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Abstract

Existing toolkits for analyzing movement dynamics in animal ecology primarily focus on individual or group behavior
in habitats without predefined boundaries, while methods for studying human activity often cater to bounded envi-
ronments, such as team sports played on defined fields. This leaves a gap in tools for modeling and analyzing human
group dynamics in large-scale, unbounded, or semi-constrained environments. Examples of such contexts include
tourist groups, cycling teams, search and rescue teams, and military units. To address this issue, we survey existing
methods and metrics for characterizing individual and collective movement in humans and animals. Using a rich GPS
dataset from groups of military personnel engaged in a foot march, we develop a comprehensive, general-purpose
toolkit for quantifying group dynamics using location-based metrics during goal-directed movement in open
environments. This toolkit includes a repository of Python functions for extracting and analyzing movement data,
integrating cognitive factors such as decision-making, situational awareness, and group coordination. By extending
location-based analytics to non-traditional domains, this toolkit enhances the understanding of collective move-
ment, group behavior, and emergent properties shaped by cognitive processes. To demonstrate its practical utility, we
present a use case utilizing metrics derived from the foot march data to predict group performance during a subse-
quent strategic and tactical exercise, highlighting the influence of cognitive and decision-making behaviors on team
effectiveness.

Introduction

Location-based metrics provide rich insights into indi-
vidual and group-level behavior across diverse con-
texts, environments, and activities. Their value, coupled
with the widespread availability of cost-effective Global
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Positioning System (GPS) technology, has led to their
widespread adoption across a range of interdisciplinary
applications in fields ranging from sports analytics (Low
et al., 2020; Torres-Ronda et al., 2022) to animal ecology
(Cushman & Huettmann, 2010; Nathan et al., 2008; Sei-
del et al., 2018).

However, despite the proliferation of positional track-
ing technologies and advanced mathematical modeling
methods, analyzing the behavioral dynamics of groups
of humans working toward a common goal as they move
through an unbounded environment remains a chal-
lenge. Here, we define collective goal-seeking as human
actions that aim to achieve personal, social, or occupa-
tional objectives. Many cognitive processes underpin
this behavior, including planning, decision-making, and
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intentionality, distinguishing it from instinctual behav-
iors observed in animal populations, such as food-seek-
ing, migration, or mating. Similarly, we use the terms
“unbounded” or “unconstrained” to refer to a region of
space where there is no clearly defined boundary. In this
paper, we focus on groups of humans working collec-
tively toward a shared objective or goal over a non-spec-
ified area. This includes how individuals within a group
coordinate behavior in response to dynamic environ-
ments, encompassing perception and attention, effective
communication, decision-making, adaptability to new
information or obstacles, and role differentiation, such as
leaders and followers.

For example, during military operations, Soldiers coor-
dinate and direct their actions to monitor their surround-
ings, avoid and react to threats, or occupy a strategic
position. In search and rescue contexts, first responders
coordinate and direct their actions to establish contain-
ment points, search zones, and update search plans as
new information is discovered. Prominent theories of
group cognition, such as Shared Mental Models (SMMs)
(Cannon-Bowers et al., 1993) and Transactive Memory
Systems (TMSs) (Hollingshead, 1998), provide valuable
frameworks for understanding how teams share knowl-
edge, align goals, and distribute cognitive responsibilities.
These frameworks explain the mechanisms that enable
teams to perform effectively, emphasizing how individ-
ual capabilities contribute to collective understanding,
shared expertise (Gevers et al., 2020) and effective leader-
ship (Toader & Martin, 2023).

A more contemporary framework, Interactive Team
Cognition (ITC), suggests that team cognition emerges
from interactions between team members rather than
as an aggregation of individual knowledge and contri-
butions (Cooke et al., 2013). This dynamic view of team
cognition has spurred the need for real-time assessments
of team interactions (Cooke et al., 2023). For example,
Gorman et al. (2020) developed a technique to measure
real-time team cognition by analyzing team communica-
tion, successfully quantifying individual-level contribu-
tions to team adaptation (Gorman et al., 2020). However,
there remains a critical need for approaches that can
unobtrusively and effectively measure team interactions,
particularly in operational contexts.

In military scenarios, such approaches must capture
the dynamic interplay between individual and group
behaviors, especially in unbounded or semi-constrained
environments. Novel methods, such as location-based
metrics and the use of spatiotemporal features, hold
potential to enhance our understanding of cognitive
aspects of group interactions, including training, opera-
tional planning, and the development of predictive tools
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to optimize collective performance (Bloch et al., 2023;
Bustos et al.,, 2021; Giles et al., 2023).

To bridge this gap, we first survey current interdisci-
plinary methods and metrics utilized in sports analytics,
ecology, and human mobility analytics. We then iden-
tify techniques that can be directly applied or serve as
foundation for innovative approaches, with the goal of
creating a comprehensive toolkit to understand and char-
acterize group dynamics using location-based metrics
in naturalistic environments during goal-directed activi-
ties. Next, we describe a set of functions for extracting
and analyzing movement data, including velocity-based,
spatiotemporal, clustering, directional, and movement
regulatory features. Finally, as a motivating example and
our primary use case, we apply our novel methods to the
military domain. Specifically, we focus on the scenario of
a small groups of Soldiers conducting a foot march, often
referred to as a “ruck” march, as part of a larger US Army
research and training exercise.

Approaches in movement ecology

In ecology, researchers have used tracking technologies
(such as radio telemetry and GPS) to monitor human—
wildlife interactions, identify and preserve habitats, and
observe disease spread over relatively unconstrained
areas (Seidel et al., 2018). Many metrics and methods
developed from these foundational ecological appli-
cations can translate to understanding individual and
group-level human dynamics. First, methods derived
from path-level movement analysis, such as step-length
or turning angle, can serve to characterize how humans
move through unconstrained environments (Calenge
et al,, 2009). Beyond primary characterization, secondary
statistics, such as net squared displacement (NSD) (Bun-
nefeld et al,, 2011), can identify behavioral or functional
collective states, such as migratory vs. sedentary behav-
ior or resting vs. foraging (Bastille-Rousseau et al., 2016).
Primary and secondary measures of individual move-
ment provide the foundation of location-based analysis
and are critical for understanding group dynamics.

A set of related methods focuses on segmenting move-
ment patterns to pinpoint shifts in behavioral states. Path
segmentation techniques, such as behavioral change
point analysis, often use time-series analysis to identify
shifts in movement patterns that relate to state changes
due to varying environmental conditions (Gurarie et al.,
2009, 2016). With respect to human movement, change
point detection approaches (Cheng et al., 2020) offer a
means to classify changes in movement, such as rucking
in a fatigued or injured state.

Another analytical approach concerns the study of
group dynamics and how individuals influence collective
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behavior. In bird flocking research, directional correlation
function analyses have been used to define hierarchically
organized movement and identify leader—follower inter-
actions (Nagy et al., 2010). This approach models how a
leader’s movement influences group behavior with a pre-
dictable time delay. By incorporating cognitive aspects
such as decision-making, situational awareness, and
communication, similar approaches can inform human
interactions within collectives to better characterize
complex group dynamics and emergent organizational
structure during coordinated action. Understanding the
cognitive processes behind these interactions is of great
utility to team sports and military applications where a
hierarchical command structure is strictly enforced, as
it allows for the optimization of strategies based on how
individuals perceive, process, and react to information
within the group.

While we focus here on GPS for tracking movement
over the spatial and temporal scale, it should be noted
that many other sources and types of data are lever-
aged in animal movement ecology. For example, ecology
researchers can use accelerometry to measure activity
levels and behavior transitions, Argos tags and satel-
lite telemetry to track long-distance migration patterns
(Hoenner et al., 2012), network analysis to understand
the flocking and herding behavior of animal groups
(Farine & Whitehead, 2015), agent-based modeling to
simulate movement and develop and validate models
(Tang & Bennett, 2010), and environmental deoxyribo-
nucleic acid (DNA) to study long-term movement pat-
terns from genetic traces of animals (Thomsen et al,
2012). Each technique carries its own set of advantages
and disadvantages based on the temporal and spatial
extent of tracking needs. However, for understanding
human group dynamics during collective action, GPS
stands out for its low cost, reliability, and ease of use.

Approaches in sports analytics
Like in ecology, location-based metrics are a power-
ful tool for analyzing athlete and team performance.
When focusing on individual athletes, these metrics offer
insights into training and competition loads and aid in the
mitigation of injury risks (Halson, 2014; Vanrenterghem
et al.,, 2017). Similar to movement ecology, primary and
secondary GPS features can be used to develop behav-
ioral classifiers, enabling tasks such as injury forecasting
(Rossi et al., 2018), tactical performance analysis (Folgado
et al,, 2018), training recommendations (Torres-Ronda
et al., 2022), and group cognition, leadership, and team
organization (Gorman et al, 2020; Toader & Martin,
2023; Zhang et al., 2023).

Of course, individual athletes are often members of
teams. Thus, there is great interest in understanding how
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groups of athletes collectively interact and perform. Team
performance metric categories include team centrality,
synchrony, and player—player interactions (Folgado et al.,
2014; Frencken et al., 2011; Silva et al., 2014). Measures
of centrality analyze the centroid or mean lateral and
longitudinal position of groups of players, such as those
of offensive and defensive players of opposing soccer
teams. Analyzing the movement of individual players in
relationship to the group’s geometrical center provides
valuable insight into individual (Silva et al., 2014) and
group-level contributions to tactical behavior (Folgado
et al., 2014; Frencken et al., 2011). Similarly, stretch index,
or the moving average distance of individual players to
the group centroid, can measure sports team dynamics
at discrete time points driven by between-player interac-
tions, such as during ball passes or communication (Fol-
gado et al.,, 2014; Frencken et al., 2011). In an operational
or military context, stretch index, or total area, may pro-
vide valuable information reflecting tactical readiness
or vulnerability to attack. The total spread, or distance,
between team members could impact response to enemy
contact by influencing communication and situational
awareness.

Inter-individual coordination and team dynamic met-
rics can also capture emergent tactical behaviors within
groups of players. For example, characterizing network
interactions between soccer players using approximate
entropy reveals patterns of tactical behavior, thereby
highlighting how individual player performance contrib-
utes to overall team effectiveness (Gongalves et al., 2017a,
2017b). Notably, tactical behavior and team synchroniza-
tion are influenced by the size of the playing field, where
smaller, more restrictive playing fields are associated
with reduced synchronization among individuals (Gon-
calves et al., 2017a, 2017b; Gongalves et al., 2017a, 2017b;
Olthof et al., 2018). This suggests that such approaches
for analyzing group dynamics may not directly translate
to scenarios where the environmental bounds are uncon-
strained or unknown. Instead, methods borrowed from
movement ecology may be more appropriate.

Lastly, complementary approaches can provide deeper
understanding of athlete performance and team dynam-
ics in sports. Biomechanical analysis tools and tech-
niques, including motion capture, force plates, and
wearable sensors, provide rich insights into athlete
movements and technique, aiding in injury prevention
and performance optimization (Robles-Palazén et al,
2023; Ye et al.,, 2020). Video analysis, coupled with com-
puter vision algorithms, offers a comprehensive view of
game events, tactics, and player interactions, enabling
strategic planning and tactical adjustments (Low et al.,
2020). Machine learning and predictive analytics lever-
age large datasets to forecast outcomes and optimize
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strategies, while physiological monitoring systems track
athlete exertion and recovery, guiding training programs.
Furthermore, measuring group cognition can also pro-
vide dynamic insights to understand performance and
team dynamics beyond individual metrics. For example,
assessing abilities to rapidly and effectively coordinate
behavior, like communication (Gorman et al., 2020),
and decision-making (Cannon-Bowers et al., 1993) in
response to changing situational demands are indicators
of team effectiveness. These approaches, independently
and combined with GPS-based metrics, provide com-
plementary insights into athlete and team performance,
informing decision-making and ultimately driving athlete
and team success. For example, location-based metrics
may reflect adaptability and decision-making by quanti-
fying how individuals adjust to group needs in dynamic
environments.

Characterizing goal-oriented movement in unconstrained
space

While many methods from ecology and sports analytics
are relevant at first glance, such as those used in the anal-
ysis of pack and flock movement, this prior work explic-
itly or implicitly incorporates bounds, such as playing
field boundaries in a sports and habitats and/or encamp-
ment areas in ecology. Thus, these current methods are
not equipped for spatial analysis of moving groups, espe-
cially when traveling along an unbounded path.

To address this issue, prior research has applied spatial
transformations that incorporate the location and head-
ing direction of the group’s centroid (Andrienko et al,
2013). This method is adequate if the group is moving
in a straight line but may become inaccurate if there are
significant turns along the path. Group members in the
front or back may pass a turn in the path before or after
the centroid. The further in front or behind the centroid
an individual is, the more inaccurate the spatial transfor-
mation of their position will be. We extend this analytic
approach by introducing a method that incorporates the
trajectory of the group’s centroid into the spatial trans-
formation. This allows for an accurate spatial transfor-
mation with respect to the group’s path, rather than the
heading direction of the centroid. We term this meth-
odology the Path-Adapted Coordinate System (PACS).
By providing a heading-independent coordinate system,
this novel spatial transformation enables the application
of many sports analytics methods to coordinate group
movement in unconstrained or semi-constrained spaces,
especially when the group is spread out along a path,
such as cycling teams navigating among each other.

Below we describe a toolkit of motion features that
both draws on the state of the art in this field and extends
it to address unique challenges arising when considering
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group motion in unbounded domains. To evaluate the
effectiveness of the features discussed in this paper, we
investigate their ability to predict group-level perfor-
mance during a simulated force-on-force battle drill, a
training exercise where military units engage in simu-
lated combat in a controlled environment, based on
prior group movement during the ruck march. Overall,
this research contributes to the expanding field of loca-
tion-based analytics to non-traditional domains, such as
small unit military tactics, first responders, or robotic
swarms. By quantifying movement patterns and group
interactions, this study provides a robust framework for
analyzing and understanding the cognitive underpin-
nings of collective behavior in naturalistic settings. Our
toolkit, Feature Learning for Organized Collective Kinet-
ics (FLOCK), provides a comprehensive set of movement
and group behavior metrics to further understand col-
lective movement and the impact of individual contribu-
tions to group behavior and other emergent properties.
The package can be found on GitHub at https://github.
com/Tufts-University/FLOCK.

Methods

Participants

Participants included 70 active-duty members of the US
Army between the ages of 18 and 23 years (all male).
Written informed consent was obtained, and the US
Army Combat Capabilities Development Command
Armaments Center Institutional Review Board and the
Army Human Research Protections Office approved all
procedures.

Data collection

Ruck march

Nine groups of participants, each comprised of six to
nine members, participated in a 7-mile foot march (“ruck
march”) across level terrain as part of a larger outdoor
research activity managed by the US Army DEVCOM
Soldier Center (Natick, MA, USA). Participants carried
standard-issue military gear including a load carrier vest,
rucksack, and rifle, with an average weight load of 87 Ibs.
A single designated leader (i.e., squad leader) guided the
group’s movement and scheduled breaks, consistent with
US Army doctrine (Department of the Army, 2022). GPS
data were collected from each Soldier with a body-worn
Polar Team Pro tracking system (Polar Electro Inc., Beth-
page, NY). The Polar Team Pro includes GPS coordinates
sampled at 10 Hz, tri-axial accelerometer, gyroscope, and
magnetometer data, sampled at 200 Hz, and heart rate.
Only GPS data were processed for this study.
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Situational Training Exercise (STX)

Within 24 h of completing the ruck march, the same
groups participated in a simulated force-on-force Situa-
tional Training Exercise (STX). The STX required groups
to execute a “Squad Assault/Attack” battle drill (Battle
Drill 2A), which involves a movement through forested
terrain until engagement with an enemy force (Depart-
ment of the Army, 2016). During the battle drills, groups
were evaluated by four military subject matter experts
(i.e., observer—controllers (OCs)). The OCs observed and
rated Soldiers’ performance on all events and activities
against standardized procedures and task steps, including
moving toward the objective while maintaining security,
establishing an assault position, initiating and advancing
on the enemy, clearing the objective, consolidating and
reorganizing, and reporting the mission status to higher
command.

Data preprocessing and feature extraction

Preprocessing

GPS data used for this study were acquired as *.GPX
(GPS eXchange Format) and converted to CSV (comma
separated value) with one data point per row. Each data
point is from one individual and includes a time, an iden-
tification label, and geographic coordinates (latitude and
longitude) or Universal Transverse Mercator (UTM)
coordinates. Using UTM coordinates, we represented
data as meters (m) along northing and easting axes rather
than degrees of latitude and longitude to minimize dis-
tortions in distance and area calculations since the Earth
is not a perfect sphere.

Smoothing and interpolation

GPS data have been shown to be accurate and reliable
for measuring movement patterns in sports within con-
fined areas (Duffield et al., 2010). However, during an
open activity where the GPS device may experience some
interference from tree canopy or buildings (i.e., urban
canyons), more preprocessing is needed to smooth noisy
datapoints and infer missing datapoints. The FLOCK
toolkit includes functions for spline smoothing as it is
the most common method for GPS smoothing across
industries and can also be used for interpolating miss-
ing datapoints (Early & Sykulski, 2020; Linke et al., 2018;
Ravankar et al., 2018). Moreover, data smoothing has
a significant impact on feature extraction, particularly
velocity-based features, and thus, different algorithms
can have varying impacts on the resulting metrics. See
Appendix for more details on preprocessing methods.
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Rest detection

The features discussed in this paper are all related to
group movement. To remove epochs without movement
(i.e., breaks, rest periods) and thus facilitate movement-
related feature extraction, we first segmented time peri-
ods when the group was in motion by identifying break
periods using the stop detection feature from the Mov-
ingPandas Python package (Graser, 2019). The criteria
for identifying a break or rest period may vary depend-
ing on the context of the data. If there are no breaks in
the movement activity, the break detection function will
split the dataset in half, allowing for feature extraction
where multiple movement periods must be compared,
such as consistency features. In human movement data,
such as a loaded ruck march, breaks should be identified
when an individual stays within a 100 m? area for at least
120 s (s). This criterion suggests that breaks occur when
the average speed is below 0.833 m/s, which aligns with
literature on human movement. In a systematic review
by (Murtagh et al., 2021), outdoor walking speed for
humans was reported to be around 0.82 m/s for a very
slow stroll. Therefore, parameters in the MovingPandas
package were tailored to reflect these real-world data.

To identify rest periods on a group level, we first find
rest periods for each individual separately. Once we
have those individual rest periods, we identify overlap-
ping segments that include all members of the group and
combine them into a group rest period, where the earli-
est start time is the beginning of the break and the latest
is the end of the break. This new group-level rest period
represents the time that the first individual arrives to
the break area to the time the last individual leaves the
area (note that these are typically different individuals).
Using the group-level break times, we extract the time in
between as "movement periods.” We further refine these
periods by trimming 30 s from either side, ensuring that
we are excluding transition periods between movement
and rest states.

Path-Adapted Coordinate System (PACS)

Common metrics used in sports analytics have been gen-
erally developed within constrained environments and
with a set "heading" direction, usually two teams facing
one another (e.g., playing fields, courts). Consequently, it
is necessary to first project GPS location data to a space
such that the heading direction of the group remains
constant to leverage these metrics. Current methods
include centroid-based transformations, such setting
the centroid as the origin (0,0) and using the immediate
heading direction of the centroid as the group’s head-
ing direction for each timepoint. This method works if
the group is very close together or if the group is mov-
ing in a straight line. Real-life group movement scenarios
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rarely consist of a straight path or a tight-knit group. As
we demonstrate, artifacts arise in the transformed data
from this method as the centroid path encounters a turn
before or after some group members reach the turn. If a
group member is behind the centroid when they make a
turn, that group member’s transformed location will be
shifted in the opposite direction of the turn, resulting in
an inaccurate quantification of their position relative to
the rest of the group.

To mitigate the prevalence of these transformation
artifacts, we introduce the Path-Adapted Coordinated
System (PACS), a novel method for transforming 2D
location data from group movement into a path-based
coordinate system. Instead of using the immediate
heading direction of the centroid at each timepoint, we
use the full path of the centroid to transform the coor-
dinates. Here the y-axis denotes movement along the
group’s path (+y forward, —y backward) and the x-axis
denotes movement to the left or right orthogonal to the
group’s forward direction. We apply this transformation
to each movement period separately. We use the cen-
troid location over time to define the path of the group,
but it should be noted that this method can be used with
a pre-determined path, such a road or a racing line. The
smoothed path of the group is established by fitting a
B-spline to the centroid locations (or route coordinates).
Once the smooth path is established, we compute each
member’s location along the group path as well as lateral
distance from the path. To do this, we find the nearest
point on the spline for each participant at every time-
point, as well as the nearest point to the centroid on the
spline for each timepoint. The PACS-y coordinate is the
distance along the spline from the centroid’s spline loca-
tion to each participant’s spine location. A positive y
value indicates being ahead of the group’s centroid, and

negative value indicates being behind the centroid. The
PACS-x coordinate is the distance from the participant
to the spline, with -x indicating the participant is to the
left of the path, and + x indicating the participant is to the
right of the path. Figure 1 depicts this process applied to
Fig. 1 raw UTM locations of a group of team members
and the resulting PACS-transformed locations.

PACS transforming the location data forces the two-
dimensional location signal to be relative to the group’s
instantaneous location and path heading. This allows the
application of other spatial metrics such as entropy. The
PACS transformation creates a dynamic "playing field"
which allows the extension of common field-related met-
rics to other path-following sports. Potential applications
of this technique include racing sports such as running,
cycling, sailing, motorsports, and more. This transforma-
tion enables the application of many common metrics in
sports analytics and ecology, such as individual’s Spatial
Exploration Index (SEI) within the group, the length /
width ratio of the group, and the entropy of everyone’s
location within the group over time. We also introduce
some novel metrics, such as the consistency of individu-
al’s locations within the group across different time peri-
ods. These features are described further in Sect. 4.4.2.

As noted above, current methods for transforming
group movement data rely on the centroid and the cen-
troid’s immediate heading direction, not considering
the future and past path of the group/centroid. These
transformations cause artifacts in the transformed data,
which may in turn cause features extracted from the
transformed data to be inaccurate. As an example, con-
sider a case where a group member is located behind
the rest of the group (see Fig. 2). When the group begins
to round a turn, the centroid direction starts to change
before this member has reached the turn, thus resulting

UTM coordinates PACS coordinates PACS coordinates over 200 s

meters (m)

15 -0 -5 0

meters (m)

Fig. 1 PACS visualization: The left figure (UTM Coordinates) shows raw UTM data from one group of team members at one timepoint. The line
represents the smoothed path, calculated from centroid positions over time. The middle figure (PACS coordinates) shows the PACS locations
of the same group of team members at the same timepoint. The right figure (PACS coordinates over 200 s) shows PACS locations for the group
of team members during one movement period of 200 s, with marginal distributions plotted as histograms
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in an artificial, and drastic “swing” in that member’s
transformed location. The size of this swinging effect is
directly related to how far away the individual is from
the rest of the group. This artificial motion in the trans-
formed data will affect features such as the Spatial Explo-
ration Index, the length to width ratio, the within-group
entropy of the individual as well as the consistency of
their group placement across movement periods. Such
artifacts would not arise if the group stood abreast such
that that they are always facing the group’s heading direc-
tion, however this is hardly the case in real-world move-
ment scenarios. We developed PACS to mitigate these
artifacts. When directly comparing initial centroid-based
transformation and PACS (see Fig. 2), Fig. 2 "swinging”
artifacts arise from a group member lagging behind the
centroid at a turn. Importantly, the average intra-group
location entropy from the group during these 30 s of data
is ~30% higher in the centroid-based coordinate system.

Feature details

We employ a comprehensive set of features to charac-
terize time-series movement data, encompassing both
individual and group behavior (see Table 1). Individual-
level features can be generalized to group-level features
through averaging. Feature values over time can be used
to calculate associated entropy values from normalized
histograms. Furthermore, examining feature consist-
ency across different movement periods offers valuable
insights into the group’s behavior over time. Here, we
describe each feature that was applied to the dataset. A
full list of features, descriptions, and feature categories is
found in Table 1.
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Velocity-based features

Velocity-based features include the average velocity for a
participant during each movement period and the vari-
ance in velocity magnitude across group members at each
timepoint. Acceleration is an important feature that can
be very useful in characterizing different movements and
even physical load. However, GPS data lack the accuracy
required to characterize acceleration precisely. Some soc-
cer studies couple other modalities with GPS to capture
acceleration dynamics (Pons et al.,, 2021) such as video
analysis (Cuevas et al.,, 2020) or a radio-frequency-based
local position measurement (LPM) system (Frencken
et al., 2010). Because we are limited to GPS recordings,
we only focus on features from the velocity calculation,
such as average velocity, maximum velocity, and the vari-
ance of velocity across team members at any given time-
point. Features related to velocities across team members
at each timepoint are extracted as well, such as the differ-
ence between the fastest and slowest team members, as
well as the variance of all the participant velocities at each
timepoint. These time-series features can be averaged for
each participant and each group, and the entropy of each
feature, calculated over time for each individual, can also
be extracted.

Spatiotemporal features

Spatiotemporal features are important in characterizing
tactical behavior in sports (Goes et al., 2021) as well as
group dynamics in ecology (Seidel et al,, 2018). Com-
mon spatiotemporal features in soccer include group dis-
tancing metrics such as the team spread and the convex
hull area (Moura et al., 2013), which measures the sur-
face area of the smallest convex shape that encloses all
group member locations. Another common feature is
the Stretch Index, which measures the team spread by

Path-Adapted Coordinate

Starting Timepoint 15's of Data Coordinate System System (PACS)
E 4 B o

A

;

L] l.‘...’

) 0 2 0 0 4

Fig. 2 PACS sample scenario: The leftmost figure shows the starting position on a map of all group members. Note that one group member
is approximately 60 m behind the rest of the group. The second image from the left shows 30 s of that group’s individual location data

while the group encounters a right turn. The third image from the left shows the centroid and heading direction-based transformation. Along
the top and right edges, we plot smoothed histogram of everyone's coordinates. The group member behind the rest of the group shows

an inaccurate location within the group yielding an artificially broad histogram across the top edge. In the rightmost figure, the individual's
locations are shown in the Path-Adapted Coordinate System where the “swinging” artifact is not present
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Table 1 Group dynamics feature sets
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Feature type Feature

Brief description

Velocity based Max, mean, and variance of velocity magnitude
Max & mean acceleration magnitude
Velocity difference between team members *

Spatiotemporal Stretch index*

Convex hull*—Max, min, mean, var

Voronoi spaces*—Mean, var

Length/width ratio*
Spatial exploration index

Clustering Time as outliers

Number of outliers

Cluster consistency

Membership confidence (HDBSCAN)
Nearest neighbor*

Leadership Directional correlation time delay

Highly Correlated Segments (HCS)
Leadership instability

Movement Regularity Entropy of PACS locations

Error from Vector auto-regression model

Error from Vector auto-regression model
with exogenous variables

Entropy of kinematic variables
Distribution regularity across movement periods

Average, maximum, and variance of individual's velocities during movement
Average and maximum acceleration of individuals during movement
Difference between individual’s velocities within the group

Average distance of all individuals to the group’s centroid (Folgado et al.,
2018)

Convex hull surface area size during movement periods (Moura et al., 2013)

Voronoi space that individuals occupy within the convex hull during move-
ment (Rein et al,, 2016)

Length is the Y range of the PACS coordinates and width is the X range
Quantifies the distance the individual moves from their PACS position cen-
troid during movement (Coutinho et al,, 2018; Goncalves et al, 20173, 2017b)
The amount of time anyone is an outlier (separated from group) dur-

ing movement

The number of individuals that become outliers at any point during a move-
ment period

Quantifying how consistent the identified cluster members are dur-

ing a movement period

The membership confidence, which relates to the density of the cluster

and an individual's distance to that cluster

The nearest neighbor for all individuals. Calculated in Euclidean distance

as well as in the PACS X-direction and Y-direction

Used as a leadership score. The time that it takes for an individual’s move-
ment direction to influence a neighbor’s movement direction (Nagy et al,,
2010). A positive score means leading while a negative score means follow-

ing
The ratio of time that an individual’s direction is highly correlated with their
neighbors

The instability of the Directional Correlation Time Delay (Leadership Score)
graphs over different movement periods

The spread of an individual’s PACS location over a movement period

The error from a model that predicts future movement from past movement
patterns

The error from a model that predicts future movement from past movement
patterns, with other individual's movement in the model

The spread of kinematic variables over time during movement (26, 52-54)

Comparing the distribution on an individual’s PACS locations during move-
ment

" Indicates that the feature results in a time-series and has an associated entropy. These features are averaged over the entire event

finding the distance of each Soldier to the team’s center
(centroid) (Folgado et al., 2014). Voronoi diagrams par-
tition a space into areas that surround a set of points;
these areas can be used in sports analysis to separate
the field into player-dominated areas (Rein et al., 2016).
Many group movement activities, such as team members
completing a loaded ruck, do not involve a strict "field"
boundary. Therefore, to apply the Voronoi space analysis,
we combine it with the convex hull boundary to create an
area that each participant "dominates” within the group’s
covered area at each point in time. This can provide
information not only on how much distance is between
team members, but also how that space is spread out
between each member. If the team members are spaced

out evenly in the convex hull, they are expected to have
Voronoi spaces of similar size. However, if there is
uneven spread within the group (i.e., one pair is close
together and another is far apart), then the variance of
"dominated" space within the group should increase. The
average size of each participant’s Voronoi space within
the convex hull as well as the coefficient of variation in
the space over time is used as features. A visual example
of centroid distances, a convex hull, and Voronoi spaces
from a group at one timepoint are shown in Fig. 3.

From PACS-transformed data, we can obtain features
common in sports and ecology that require a "stationary”
group and a known heading direction. These include an
individual’s Spatial Exploration Index within the group
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(Coutinho et al., 2018; Gongalves et al., 2017a, 2017b),
the length / width ratio of the group, and the entropy of
individual’s locations within the group over time. Gon-
calves et al. introduced the Spatial Exploration Index
(SEI) in a soccer context as the average distance of each
player to their own average location (individual cen-
troid). The SEI of individuals is used in soccer (Coutinho
et al., 2018; Gongalves et al., 2017a, 2017b) and basket-
ball analytics (Arede et al., 2021). We compute SEI using
the team members’ PACS locations to characterize their
intra-group movement. Specifically, we quantify individ-
ual differences in SEI (Ramdas et al., 2015) by computing
F-statistics and the Wasserstein distances between pairs
of normalized distributions in the PACS-x and PACS-y
axes for each individual. These metrics are then averaged
over movement periods to obtain individual-level fea-
tures. The individual-level metrics can also be averaged
over the group members to yield a group-wide feature.

Clustering features

Clustering is an essential part of sports analysis and
movement ecology. Clustering methods and distance
thresholds vary depending on the specific application.
Here, we employ a density-based clustering method
(DBSCAN) (Ester et al., 1996) and a hierarchical den-
sity-based clustering method (HDBSCAN) (Mclnnes &
Healy, 2017) for identifying groups of individuals at each
point in time. These robust clustering methods are cho-
sen because they are density based, which means inclu-
sion of points in a cluster is dependent on the density
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of the clusters or the compactness of neighboring data
points within a dataset.

These methods require a minimum cluster size and
distance threshold to be set. The minimum cluster size
decides how many members create a cluster while the
distance threshold decides how close two clusters should
be before they are merged into one. An outlier is defined
as a group member(s) who is above the distance thresh-
old from the nearest group. When the minimum cluster
size is set to two, we consider only individual members to
be outliers. However, if the minimum cluster size is set to
be larger, even groups of two or more can be considered
outliers. More than one set of parameters can be applied
to extract a collection of clustering features and create a
more robust feature set. These parameters should be cho-
sen based on the dataset at hand and more than one set
of parameters for a more robust feature set.

From these clustering methods, we can extract group
metrics such as how many cluster outliers there are, how
long these outliers stay separated from clusters, and how
consistent cluster memberships are over time. HDB-
SCAN provides an additional membership confidence
metric, which is based on how distant each of the cluster
members are in comparison with the density of the clus-
ter. Individual metrics can also be extracted, such as the
amount of time one spends as an outlier and the average
cluster membership confidence over time. Spatial fea-
tures can be further refined by implementing clustering
methods to identify sub-groups before extracting the spa-
tial features. We do not provide functions for assessing

meters (m)

@ Group members
Il Group centroid
= = = Distance to centroid
—— Convex hull
Voronoi spaces

-4 4

_6_
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Fig. 3 Spatiotemporal features at a single timepoint. Distance of each group member to the centroid, in meters with Voronoi spaces

or the "dominated area" of each group member
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sub-group dynamics and assume groups are never fully
separated; however, this is important to consider in appli-
cable scenarios such as a group that splits up to complete
separate tasks.

Directional leadership features

The influence of individuals within groups is another
important aspect of coordinated team movement that
can define and characterize leadership hierarchy and col-
lective decision-making. Nagy et al. (2010), introduced a
directional correlation method for finding the time delay
of directional influence between pigeons in a flock (Nagy
et al., 2010). For pairs of birds, they find the correlation
between movement directions for different time lags and
select the lag (time delay) where there is maximum cor-
relation. From here, they construct a leader—follower
hierarchical network where a more positive time delay
suggests that others are influenced by the direction of an
individual, and a more negative time delay suggests that
the individual is influenced by other members’ move-
ment direction. A value can be set for each pairwise
relationship as well, quantifying the directional influ-
ence time delay between two individuals. This method is
also used by Marcelino et al. (2020), in a soccer setting to
find Highly Correlated Segments (HCS) and the ratio of
HCS time to non-HCS time between neighboring team-
mates. For a segment of time to be considered a "highly
correlated segment,” the maximum directional correla-
tion between the two individuals should be above 0.99.
The ratio of HCS time for each pair is the amount of time
spent highly correlated divided by the amount of time
spent in proximity but without highly correlated direc-
tion. HCS provides a metric for characterizing pairwise
relationships within the team as well as between team-
mates and opponents (Marcelino et al., 2020). These met-
rics can be useful in characterizing relationships between
team members and about direction influence within a
group’s movement patterns.

We implement this directional correlation analysis to
rank the group members in terms of intra-team direc-
tional influence. From these inferred leadership hierar-
chies, we derive metrics to determine the effectiveness
of the inferred hierarchy. The hierarchy of the movement
event is represented as a directed graph, like Nagy et al.
where the nodes represent individuals, and the edges
represent the correlational time delay pointing from
leader to follower. Figure 4 depicts an example leader-
ship hierarchy graph from a group during one movement
period. The nodes are organized so that individuals with
a higher average correlational time delay (leaders) are at
the top and individuals with a lower time delay (follow-
ers) are at the bottom. Quality metrics include the ratio
of downward facing influence (leader to follower) and the
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number of loops present in the directed graph (cyclical
influence) (Nagy et al., 2010). The consistency of these
leadership hierarchy graphs is compared across different
movement periods to have a measure of directional lead-
ership stability for each group.

Movement regularity features

Stochastic activity can be quantified to provide informa-
tion about the randomness and complexity of a signal.
Entropy is used to quantify the spatial variability of player
locations during sports matches as well as the variability
of other kinematic variables such as velocity and inter-
player distances (Couceiro et al., 2014; Galeano et al,,
2021; Rico-Gonzélez et al, 2020). An individual’s 2D
spatial variability is usually characterized by the approxi-
mate entropy of their associated normalized histogram.
We extract the approximate entropy from the estimated
2D probability density function of each group member’s
PACS locations. Bin counts and sizes for entropy calcu-
lations can be adjusted to the dataset’s needs but should
remain consistent within the complete dataset. This
ensures that entropy values across individuals and groups
are comparable. For the present human movement data,
we used 1 m? bins with a fixed area of around 100 m?,
similar to the size of a soccer field.

Other applications of Entropy in sports include the
analysis of derived kinematic time-series signals, such as
using the distance between neighbors (Silva et al., 2014),
to get a regularity metric for the positioning relation-
ship of two individuals. Instead of pairwise distances,
we use the nearest neighbor in each PACS dimension (X
and Y) and find the associated entropy. An entropy value
can be extracted from each of the time-series kinematic
variables mentioned previously. This is done by creating a
histogram of the values present in the time-series from a
movement period and then calculating the Approximate
Entropy of the distribution. These entropy values can be
then assigned to individuals or averaged over the group
as a group metric.

Autoregressive modeling has been used to quantify the
predictability and randomness of time-series signals (Jain
et al.,, 2016). We apply vector auto-regression models to
the 2D movement data to quantify the predictability of
some future movement from a window of past move-
ment. We apply a vector autoregressive model (VAR)
which includes only one individual’s data and a vector
autoregressive model with exogenous variables (VARX)
which includes other group member’s movement as
exogenous variables to assess the predictability of that
individual’s movement with respect to other group move-
ment occurring simultaneously. This predictive modeling
is done on a rolling window of 100 samples, where 95 are
used for training and 5 are used for prediction. The size
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Fig. 4 Leadership hierarchy graph from directional correlation time delay analysis. Green nodes indicate a participant is assigned a squad leader
position; blue nodes indicate a participant is assigned one of two team leader positions. The location on the y-axis represents the average
directional correlation time delay for that individual. The edges represent the direction of influence within a pair of individuals, and the edge value

is the magnitude of the directional correlation time delay value for that pair

of the rolling window to assess predictability upon should
be informed by the dataset of interest. The error or resid-
ual from these predictive models is used as a metric to
assess the predictability of a group member’s movement.
The individual metrics are averaged over all group mem-
bers to generate a group metric.

In the present scenario of a loaded ruck march, team
members are expected to be familiar with military doc-
trine. Specific guidelines are laid out in the Army Tech-
niques Publication (ATP) 3-21.18 titled Foot Marches
(Department of the Army, 2022). Some key points in
this guideline for foot marches include recommended
distances between each participant, the speed at which
team members should be moving, and the regularity of
break times. ATP 3-21.18 recommends team members
should be separated by 2—5 m during the day and march
at an approximate speed of 4 km/h (~1 m/s). Moreover,
this guideline recommends that a 15-min break should
be taken after the first 45 min followed by 10-min breaks
taken every 50 min following, with variation in break
timing kept to a minimum. Consequently, we compute

metrics for how closely each of these recommendations
is being followed. From team dispersion metrics, we
calculate the percentage of time that each participant
spends within the recommended distance to a neighbor
(between 2 and 5 m apart). We also calculate the time
between each break period, taken from the break detec-
tion method described previously. The time onset and
duration of the breaks should have little variation, so we
get the standard deviation from both as two additional
metrics. Column length is another important factor dur-
ing road marches, which quantifies how far the group is
spread along the road. We compute this metric from our
PACS location data, finding the largest difference in Y
locations among the team members.

Performance prediction

To evaluate the predictive capacity of the discussed met-
rics, we performed a regression analysis using the STX
scores as the dependent variable and group-level met-
rics from the ruck event as predictors. Given the lim-
ited dataset size (n=16), we employed a leave-one-out
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cross-validation method to estimate model performance.
Feature selection was executed using the TRexSelector
R package (version 0.0.1) (Machkour et al., 2022). The
T-Rex selector is unique in its utilization of dummy vari-
ables to regulate the false discovery rate (FDR), thereby
ensuring that the expected ratio of falsely identified vari-
ables among all selected variables complies with user-
defined specifications. This approach inherently mitigates
spurious correlations by comparing the significance of
real variables against randomly generated dummy vari-
ables. This control is maintained while maximizing the
selection of variables to bolster the true positive rate
(TPR), akin to statistical power (Machkour et al., 2022).
We evaluate the performance of this state-of-the-art fea-
ture selection method with a standard selection method,
least absolute shrinkage, and selection operator (LASSO)
regression using a standard stability metric, the Jaccard
Stability Index (Khaire & Dhanalakshmi, 2022). This
compares the similarity between selected feature sets in
each of the leave-one-out iterations.

To validate the linear regression model, we evalu-
ated normality, linearity, independence of residuals, and
homoscedasticity. Residual normality was confirmed
via a Shapiro—Wilk test (»=0.53) and a near-zero mean
residual value (2.44e—15). Linearity was assessed through
the observed relationships between predictors and the
outcome, which were approximately linear. Residual
independence was confirmed with the Ljung—Box test
(»p=0.087), and the Goldfeld-Quandt test indicated
homoscedasticity (p=0.59). Together, these results con-
firm that linear regression is appropriate for our dataset,
aligning with our aim of interpretable and generalizable
predictor—outcome relationships.

Results

Regression analysis

The group-level metrics derived from the ruck event
were leveraged to characterize and predict future STX
scores. Two types of regression models were con-
structed: explanatory and predictive. Explanatory mod-
eling includes all datapoints while predictive modeling
leaves out some data in order to assess predictability.
Due to the limited number of observations, a leave-one-
out approach was adopted to validate the predictive
power of the features, allowing for maximal training
sample utilization while retaining an untouched sample
for evaluation. Within each leave-one-out iteration, a
linear regression model was fitted from the scikit-learn
library (version 1.4.0) using features selected by the
T-Rex selector. We set the false detection rate (FDR) to
0.05 (5%), which is a common threshold as it limits the
number of false discoveries while maximizing the dis-
covery of true effects. Subsequently, the performance of
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the fitted model was assessed using the left-out datum.
We compare the performance of the T-Rex selector with
a LASSO regression by assessing the similarity of the
selected feature sets from each leave-one-out iteration,
using Jaccard’s Stability Index (Real & Vargas, 1996). A
value close to 0 indicates dissimilar feature sets suggest-
ing instability in the feature selection method. A value
close to 1 indicates similar feature sets suggesting stabil-
ity in the selection method. Our results show the T-Rex
selection method achieves a 0.88 while the LASSO selec-
tion method achieves a 0.38. This quantifies how much
more stable the T-Rex selection method is compared
with LASSO, which is a primary reason we selected the
T-Rex selection method over alternative options.

Explanatory model

The objective of the explanatory modeling phase was to
identify key features from the initial 69 independent vari-
ables. The results, shown on the left side of Fig. 5, display
a plot of the fitted model’s output scores (y-axis) against
the actual scores (x-axis).

The T-Rex feature selection method selected five of the
69 features. These include the "reasomnable pace ratio,"
"velocity difference entropy," "velocity variance," "VAR
error," and "leadership inconsistency."

The "reasonable pace ratio” is the ratio of time spent
moving at a reasonable pace, defined as below 1.7 m/s,
which is classified as a "fast pace” for humans walking
outdoors (Murtagh et al., 2021). This variable has a nega-
tive regression coefficient, indicating that groups who
move quickly for a significant portion of the ruck tend
to perform worse in the STX task compared to those
who maintain a more reasonable pace. Military doctrine
defines a reasonable pace for a dismounted foot march as
approximately 1.3 m/s, a speed that accounts for factors
such as terrain, weather, and the load carry (Department
of the Army, 2022). Although a faster pace might seem
advantageous for covering ground quickly, it often leads
to increased physical strain, negatively impacting a unit’s
operational performance. Maintaining a more deliber-
ate pace allows Soldiers to conserve energy and sustain
group cohesion.

Using these five selected features, we assessed the
model’s performance based on its fit to the training data,
yielding an R-squared value of 0.82, indicating robust
explanatory power. The regression results are shown on
the left panel of Fig. 4.

The "velocity difference entropy” measures the approxi-
mate entropy of the difference between the highest and
lowest velocities of team members at each time point.
This variable has a positive regression coefficient, sug-
gesting that groups with a dynamic range of member
speeds perform better in the STX task. This relationship
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Predictive Modeling Results
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Fig.5 Explanatory and predictive modeling results. The y-axis represents the predicted score while the x-axis represents the real score. Each data
point represents one group. The explanatory results (left) show the training results from including all datapoints (groups) in a regression model. The
predictive results (right) show the performance of the leave-one-out iterations

may reflect military doctrine, wherein Soldiers are
taught to vary individual and unit spacing based on situ-
ational factors such as threat levels, terrain, and visibility
(Department of the Army, 2024). These dynamic adjust-
ments could enhance situational awareness, communica-
tion, and decision-making under operational conditions,
contributing to better performance in the STX task.
Similarly, the "velocity variance” is the average vari-
ance of team members’ velocities over time. This variable
also has a positive regression coefficient, indicating that
groups perform better when members move at varying
speeds during the ruck. In operational scenarios, uniform
velocities among group members may increase vulnera-
bility to attack by making their movement more predicta-
ble and reducing adaptability to threats or environmental
changes. Conversely, varying speeds allow members to
dynamically adjust based on their position or team role.
These variations in velocity may enhance situational
awareness and communication by enabling individuals
to respond to emerging threats or obstacles more effec-
tively. From a cognitive perspective, velocity variance
reflects the group’s ability to coordinate decision-making
and maintain adaptability under dynamic conditions.
Furthermore, the "VAR error" is the average error from
applying a vector autoregressive model on each partici-
pant’s path, which is a measure of movement predict-
ability. This variable has a positive regression coefficient,
suggesting that groups with team members who have less
random movement direction perform the STX better.
While some variability in velocity is tactically advanta-
geous, it remains essential for the unit to move coherently

and in coordination with the group leader. Lower VAR
error reflects greater predictability among team mem-
bers, which facilitates shared situational awareness, com-
munication. Teams with more cohesive and disciplined
movement are better able to maintain and respond effec-
tively to dynamic conditions, directly contributing to
improved performance in the STX task.

Lastly, "leadership inconsistency" is a measure of the
change between the directional leadership hierarchy
between movement periods. More specifically, it is the
average pairwise edit distance between the hierarchy
graph representations from each of the movement peri-
ods. This variable has a positive regression coefficient,
suggesting that groups with a more varying leadership
hierarchy over the movement periods perform the STX
better. This suggests that flexible leadership, where roles
and responsibilities shift as needed, enhances group
performance. For instance, while the squad leader typi-
cally controls unit movement and pace, a Soldier closer
to a point of interest (e.g., broken branches indicating
recent activity) might temporarily assume leadership to
guide the group’s actions. This adaptability reflects a high
level of discipline, trust, and distributed decision-mak-
ing within the unit. By allowing leadership roles to shift
based on situational demands, the group can respond
more effectively to dynamic conditions, demonstrating
cognitive flexibility that directly contributes to mission
success.

In summary, a high-performing group strikes a bal-
ance between maintaining a reasonable pace and exhib-
iting dynamic speed differences among members. They
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also demonstrate variability in speed and leadership
hierarchy, enabling movements that are both predictable
and adaptable to changing conditions. These findings
underscore the importance of adaptability, predictabil-
ity, and cohesion in STX performance, reflecting critical
cognitive processes such as decision-making, situational
awareness, and coordination.

Predictive model

Of the five selected features, four were consistently cho-
sen in every leave-one-out iteration, with one selected in
9 out of 16 iterations. These predictive regression mod-
els yielded an R? value of 0.63, denoting their moderate
effectiveness in accounting for variance in the outcome.
The results from this predictive model are shown on the
right side of Fig. 5, where the y-axis represents the pre-
dicted score and the x-axis represents the real STX score.
Interestingly, the feature exhibiting variability in selec-
tion frequency was "leadership inconsistency," suggesting
its relatively lower importance in predicting group per-
formance compared to the other selected features.

The PACS transformation was applied to enhance spa-
tial feature extraction by incorporating trajectory and
heading information for group movement analysis. To
evaluate its impact, we assessed the model’s performance
with and without features derived from the PACS trans-
formation. The explanatory model yielded an R* value of
0.82 with the PACS-derived feature included, indicating
robust explanatory power. When features derived from
the PACS transformation were excluded, the feature set
remained largely unchanged, except for the absence of
“Vector-Autoregression error (VAR error),” which relied
on the transformation. Notably, “leadership inconsist-
ency” was selected more frequently (10 of 14 iterations
vs. 7 of 14 iterations when “VAR error” was included).
The explanatory model R? decreased slightly to 0.81, and
the predictive model R? dropped from 0.63 to 0.61.

These results suggest that while the PACS transforma-
tion contributes only a modest improvement to model
performance, it represents an important step in the fea-
ture extraction process for spatially complex data. Its
utility is likely to be particularly relevant in future group
movement studies involving dynamic or unconstrained
environments.

These results suggest that the extracted features can
explain and predict the future performance of groups
based on their collective movement in an unconstrained
space. Future confirmatory research on a larger sam-
ple would help validate these findings. However, the
present study’s results demonstrate the validity of our
features and their predictive value for inferring future
performance.
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Discussion

The aim of this study was to develop a comprehensive
toolkit for understanding and characterizing group
dynamics using location-based metrics during goal-
directed activities, particularly focusing on scenarios
involving groups of individuals moving in a relatively
unbounded environment. By adapting methods from
sports analytics and movement ecology, we sought to
identify key features and metrics to predict group-level
performance on a force-on-force battle drill, contributing
to the broader field of location-based analytics and cog-
nitive science. There are four primary outcomes of this
work that contribute to extant research and modeling of
group dynamics.

First, we outlined a systematic approach for identify-
ing periods of movement and rest within-group data,
enabling us to extract meaningful movement-related fea-
tures while excluding breaks or rest periods. This process
reflects cognitive processes such as shared situational
awareness, where the identification and coordination of
movement and rest periods support group cohesion and
energy management. In continuing work, it may be valu-
able to assess group dynamics and cohesion during rests;
for example, periods of time when individuals will cluster
into smaller social groups while eating or drinking. These
emergent behaviors likely reflect implicit communica-
tion, social bonding, and sub-group dynamics, offering
additional insights into cognitive and social processes
within the larger team. We also employed clustering
analysis, leveraging hierarchical density-based clustering
(HDBSCAN), to reveal group separations and facilitate
the identification of outliers and cluster memberships.
These metrics provide insights into the heterogeneity,
cohesion, and organization of the group, informing how
individual roles and responsibilities within the group
emerge and adapt based on collective needs, a hallmark
of effective cognitive coordination.

Second, we introduced the Path-Adapted Coordinate
System (PACS) to provide a novel framework for trans-
forming GPS data into a coordinate system aligned with
the group’s path. This process facilitated extraction of
common sports analytics metrics and analysis of group
dynamics in relation to the group’s overall movement
trajectory. By aligning coordinates with the direction of
group movement, PACS enables the analysis of group
behavior in relation to the terrain and mission objectives,
enhancing the interpretability and utility of the derived
metrics. This approach highlights how external factors,
such as terrain and objectives, shape internal cognitive
processes like decision-making and planning. By align-
ing group behavior with environmental demands, PACS
allows for a deeper understanding of how cognitive and
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contextual factors interact to influence group perfor-
mance. This method may be particularly advantageous
in situations involving the movement of groups along
curvilinear trajectories, including roads, and relating
their behavior in a common and relatively interpretable
analytic framework. Understanding these relationships
can inform strategies to optimize team navigation and
adaptability in complex environments, reflecting the cog-
nitive trade-offs between flexibility and structure.

Third, we detailed a comprehensive set of group
dynamics features that encompassed velocity-based,
spatiotemporal, clustering, directional leadership, and
movement regularity metrics. Together, these features
offer insights in a range of group dynamics that facilitate
a more comprehensive quantification of group behavior
over time. These features capture key cognitive aspects of
group performance, such as adaptability, cohesion, and
shared attention. These metrics shed light on the pacing,
consistency, and adaptability of team members during
ruck marches, highlighting their importance in deter-
mining overall group effectiveness of operational tasks
immediately following the completion of the ruck. Spa-
tiotemporal features, including team spread, convex hull
area, and Voronoi diagrams adapted to the group’s area,
offer valuable perspectives on the tactical behavior and
spatial organization of the group. Such metrics reflect
how cognitive processes like situational awareness, spa-
tial reasoning, and distributed attention are enacted at
the group level, shaping tactical readiness and opera-
tional success.

Fourth, we used a regression-based analysis and dem-
onstrated the ability to leverage selected collective fea-
tures to predict groups’ future performance on a task
qualitatively different from the ruck march. Identify-
ing key features, such as reasonable pace ratio, veloc-
ity dynamics, leadership consistency, and movement
predictability, highlighted variables that contribute in a
generalizable manner to predicting group effectiveness
across tasks and contexts. This result underscores the
cognitive consistency of certain group behaviors, where
adaptability and cohesion persist across varying opera-
tional demands. These findings align with theories of
Shared Mental Models and Interactive Team Cognition,
suggesting that effective teams develop and maintain
shared understanding that supports performance across
diverse scenarios.

Conclusion

Overall, we presented a novel and extensible toolkit for
analyzing group movement dynamics via GPS data, offer-
ing significant contributions to sports analytics, ecol-
ogy, and related fields. The comprehensive feature sets
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calculated by this toolkit enable the extraction of mean-
ingful insights from complex and dynamic human behav-
ior, including relatively holistic understandings of group
behavior. Importantly, we also demonstrate the predic-
tive capacity of these features, underscoring their poten-
tial utility in forecasting group performance across a wide
range of contexts, tasks, and goals. We hope this toolkit
lays a helpful foundation for future research endeavors
aimed at unraveling the complexities of collective human
behavior and cognition.

Appendix
Here we define the math behind the preprocessing and
feature extraction steps.

We define a group movement dataset from a single
movement period as:

Ri(4) = [x()yi(5)]" fori=1,2,...N,
andj=1,2,...,N;
where

N, = number of team members
N; = number of samples
ti=nAT forn=0,1,...,N; — 1

AT = sampling period

Smoothing and interpolation

To deal with erroneous and missing values that are inher-

ent to GPS data, we find the first difference in each dimen-

sion from an individual’s route (R;). We then discard values

where the first difference is greater than the 0.99 quantile.
First difference

dxi(t/) = ‘xi (tj) _xi(t/' - 1)‘

dyi(ty) = i (4) — i — 1)

Dropping points where first difference above 0.99
quartile

A'(t') _ xi(tj), dx; (%) < percentile(dx;(t), 99)
Yi\%) =\ NaN, dx; tj) > percentile(dax;(t), 99)

< percentile(dy;(t), 99
> percentile(dy;(¢), 99

SleN yi(tj); dyl tj
yl(t/) B {NaN, dy; L
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forj=1,2,...,Nyandi=1,2,...N,

To interpolate the missing and discarded timepoints, we
employ a linear interpolation technique.

R (& —1) +xi(t+ 1
x,-(tj) = xl(l ) 295;(] )

where xi(tj) = NaN

y (tj) = yi(tj — 1) ;—yi (ti * 1> where yi(tj) = NaN
forj=1,2,...,N;andi=1,2,...Np

Velocity features

To obtain velocity features, we apply a moving average
filter to smooth the datapoints further before obtaining
the velocity magnitude via Euclidean combination of first
differences.

A Z}/;J;W xi ()
o) =
5i(5) = Z]/::;yi(tk)
JYi\lj) = W

w = window length

forj=1,2,...,N;—w

Euclidean combination from MA-smoothed first

differences

dii(4) = [&:(t) — (5 — 1)

i (4) = 13:(4) — 51 (5 — 1)

Vilh) = /i () + dii (5)°
forj=1,2,...,N;andi =1,2,...N,

Variance of velocity for an individual over the movement
period

S (vily) - Vi)
N, —1

velVar; = fori=1,2,...N,

Velocity variance within squad at each timepoint
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s (Vi) V)

VelVar(t;) =
groupVe ar(,) N, -1
forj=1,2,...N;
Velocity difference within squad
velDiff(t) = max, (Vi(5)) — min, (Vi(5;))

forj=1,2,...N;

Spatiotemporal features
Centroid over time

T
St wi(4) St i (t)

Np Np
forj=1,2,...N;

centroid(tj) =
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