroup comfort
(Cole & Yip, 2008) and intergroup anxiety (Stephan &
Stephan, 1985). We also examine the intercorrelations be-
tween the proposed metrics. Although we tolerated some
overlap between metrics, our intent here was to examine
redundancy that would be characterized by any one measure
correlating very strongly with all other measures (Hemphill,
2003; Tabachnick & Fidell, 1996).

Outgroup comfort was measured by Cole and Yip’s
(2008) Outgroup Comfort Scale (OCS), which was original-
ly used to assess Black students’ state-based comfort, specif-
ically in interaction in predominantly White social contexts
(e.g., primarily White college settings). In this administra-
tion, we used race-neutral language to assess the outgroup
comfort levels of multiple racial groups. A sample item from
the OCS is “Settings with predominantly people of other
races do not threaten me.” With the present sample, the in-
ternal reliability for this scale was strong (a = .92).
Consistent with the conceptualization of our constructs de-
scribed in the qualitative metric development section, we
expected that seeker, marginality, and movement proportion
would be negatively correlated, and that leadership and
diversity/homophily would be positively correlated with
outgroup comfort.

Intergroup anxiety was measured by the Intergroup
Anxiety scale (IGA; Stephan & Stephan, 1985). The IGA
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is widely used to assess affective arousal that people tend to
feel in cross-racial interactions in general, and not specific
to settings in which one is a minority. On the IGA, partici-
pants are asked to rate on a scale of 1 to 10 whether they
would feel more or less comfortable, awkward, self-con-
scious, happy, accepted, confident, irritated, impatient, de-
fensive, suspicious, and careful when interacting with
members of another racial group, as compared to their
own. With the present sample, the internal reliability esti-
mate was again strong (a = .88). We expected that seeker
behavior, marginality, and movement proportion would be
positively correlated, and that leadership and diversity/
homphily would be negatively correlated with intergroup
anxiety.

Quantitative results

Intercorrelations between behavioral metrics Bivariate corre-
lations were run among all newmetrics and the two self-report
indices (see Table 3). With the exception of movement pro-
portion, all of our predictions related to intergroup anxiety
were confirmed, and none of our predictions related to
outgroup comfort were confirmed. In most cases, intercorre-
lations between the behavioral metrics suggested some ex-
pected overlap. Predictably, those who did more seeking also
tended to interact more with diversity and also tended to dis-
play less marginalized behavior. Less intuitively, those who
did more seeking also tended to exhibit leadership behavior.
The movement proportion measure strongly positively

Table 2 Normalization of metric variations

No Trans. Log (base 10) Square Root Cube Root

S–W Sig. S–W Sig. S–W Sig. S–W Sig.

Leader .850 .000 .980 .190

Seeker (0.1−m) .741 .000 .968 .029 .894 .000 .853 .000

Seeker (0.5−m) .761 .000 .970 .040 .902 .000 .871 .000

Seeker (1−m) .836 .000 .989 .269

Marginality (2−m) .890 .000 .972 .050

Marginality (5−m) .987 .528

Diversity (2−m) .893 .000 .898 .000 .976 .087

Diversity (5−m) .843 .000 .960 .008 .944 .001 .972 .201

Movement .829 .000 .988 .616

Minimum dist. .640 .000 .937 .000 .835 .000 .884 .000

Movement prop. .937 .000 .977 .118

Bold values show where normalization was achieved for a particular variable. S–W= Shapiro–Wilk test of normality statistics; Sig. = significance level
of the S–W test statistic; No Trans. = no transformation (original value); log (base 10) = logarithmic transformation; Square root = square root
transformation; Cube root = cube root transformation

Table 1 Initial descriptives and normality tests for each metric variation

M SD Sk (SE) Kt (SE) S–
W

Sig.

Leader 82.24 66.16 1.66 (0.25) 3.10 (0.50) .850 .000

Seeker (0.1−m) 9.82 1.54 – 3.33 (0.25) 18.27 (0.50) .741 .000

Seeker (0.5−m) 10.49 1.85 – 2.83 (0.25) 12.25 (0.50) .761 .000

Seeker (1−m) 10.33 1.86 – 2.27 (0.25) 9.77 (0.50) .836 .000

Marginality (2−m) 0.071 0.037 1.44 (0.25) 3.39 (0.50) .890 .000

Marginality (5−m) 0.315 0.090 – 0.39 (0.25) 0.15 (0.50) .987 .528

Diversity (2−m) 0.715 0.288 – 1.03 (0.25) 0.39 (0.50) .893 .000

Diversity (5−m) 0.876 0.195 – 1.30 (0.25) 1.25 (0.50) .843 .000

Movement 69.09 58.57 1.83 (0.25) 3.88 (0.50) .829 .000

Minimum distance 1.96 1.05 4.57 (0.25) 31.17 (0.50) .640 .000

Movement prop. .113 .065 1.05 (0.25) 1.65 (0.50) .937 .000

Bold shows the only nonsignificant result.M =means; SD = standard deviation; Sk (SE) = skewness and standard error of the skewness statistics; Kt (SE)
= kurtosis and standard error of the kurtosis statistic; S–W = Shapiro–Wilk test of normality statistics; Sig. = significance level of the S–W test statistic
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correlatedwith all behavior metrics except marginality. In fact,
the correlations between movement proportion and leader (r =
.79, p < .01) and seeker (r = .67, p < .01) are notably high
(Tabachnick& Fidell, 1996), suggesting that movement might
not be an independent construct from seeking and leadership
(Hemphill, 2003); thus, movement behavior was not exam-
ined further as an independent construct, but rather was used
as a control variable in the further analyses.

Group differences in interpersonal metricsWe examined how
participants’ gender, race, and immigration status were related to
our metrics by using multivariate analyses of variance
(MANOVAs) in which the four metrics (leader, seeker, margin-
ality, and diversity/homophily) were included as dependent var-
iables. The metrics did not differ significantly by participant
gender for the overall model [Wilk’s λ = .93; F(4, 83) = 1.68,
p = .16, η2p = .075]; however, examination of the effects on
individual metrics within the model suggests that gender did
effect leadership scores [F(1, 83) = 4.01, p < .05, η2p = .045].
Males (M = 1.86, SD = 0.41) had higher leadership scores than
did females (M = 1.72, SD = 0.38). Metrics did not differ sig-
nificantly by participant race [Wilk’s λ = .95; F(8, 164) = 0.53,
p = .833, η2p = .025] or immigration status [Wilk’s λ = .96;
F(4, 83) = 0.883, p = .478, η2p = .041]. Pearson’s correlations
determined that age was unrelated to any of the four metrics.

Application of our metrics to a research question

In this final section, we apply our metrics to an analysis con-
sidering the effects of resource competition on racial group
members' interpersonal behavior. Our purpose for this applica-
tion study was to demonstrate how our metrics can provide us
with understandings of interpersonal interactions above and
beyond the relatively rudimentary spatiotemporal metrics that
have characterized previous studies (e.g., Tawa et al., 2015;
Toppenberg et al., 2015). In fact, in a previous analysis of these
same data (Tawa et al., 2015), we were limited in our under-
standing of how resource competition affected intergroup rela-
tions because of our sole reliance on proxemics. In this

previous analysis, we found that within resource competition
settings, Black and Asian participants initially approached
each other, but then began to move away over the duration of
the event (Tawa et al., 2015). Although these findings support-
ed our prediction that resource competition would cause great-
er distance between Black and Asian participants, we also
raised questions about the more precise mechanisms through
which resource competition gives rise to increasing physical
distance (Tawa et al., 2015). For example, it is possible that
conditions of resource competition give rise to people feeling
marginalized from others, which in turn could lead to more
ingroup isolating behavior. Given that our metrics emerged
from the qualitative analysis in this article, and were thus not
available to us a priori, our examination of the potential medi-
ating roles of our metrics is exploratory and not hypothesized.

In the present analyses, physical distance scores were cal-
culated as the total of a participant’s (e.g., a Black participant)
scores to both outgroups (e.g., Whites and Asians); including
physical distance scores in our present analyses enabled us to
evaluate how our new metrics performed in comparison.
Change in distances over time was determined by computing
the average rate of change between outgroup physical distance
scores across each of the three 5-min time blocks comprising
the 15-min social event. Thus, the outcome variable is a single
score that reflects a change in physical distance toward
outgroup members over the duration of the trial.

Participants The participants included 131 (male = 40, female
= 91) people recruited online and at the first author’s previous
university; the participants self-identified as Black (n = 26),
Asian (n = 34), or White (n = 71). Twenty-five of our partic-
ipants were born outside the United States, and the average
age was 24.11 years (SD = 7.82). The online recruiting includ-
ed postings on social networking sites (e.g., Facebook) and
classified advertisement sites (e.g., Craigslist). The university
recruitment included flyers, blast emails, class announce-
ments, and the undergraduate subject pool. Participants were
then randomly assigned to a resource competition condition (n
= 55) or a utopian condition (n = 68). The multiple recruitment
strategies, broad geographic pool, and random group assign-
ment minimized the likelihood of participants knowing each
other prior to participation. The participants were relatively
successful in creating avatars that resembled themselves ra-
cially, assessed both via self-report and through research as-
sistants’ objective ratings of headshots of the avatars (see
Tawa, 2017, for more detail).

Preliminary analyses An analysis of variance confirmed that
there was a higher average rate of change in outgroup distance
in the resource competition condition (M = 2.32, SD = 1.96)
than in the utopian condition (M = – 0.56, SD = 2.96) and that
this difference was significant [F(1, 87) = 29.86, p < .01, d =
1.15]. In actual terms, within the resource competition

Table 3 Pearson’s correlation matrix for the retained metrics and self-
report variables

1 2 3 4 5 6 7

1. Leader – .43** .10 .05 .79** – .02 – .22*

2. Seeker – – .21* .33** .67** – .13 – .32**

3. Marginality – .02 – .12 .01 .21*

4. Diversity/homophily – .23* – .12 – .22*

5. Movement prop. – .03 – .18

6. Outgroup comfort – .31**

7. Intergroup anxiety –

* p < .05, ** p < .01
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condition, participants moved an average of 2.32–m away
from outgroup members during the social events, whereas
during the utopian condition, participants moved an average
of 0.56–m toward outgroup members.

With regard to the metrics developed in this study, partic-
ipants did more seeking in the resource competition (M = .71,
SD = .19) than in the utopian condition (M = .61, SD = .21),
and this difference was significant [F(1, 87) = 5.11, p < .05, d
= 0.50]. Participants also interacted with more diversity in the
resource competition condition (M = .51, SD = .10) than in the
utopian condition (M = .32, SD = .19), and this difference was
also significant [F(1, 87) = 33.47, p < .01, d = 1.25]. Resource
competition was unrelated to leader, marginality, or move-
ment behavior.

Bivariate correlations determined that the average rate of
change in outgroup distance was positively correlated with
marginality (r = .41, p < .01) and diversity/homophily (r =
.45, p < .01). In the final analysis, we ran four separate medi-
ation models examining the potential mediating effect of each
metric—leadership, seeker, marginality, and diversity/
homophily—on the relationship between resource competi-
tion and the average rate of change in physical distance.

Mediation analyses We examined the potential for each ob-
served metric to mediate the relationship between the presence
of resource competition and greater movement away from
outgroup members. Mediation analyses were examined using
a bootstrapping method aided by PROCESS version 2, model
number 4 (Hayes, 2013). Bootstrapping provides an estimate of
both the direct path (i.e., the relation between the predictor and
outcome variable while controlling for the effect of the media-
tion variable) and the indirect path (i.e., the path from the pre-
dictor to the outcome through the mediation variable). Each
analysis was based on 10,000 resamples of the dataset with a
bias-corrected 95% confidence interval. In this method, the
indirect effect is considered significant at p < .05 if the provided
confidence interval does not contain the value of 0 (Hayes,
2013; Preacher & Hayes, 2008). The PROCESS macro allows
multiple mediators to be tested simultaneously in order to tease
apart the potentially overlapping effect of confounded vari-
ables. Thus, we were able to control for the potentially compet-
ing effects of correlated metrics within each model.

Seeker behavior was examined as a mediator on the rela-
tionship between resource competition and increases in
outgroup distance, while controlling for movement, marginal-
ity, leadership, and interaction with diversity (given that seek-
er was correlated with each of these variables). This indirect
path was not significant (indirect effect = – 0.28, CI [– 0.91,
0.22]). Leader behavior was examined as a mediator while
controlling for movement and seeker behavior. This indirect
path was not significant (indirect effect = 0.27, CI [– 0.30,
1.27]). Marginality was examined as a mediator while con-
trolling for seeker behavior. This indirect path was not

significant (indirect effect = – 0.02, CI [– 0.59, 0.67]).
Finally, diversity/homophily was examined as a mediator
while controlling for movement and seeker behavior. This
indirect path was significant (indirect effect = 0.76, CI [0.15,
1.88]), suggesting that interaction with diversity may operate
as a mechanism through which resource competition leads to
increases in outgroup physical distance.

Discussion

Although our primary intent for the application study was to
demonstrate how our metrics could be applied to research
problems, the findings from this study warrant some brief
discussion. Following this discussion of research findings,
we turn to a more general discussion in which we address
some methodological strengths and limitations of our work,
focusing on the qualitative component and the validity of our
study and metrics. Next, we consider some possible applica-
tions of our metrics for future psychological research studies
and address how these future applications can contribute to
APA’s call for increasing the production of research that di-
rectly assesses behavior, rather than primary relying on self-
report methods (Baumeister et al., 2007).

Discussion of findings from the application study

Our finding that resource competition is related to increases in
physical distance from outgroup members is consistent with
findings specific to Blacks and Asians in Tawa et al. (2015).
Yet our metrics provide us further insight into how resource
competition affects physical distance. In our preliminary anal-
yses, we found both higher seeker scores and higher interac-
tion with diversity scores in resource competition than in uto-
pian conditions. It appears that those of our participants who
believed they were competing for resources took more of a
“survey” approach to getting to know others in the social
event rather than indulging fewer peer interactions at greater
depth. Participants in resource competition conditions may
have tended to favor briefer interactions with greater numbers
of people, perhaps in an effort to evaluate as many people as
possible in order to maximize their chances of establishing a
peer group with the highest levels of “intelligence” and “hard
work” ethic. Perhaps though, given the limited time in which
participants had to make their friendship selections, partici-
pants in the resource competition condition were more likely
to rely on superficial markers fromwhich to draw assumptions
about people’s character, for example, skin color or perceived
racial membership. Previous research does suggest that more
visible individual differences (such as gender and race) tend to
play a particularly important role in the peer selection process
(de Klepper et al., 2010; van de Bunt et al., 1999; van Duijn
et al., 2003).
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Moreover, our mediation analyses suggest that this interac-
tion with diversity is the operative mechanism through which
resource competition affects increases in outgroup distance.
We found that people interacted with more diversity in re-
source competition conditions than in utopian conditions,
and in turn, interaction with diversity was related to greater
increases in distance from outgroup members over the course
of the trial. It appears that the nature of the interactions with
diversity in resource competition may have been deterring in
some way. One possibility is that people might have tended to
interact with outgroup members as a way of scrutinizing their
level of competence in intelligence and/or work ethic, or per-
haps they were even attempting to discern others’ racial group
membership if it was not immediately apparent. Perhaps great-
er distancing occurred as a result of these more discerning or
superficial interactions with outgroup members. These find-
ings support classic social psychology theory, which predicts
that group interactions will result in adverse outcomes when
groups believe themselves to be in competition with other
groups for limited resources (Blumer, 1958).

General discussion

In this article, we used a sequential qualitative ➔ quantitative
mixed-method procedure to derive and normalize four metrics
of interpersonal behavior from continuous spatiotemporal da-
ta. We then applied our metrics to a research problem related
to the influence of resource competition on interpersonal be-
havior among racial groups. Our metrics were developed spe-
cifically for continuous-time, microspatial, and egocentric-
perspective data, which we believe are likely to be of most
interest to social and intergroup psychologists.

Each of our interpersonal behaviors—leadership, seeker,
marginality, and diversity/homophily—initially emerged from
qualitative observations of patterns of movements among av-
atars interacting in social events in the virtual environment
Second Life. In the qualitative analyses, the movement of
avatars throughout the 15–min trials was triangulated with
discussions recorded in chat logs. These conversational pro-
cesses provided an important view into the actual movements
during the trials across time; we were able to observe how
participants’ conversational agency affected their movements
within the virtual space, as well as that of others. In turn, we
saw in some cases, the ways that the movements of key actors,
as evinced first by their conversational strategies, influenced
the movements of others. Insights gained from the chat logs,
along with visual analysis of dynamic spatiotemporal interac-
tions, were crucial for making sense out of the changes that we
observed and measured over time. Indeed, in recent years,
network analysts have called for greater and improved inte-
gration of qualitative and quantitative analytics in social net-
work research (Dominguez & Hollstein, 2014).

One reasonable challenge to our study is related to the
validity of virtual worlds: Are people’s behaviors in virtual
environments analogous to people’s behaviors in real life?
Whether or not virtual-world behavior seems to “map” onto
real-life behavior seems to depend on the type of behavior
under study; for example, behaviors motivated by fear of
physical pain or death do not map well (Williams, 2010).
On the other hand, virtual behaviors—such as physical
movement behavior—that is motivated by emotional dis-
comfort may map more strongly onto real-life behavior
(Williams, 2010). Indeed, a relative wealth of studies support
a consistency between virtual interpersonal behavior—such
as interpersonal distancing and approach—and real-life be-
havior (Bailenson et al., 2004; Bailenson et al., 2008;
Blascovich et al., 2002; Dotsch & Wigboldus, 2008;
Eastwick & Gardner, 2009; Feldon & Kafai, 2008;
Friedman et al., 2007; Hasler & Friedman, 2012; Lee &
Park, 2011; Lo, 2008; McCall et al., 2009; Tawa, 2017;
Tawa et al., 2015; Toppenberg et al., 2015; Vang & Fox,
2014; Yee & Bailenson, 2008; Yee et al., 2007).

Another common challenge to the validity of virtual behav-
iors is referred to as the “online disinhibition effect” (Suler,
2004), which suggests that people are likely to be less con-
cerned about the impact of their behaviors on others because
of the anonymity provided by online environments. For ex-
ample, people may tend to be more explicitly racist or
prejudiced online. We did not see any evidence of explicit
racism or prejudice in our qualitative analyses; in fact, consis-
tent with real life, the avatars tended to use codified strategies
for trying to determine others’ race, perhaps because asking
directly about race may be seen as inappropriate (Apfelbaum,
Sommer, & Norton, 2008). Nonetheless, this is a reasonable
challenge, and future research should continue to contribute to
the developing body of research examining the relationship
between real-life and virtual behaviors (Bayraktar & Amca,
2012; Bailenson et al., 2008; Blascovich et al., 2002; Dotsch
& Wigboldus, 2008; Eastwick & Gardner, 2009; Feldon &
Kafai, 2008; Lee & Park, 2011; Lo, 2008; Tawa, 2017;
Tawa et al., 2015; Vang & Fox, 2014; Yee & Bailenson,
2008; Yee et al., 2007).

In general, we recognize that within experimental research,
there is an inherent tension between ecological validity and
developing tightly controlled environments (Blascovich et al.,
2002); as one introduces the greater nuances and variability
that are present in real life (ecological validity), one simulta-
neously compromises laboratory control and statistical power.
Virtual environments may actually provide a unique solution
to this problem; on the one hand, they offer highly detailed
social environments and personifications, while simultaneous-
ly they can be held constant over multiple experimental trials
and studies. As such, the virtual environment may actually be
an ideal medium through which metrics of interpersonal pat-
terns of behavior are initially explored and derived.
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Our metric development is based on group interactions that
are relatively short in duration (i.e., 15–min).We see both pros
and cons to developing metrics from these short interactions.
Certainly, a 15–min encounter is likely to be shorter than a
typical interactive group event, such as an educational class
period, a social gathering, or board meeting, thus compromis-
ing real-life validity. On the other hand, the relatively
contained duration allowed us to more easily make observa-
tions about the emerging roles of the individuals and sub-
groups across multiple trials. Furthermore, a recent meta-
analysis has demonstrated that group-specific behavioral
norms and roles within a group often emerge very early on
in the group process—as early as the first 15–20–min—and
that these norms and roles are remarkably predictive of the
final established norms and roles for the remainder of the
group process (Allen & O’Neill, 2015).

We made some effort to establish the construct validity of
our interpersonal behavior metrics. Actual behaviors, howev-
er, frequently do not correlate with self-report behavior, at
least in part because self-report is often plagued by social-
desirability effects (Crowne & Marlowe, 1960; Freeman,
Romney, & Freeman, 1987). Nonetheless, we did find that
our metrics were related to one self-report attitude—
intergroup anxiety—in the directions that were predicted.
People who self-reported being anxious in intergroup settings
tended to have lower leadership, seeker, and diversity scores,
and higher marginality scores. All of our metrics were unre-
lated to outgroup discomfort. It is possible that because the
outgroup comfort measure was originally developed to assess
the experience of comfort in settings in which one is in a
numerical minority, this construct had less relevance to our
relatively numerically diverse settings, particularly among
White participants, who were never a minority within any
trial. Intergroup anxiety is a more stable, trait-based construct,
and presumably it measures anxiety experienced during inter-
group interactions more generally (Cole &Yip, 2008; Stephan
& Stephan, 1985). In addition, we found that males had mar-
ginally higher leadership scores. Our analysis of videos and
chats were gender-blind, in that we did not visually mark
gender in the videos, and the IDs in the chats did not by default
contain gender information. In this way, the leadership metric
would not have been influenced by any stereotyped notions
about gender differences in leadership behavior. That said, the
leadership metric may be most sensitive to stereotypically
masculine leadership behavior, namely behavior that is more
authoritative and less collaborative (Eagly & Johnson, 1990;
e.g., “points” went to actors who remained relatively still
while others approached them).

Intercorrelations between metrics also contribute to our un-
derstanding of these emerging metrics. It is intuitive, for ex-
ample, that seeking and diversity behaviors are somewhat
related, as both comprise interacting with a wider variety of
people. It is less intuitive that leader and seeker behavior

would be related, given that we conceptualize seekers as fre-
quently moving around, whereas our operationalization of
leadership rewarded nodes with points for being stationary
and having other nodes approach them. Yet, perhaps in the
context of short-term tasks seekers become more quickly
known to the group, and thus develop an attractive quality
that brings people toward them. Future research should con-
tinue to explore the relationship between leading and seeking
behavior.

In the application of our metrics to a research problem, we
found that when people believe they are competing for re-
sources, they tend to move away from racial outgroup mem-
bers over time. Comparably, in social settings absent of re-
source competition (such as the group interactions depicted in
Fig. 1), people tend to move toward outgroup members over
time.We established a similar finding in a previous analysis of
the data, specific to Blacks’ and Asians’ physical distance
(Tawa et al., 2015). Yet, given that physical proximity is a
relatively rudimentary measure of interpersonal behavior,
and could, for example, indicate either warmth or suspicion
(e.g., Ashton et al., 1980), we were limited in our interpreta-
tion of the findings.We have presented this case study in order
to demonstrate the potential usefulness of our metrics. For
instance, in our application study we also found that resource
competition contexts were also related to greater seeking be-
havior and greater interaction with diversity than in utopian
conditions. When monetary reward is at stake, people seem to
be motivated to talk to more people at less depth (rather than
fewer people at more depth), in order to maximize the chance
of finding ideal group members. Our metrics allowed us to
understand that such “shallow” interactions—particularly
when with diverse outgroup members—are one mechanism
that ultimately leads to greater distance from outgroup mem-
bers, perhaps because they are seen as superficial and are thus
off-putting.

Technology will increasingly enable the collection of con-
tinuous-time, microspatial, and egocentric-perspective data
with “real-life” human participants simultaneously interacting
in a shared space. To be clear, the technology for collecting
these data already exists—for example, the high-resolution
GPS personal activity trackers (Ákos et al., 2014) and tran-
sponders with base stations (Frencken et al., 2011) described
earlier in our review. Other promising technologies exist as
well, including radio frequency identification (RFID), which
has a sensing distance of 1–2–m (Cattuto et al., 2010), and
MIT’s “sociometric badges,”which use Bluetooth sensors and
can record the distances between any two actors wearing
badges within less than 1 m and up to 10 m (Choudhury &
Pentland, 2003). Yet these devices are frequently quite expen-
sive, and granting agencies are unlikely to fund research pro-
posing to use them without a strong understanding of how to
analyze these data. Thus, our primary goal for this research
was to give interested intergroup and social psychology
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researchers a starting point for how to begin to reduce the vast
amounts of raw data derived from these devices into useable
individual-level metrics that can be, for example, correlated
with standard survey measures or other individual-level vari-
ables that are more familiar to psychological researchers.

These technologies and the methods for analyzing their
data will open up a realm of possibility for psychological
inquiry. For example, in our research we found that within
competitive resource contexts, brief interactions with diverse
others can be detrimental to interpersonal interactions, insofar
as they may appear to be superficial; yet we wonder about
how interactions with diverse others over a much more
sustained encounter, such as interactions with coworkers,
can be related to positive interpersonal interactions and inter-
group relations.Within the workplace setting, researchers may
also consider how the various roles depicted in the metrics are
related to productivity and the overall success of a working
group; perhaps there is an ideal combination of leaders,
seekers, and even those on the margins that comprises the
most productive working groups. Additionally, it would be
valuable to understand both situational and psychological pre-
dictors of these interpersonal behaviors. As examples, one
could experimentally examine how various teaching methods
(e.g., didactic vs. interactive) relate to students’ behavioral
marginalization in the classroom, examine the processes that
lead to the emergence of student leaders during group project
sessions, and examine the personality correlates or predictors
of seekers.

Finally, future researchers might be interested in adopting
our approach of using virtual environments to observe and
generate metrics of other types of nonverbal, interpersonal
behavior for real-world applications. Virtual environments
have already been successfully used to track behaviors such
as eye contact (Bailenson, Blascovich, Beall, & Loomis,
2001), body orientation (Friedman et al., 2007), and physical
aggression (McCall et al., 2009). The relative ease and cost-
efficiency of virtual technology, coupled with the acuity of the
behavioral user data that it offers, provides an ideal medium
for the exploration and development of measurement of be-
havior over time (Williams, 2010). Continuing to develop our
ability to measure behavior over time will contribute to a long
overdue response to APA’s call for more research examining
real-time behaviors (Baumeister et al., 2007).
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