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Abstract

In the present day work culture, challenges in work environments are
complicated, exceeding the cognitive capacity of individuals. Often, the
successful achievement of such challenges is critical, demanding interdepen-
dence with more than one party. Researchers of human factors and science
of teams have shown a great deal of interest especially, to assess and evalu-
ate the performance of teams such as effectiveness, viability, and efficiency.
Conventionally, subjective feedback of collaborating members was used as
a basis for the appraisal of teams. During the last couple of decades, this
area of the domain has witnessed a growing interest in the employment
of wearable and unobtrusive technologies. In this light, physiological and
behavioural recordings (PBR) have been extensively researched to unfold
complex dynamics of team individuals, interactions and task characteristics.
Team studies have demonstrated that these inclusions offer advantages
such as identification of best practices, forecasting potential threats and
prediction of future outcomes. However, the literature survey reveals that
the advancements have slowly progressed such as lacking effective team
task environments, naive integration of PBR-sensors and dyadic-constrained
analyses. This state of research means that current approaches are primitive,
limited support for multimodal study and their compliance with larger
teams (three or more members in a team) are often questionable. Therefore,
this work endeavoured to explore a framework that enables appraisal and
predictive methods that are suitable for larger of individuals working as a
team.

This thesis conducted a selective review of studies utilising PBR to explore
teams, multi-party, group and collaborative problem-solving in the context
of shared space and joint activities. The inputs-processes-outputs framework,
popular among the PBR based team studies was used as a basis to critically
review current experimental procedures, processing methods and their
relationship with theories underlying processes and emergent states of
teams. A paramount objective of the review was to identify whether there
existed any aids to predict team performance outcomes utilising regression,
neural networks and classifier algorithms. In addition, three studies were
performed in the initial exploratory approach to develop an understanding
of synthetic collaborative task settings, PBR and spatial-temporal data
processing algorithms. These studies included a review of feature selection
processes and the performance of unsupervised and supervised clustering
algorithms, a study on using Heart-rate-variability (HRV) of dyads engaged
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in a collaborative task, and the development of deep neural-networks (NN)
for classifying emotions using electroencephalography (EEG).

The primary objective of this thesis was to explore relationships among
task performance, multimodal PBR and subjective feedback in the context
of processes and emergent states of teams. Hence, the knowledge gained
through the review and the exploratory studies were transformed to estab-
lish an empirical team testing framework. The framework comprised of a
novel 3-member cooperative joint activity integrated with four modes of
PBR, i.e., EEG, electrocardiography (ECG), eye-tracking and verbal com-
munication. The embedded system is capable of concurrently acquiring
a total of 12 PBRs (3-members and 4-modalities). Seventeen 3-member
teams attempted 4-trials of the experiment while their multimodal data was
recorded.

This thesis separately analysed data from ECG and eye-tracking, and
ultimately, proposes a method that achieves a fusion of both modalities
which serves as a composite index in the evaluation and analysis of team
performance. First, eye-tracking was analysed and methods to quantify
gaze behaviours such as convergence, co-occurrences and distribution are
introduced in this study. The relationship between gaze behaviours and task
performances were explored using simple linear regression and multivariate
regression. Cross-correlation between linear statistics and performance was
employed to identify features and a back-propagation NN resembling
regression model was achieved.

Second, R-R peaks of ECG was used to establish time-series cognitive
states (CS) of individuals. Then CS of team trials were represented using 7-
level categorical team cognitive states and 5-levels cognitive load compliance
states. The correlation between these levels and performance revealed a
significant effect. Further, in accordance with the theories of visual cognitive
activity and autonomic cognitive activity, a composite index was derived
combining gaze co-occurrence and CS. Due to limited data samples, the
analyses were cross-validated using K-fold validation running 30 different
permutations.

This novel framework enabled exploring multimodality-inspired compos-
ite indices for evaluation and prediction of team performance. The results
provided a solid foundation in the context of the relationship between team
processes, PBR-based compliance indices and gaze behaviour. The validity
of research outcomes could certainly be improved by increasing the number
of data samples.

Future research could focus on enhancing the multimodal capability in-
corporating EEG and verbal communication. The time-series nature of data
certainly encourages the use of recurrent NN for predicting the performance
of teams using the initial phase of task performance data. The in-house
developed task environment encourages the incorporation of predictive
methods for online prediction of team performances.
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1
Introduction

1.1 background

Domains such as health care, defence, emergency response and paramil-
itary pose a complicated working environment. Circumstances such as
unforeseen events, tasks and objectives lacking clarity, time-constrained
decision-making and errors that could endanger lives are pervasive in such
environments [5–8]. Typically, these situations are ambiguous and stressful,
exceeding the cognitive capacity of single individuals [9]. In addition, the
recent technological revolutions have elevated the complexities precluding
individuals from accomplishing tasks. As a counter-strategy, work domains
seek interdependence with more than one individual to address the chal-
lenges [5, 10]. Interdependent tasks include emergency response and safety
critical (ER&SC) settings such as military command and control operations
(example, air traffic control, flying aircraft and operating unmanned-vehicles
(UV)), coordinated health-care activities (example: carrying patients and
surgery), and computer supported collaborative working (CSCW) (example,
remote collaborations to solve complex programming tasks and monitoring
and operation of heavy industrial equipment). Thus, a relationship exists
between contributions of collaborating members, conditions of the task
and the performance outcomes. It is therefore of a vital interest among
human factors researchers to understand the factors that influence levels
of task achievement and aid in the development of indirect methods to
assess and evaluate performances of work teams [11]. Such advancements
are paramount for assessing and enhancement of team training methods
and goals, identifying effective practices of teams, eventually contributing
to advancing team functioning [12, 13].

1.1.1 Team Definitions

This study uses “team” to represent a social context where two or more
individuals are interdependent on each other’s contribution, adaptively
interact, collaborate, coordinate, cooperate and pursue a common interest
towards valued goals [4, 5, 14]. The term “team performance” collectively

1
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represents the behaviours that are observed (a) during the interactivity be-
tween individual members, and (b) while accomplishing their set objectives,
respectively. And the overall team performance outcomes are evaluated in
terms of effectiveness, viability, and efficiency to achieve the goals [4, 15].

1.1.2 Conventional Methods

Retrospectively, team studies and team-training programs analyse sub-
jective ratings to unfold the impact of influential factors in relation to
performance outcome [16–18]. Subjective ratings are collected from team
members, commonly self-reported or observer-reported and aggregated
over the team [3, 19–21]. However, individuals memory (long or short
term) and intent of participation can expose subjective ratings to potential
biases [3, 22, 23]. On the other hand, employing human scrutineers are la-
borious, time-consuming and uneconomical [24], in addition to systematic
biases. As an alternative, recent advancements in sensor technologies have
encouraged the employment of non-invasive and unobtrusive methods to
unfold the relationships between collaborating members physiological and
behavioural activities and task performance [12].

1.1.3 History, Rationale and Fundamental Components of Work-Team
Research

Physiological correlation between interactive dyads was reported as early
as mid-1950s in a study between psychotherapists and patients [25]. One
of the contributing factors for such correlations is the concomitant rela-
tionships that exist between physiological variations and psychological
behaviours [26]. Indeed, Hennings summary of Smith and associates motor
behaviour studies highlights that, in addition to motor activities respon-
sible for sensory control and body locomotion, it directly affects internal
physiological systems such as cardiac and respiratory functioning during
the self-regulatory process of individuals [11]. Thus, forming a dynamic
closed-loop behavioural organisation model where sensory feedback from
internal and external sources due to motor activity collectively inhibits
self-regulation. Accordingly, the context of social interaction evolves an
integrated sensory-motor closed-loop system between participants which
is partly responsible for necessary compromises in personalities via the
joint regulation of individuals internal physiological states. Early socio-
physiological investigations were facilitated by employing polygraphic
recording of physiological activities such as heart rate, skin conductance
and skin temperature [25–28]. Typically, emotion states such as anger, an-
tagonism, stress and joy, and affective states such as neutral, negative and
positive were captured and later used in the analyses. In the following
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years, physiological correlations in social contexts where liking, disliking
and mixed opinions between dyads of small groups [27], and marital satis-
faction between spouses [29] were analysed. These studies contributed to
the 21st-century socio-psychophysiological and behavioural methods for
studying processes of work teams. Hennings (2001), demonstrated comput-
erised adaptation of motor pursuit task to investigate socio-physiological
compliance (SPC), where physiological state variations were analysed via
the skin conductivity, heart rate and respiration measures.

In complement with the methods mentioned above, research on work
teams witnessed the evolution of cooperative tasks to socially engage partic-
ipants. Everyday tasks and activities such as two-handed saw, rowing and
see-saw, to manoeuvring dual-controlled vehicles and airplanes formed the
basis for task designs in early studies [28, 30]. The primary motivation was
to facilitate the investigation of behaviours such as cooperation, leadership,
collaborative problem solving, interaction as well as knowledge transfer
and learning [30–32]. In line with the socio-psychological work-team set-
tings, one of the important goals of team research in human factors was
to counter the complicated and cognitively demanding settings such as
ER&SC environments [33]. In this light, researchers highlighted the need
for an environment that resembles naturalistic problems, and yet offers
control over the experiment and task settings [31]. It was for this purpose,
United States (U.S.) military commissioned the development of a number
of synthetic task environment (STE) [34]. Similar to STEs, stemming from
the concepts of computer-based automated instruction system was the ad-
vanced embedded training system (AETS) [32], developed by U.S. Navy
to train shipboard teams. AETS included simulated naturalistic objectives,
offered real-time monitoring of performances, and structured delivery of
instruction and feedback to trainees. Overall, the aforementioned advance-
ments formed the rationale and essential platform of recent PBR based
team/collaborative research, establishing non-invasive PBR techniques and
STEs as fundamental components of ER&SC.

1.1.4 Physiological, Behavioural and Multimodal

PBR techniques offer advantages such as continuous monitoring, compu-
tational flexibility, long-term record keeping and minimal human inter-
ventions [35, 36]. The continuous data provides better temporal specificity
enabling enhanced statistical analyses. Most recently, the field of computa-
tional intelligence (CI), including concepts such as artificial neural networks,
unsupervised classifiers and forecasting algorithms have been rapidly evolv-
ing. Co-jointly with CI, PBR-based team studies could contribute to mod-
elling predictive algorithms that can forecast future performance outcomes
of team operation [4, 37–40]. In recent years, team research has witnessed a
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steady rise in the number of studies experimenting with a combination of
PBRs (also referred to as multimodal techniques) [41–43].

Aggregates of PBR employing measurement from more than one mode is
referred to as multimodal measurements [44]. It is believed that the natural
reactions of humans involve combinations of physiological activities and
behavioural responses [4]. Multiple modalities thus can capture more than
one response concurrently providing a better representation of an individ-
ual’s experience. Such an approach can aid better deciphering of intricate
interpersonal physiological entrainment between the team members in rela-
tion to team performance [36, 45]. Multimodality can be achieved either by
a combination of physiological and behavioural techniques [45, 46], a com-
bination of two or more physiological techniques [36, 47], or a combination
of two or more behavioural techniques [48].

1.2 ipo framework

With simulated tasks and PBR being the fundamental components of team
studies, effective investigation of research questions requires an equilib-
rium between the two components. In this light, eleven different models or
frameworks that have contributed to team studies were selectively discussed
by Salas et al. from a pool of 134 frameworks [6]. Inspired by the works
of Gladstein (1984) and Tannenbaum et al. (1992) [1, 2], the IPO frame-
work (Figure. 1.1) has been widely accepted among the teamwork research
community [4], especially, in studies that employ the PBR approach [3].
Alternatively, researchers have also used terms such as input-mediator-
output (IMO), since processes act as mediators, as well as, input-mediator-
outcomes-input (IMOI), referring to the cyclic nature of the framework.

Typical IPO framework-based applied research experimental setup can
be composed of at least one PBR technique, a task environment, post-task
questionnaires, analytical methods for data pre-processing and statistical
methods [4, 49–51]. Such an experimental setup is necessary to test and
evaluate team related theoretical hypotheses [52]. The IPO framework can
help identification of factors contributing to the overall performance of a
team [3, 4, 6, 13, 22]. Understanding IPO framework helps to unravel any
interrelationship between the constructs i.e., the inputs, processes and outputs
that concern team performance analysis. Attributes of teams constituted
with in each construct is further elaborated as follows.

1.2.1 Inputs

The inputs to the teams act as a stimulus which generally set the condition
for activating the relevant processes. Team structure and task structure are
primary contributors of the inputs block [3]. The team structure concerns
anatomical information such as the number of members in a team, gender
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Inputs

Composi�on
General: gender, size
Readiness: Knowledge, Skill,  
  A�tudes

Structure
Interdependence,
Task complexity, intensity 
levels and phases,
Synchrony/Asynchrony:  
     spa�al and temporal
Technological influence

Processes

Transi�on
performance reflec�on, task 
analysis and learning, and 
organising

Ac�on
coordinate, verbal and 
non-verbal interac�on, help 
and support, leading, perfor-
mance monitoring

Interpersonal
mo�va�on, building trust, 
conflict management. 

Outputs

Performance outcomes: 
effec�veness, efficacy, 
viability

Performance loads and 
demands:

workload, cogni�ve load, 
sa�sfac�on

Performance development:
learning, skill improvement, 
personality compromise

Emergent 
States

Team Potency
Aggregates of Team Cogni�on: 
shared situa�onal awareness, shared 
mental models, mutual understanding
Team Qauli�es: coopera�on, member 
a�tudes, team values, collabora�on

Figure 1.1: A generalised model of IPO framework inspired by the works of Rosen
et al., Kazi et al., Gladstein (1984) and Tannenbaum et al. [1–4]

composition of a team [53, 54] and team members readiness (knowledge,
skills and attitudes (KSA)) that defines their experience and exposure [52].
The task structure concerns the task activities such as complexity levels,
phases within task episodes, and objectives of task [3].

1.2.2 Processes or Mediators

In the context of teams, often there exists an inter-connectivity between team
member responses referred to as processes. The processes (also referred to as
mediators in some literature) are the fundamental factors that influence the
performance of a team. Marks et al., conceptualises team processes based
on the period of time while a team is involved in a task as well as between
episodes of the task [55]. Accordingly, three different elements contribute to
processes which are listed as (a) Transition process, the period of time occur-
ring between trials which are responsible for teams to reflect, analyse and
organise various aspects pertaining to enhancing goal achievement [56], (b)
Action process constitutes the activities that occur while a trial is in progress
which is responsible for the coordination, resource monitoring, interaction,
communication, and external supporting [56] and (c) Interpersonal, appears
at all times from the moment a team is formed and deployed. It mainly fo-
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cuses on managing interpersonal relationships, responsible for maintaining
harmony, boosting confidence, motivation and emotional balance [56].

1.2.3 Outputs

The outcomes of a team can be observed in their ability to accomplish
task objectives such as effectiveness and efficiency [4]. The outcomes also
represent learning in teams i.e., transformation in team members’ readiness
due to experience gained following completion of task routine. Furthermore,
effectiveness variables such as satisfaction, viability, and load experienced
by team individuals (e.g., workload, cognitive load and temporal load) [3,4]
influence performance.

1.2.4 Emergent States

In addition, as a result of different processes mentioned above, extensive
involvement of team members is reflected in the evolution of newer team
states [55, 57] such as team potency [58], team situational awareness [5],
team stress [59], shared knowledge [10] and the trust, respect and cohesion
between team members. The team states are responsible for defining quali-
ties of a team such as member attitudes, motivations, values, cooperation,
cognition and collaboration that critically define levels of team functioning,
and hence, the performance.

Cognition

Collective team cognition is very critical in defining the overall perfor-
mance of a team. Wildman et al. mentions three different approaches to
perceive team cognition; generic, team knowledge and mental models and,
Situational Awareness (SA) [60].

Affective states

As much as cognition is vital in a team environment, the individuals’
emotions and mood directly impact productivity. In the past, affective states
have been studied intra-individually as well as, a collective phenomenon
[61]. Affect states significantly impact neurodynamic interconnections such
as physiological activations and physiological organisations especially, when
team members are enabled in a trust-building process [62].
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1.3 ramifications for team performance evalua-

tion

The achievement of task objectives using objective scoring could be used
as a reference for team performance evaluation [16, 52]. In this regard, the
following ramifications of team performance evaluations were observed in
the literature.

• Effectiveness and Efficiency of teams to achieve task objectives such as
task completion time [63–65], account of errors accumulated by teams
during a task [63, 65], differences in the quality of final product [66],
teams ability to manage resources during a task [67], and efficiency
in tracking [67] are some of the variables that can differentiate teams
performances.

• Team performance developmental activities and implications such as ex-
ploring the relationship between variations in objective scores across
trials and the evolution of strategies [68, 69]. The amount of practice
required for transforming the level of performance to a different level
(enhancement or decline in performance) [70].

• Expert vs novice teams describe the composition of the team based
on performance levels. Similar terminologies could include experi-
enced vs inexperienced teams [45, 70]. For example, it is of interest
to understand the physiological and behavioural differences between
experts handling a task complexity relative to novices. Time taken to
complete a task was used as a parameter to observe the difference
between elite, intermediate and poorer teams [70]. For the sake of
simplicity, the term superior performers is adopted in this review to
describe experienced [70], elite [63], high-scoring [21], low-error [71],
skilled, good-quality [66] and any terminologies of similar sort.

• Task-conditions, differences in objective scores or any performance
indicator could be used to learn the impact of various task conditions
such as complexities i.e., high-intensity versus low-intensity phases of
task [36, 70, 72].

• Organisation, differences in objective scores or any performance indica-
tor due to differences in the organisation of the team. The influence of
individual attitudes such as homogeneity, heterogeneity, the evolution
of ownership and leadership, and conflict on task performance is
studied in the literature [35, 66, 73].

• Familiarity, performance differences that could be observed between
familiar team members vs non-familiar team members. Some studies
employ this approach to observe performance differences between
pseudo-generated teams against original teams [36].
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• Information Exchange, performance differences observed due to collec-
tive knowledge and skills of the team members, uniqueness towards
exchanging information, collective problem solving and processing
and deciphering information [5, 74].

In the event of multiple performance determining factors, cumulative
scores representing the achievement of objectives are employed in some
studies as task-specific performance scores. These objective scores offer an
excellent platform to compare team performances.

Over the last two decades, the science of teams has gained significant
momentum [75–77] towards understanding the factors that influence the
performance of teams [13].

1.4 current gaps , motivations and objectives

Despite modernised research methods on team performance utilising
computer-simulated tasks and PBR, being practised for over 20 years, the
current technology readiness level for adoption in practical and ecological
settings is underdeveloped. Primarily because some of the current practices
are primitive, lack structured approaches and limited complementary stud-
ies. This thesis broadly seeks to augment the research on team performance
evaluation practices via the proposal of a novel multimodal applied frame-
work. Via incorporating multiple modalities, the primary aim of this thesis
endeavours to identify complementing modalities that could incorporate
the influence of multiple physiological activities, behaviours and responses
for effective evaluation of team performance. This is a problem of complex
integration demanding a consensus between collaborative task settings,
team-task objectives and IPO of teams. The process of realising this aim
starts with the identification of successive gaps in the literature that will
expose the limitations of current practices. The identification of gaps will
help narrow the research motivations to specific areas, ultimately, aiding in
the refinement of objectives of this thesis.

1.4.1 Current Gaps

As introduced in the aforementioned sections and suggested by Kazi et al.
in a recent review [4], advancing the context of PBR teams and collaborative
research demands a transdisciplinary approach. Accordingly, a meticulous
literature survey revealed the following review studies that benefit the
area of research: fundamental methods to improve team performance [13];
relationships between constructs of IPO framework and the importance
of non-invasive and unobtrusive methods in team studies [4]; methods to
utilise autonomic physiological activities to measure team performance [47];
and technologies and methods to measure aggregates of team cognition
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[60]. The survey realised that there are limited reviews that catered to
multimodality aspects of team studies such as data fusion models and team-
level composite indices. Additionally, there is a need for a technological
catch up to list advancements over the last 10 years since Salas’s review [13].

This calls for a survey that critically explores previous practices em-
ployed for analysing and evaluating team performance, to identify the
necessary fundamental components. Specifically, to complement the
continuous nature of spatial-temporal data from technologies captur-
ing the physiological and behavioural activity of team members, there
is a need for a review that identifies the following: (a) mathematical
models to establish team-level objective measures of performance, (b)
simulated tasks that have been used for team performance studies to
avoid any pitfalls in the previous approach and cater to multiple PBR
techniques, (c) hypotheses that relate constructs of IPO with team-level
PBR measures, and (d) how contemporary multimodal research could
be structured. Furthermore, considering that subjective measures are
currently predominant for establishing some form of ground truth
(example: situation awareness global assessment technique [78]), the
literature must incorporate their adaptation in previous studies, in the
light of transitioning towards PBR-based measures.

Several studies are observed in the literature that incorporates multiple
modalities in the investigation of team-related hypothesis. A thorough
investigation reveals that although most studies collect multiple modalities,
only the direct relationship between team-level measure from a single
modality and a team performance aspect [11, 21, 35, 45, 79, 80] has been
explored. This is primarily due to the nature of data which lacks a consensus
between modalities. There is a lack of studies that focuses on merging
information from multiple sources.

Theoretically, the inclusion of additional modality has the potential to
enhance confidence in the relationships between task performance and
PBR-based indirect measures [44]. The promotion of multi-modalities
demands for identification and establishment of complementing grounds
between the modalities.

Team related research is active in social, academic-learning and work set-
tings. There is potential knowledge transferability among the settings such
that findings of one could apply to the other [4]. Relatively, however, the
majority of literature are observed in the context of social interactions and
academic collaborative learning which predominantly investigate interper-
sonal and autonomic physiology. In these settings, aspects of team cognitive
processes that are vital for work-team settings are lightly addressed. As a
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consequence, gaze [21, 81], communication [5] and body-movements be-
haviours [66] that are linked with team cognitive processes have received
less attention. Such limitations are prevalent even in recent studies on group
contexts (excluding dyads), forcing the employment of video-taping of ex-
periment session, which is laborious to process [82,83]. Besides, the majority
of studies have focused on dyadic engagements. Researchers have further
argued whether dyadic settings qualify as a group [84].

In addition, researchers employ off-the-shelf components to prepare nec-
essary team experiments. For example, commercial multi-player games are
used as STEs, PBRs are often collected via separate computer applications,
and paper-based techniques or web-hosted questionnaires are employed
to obtain subjective feedback. However, the coherency of integration is
often either loosely considered or ignored in this domain of research. See
section. 2.6.1 for a detailed discussion on the limitations of team task envi-
ronments used in previous studies.

Efficient addressing of hypotheses demands inter-connectivity among
research questions, collaborative tasks and PBR. For this purpose, IPO
framework suggests the need for a cyclic process to prepare an effective
team task environment [3, 4]. Feedback from outputs serves as a basis for
tuning dynamics of a task (i.e., the inputs) [85] such as complexity levels,
the pace of participant and simulation agents, and length and duration of
tasks. Such a process critically dictates the effectiveness of team hypotheses
investigation.

Albeit, when employing PBR techniques, they must not confound nor
interfere participants engagement with task objectives. For example, breath-
sensor could be confounding [44], and the use of finger-tip based sensors
pose restricted hand movements which can limit operations that concern
mouse or keyboard button-pressing. Similarly, tasks that require projection
on multiple visual displays may require constant neck movement interfering
with desktop-based eye-tracking devices. In recent years, the non-invasive
based trends are further advancing via the employment of multiple modali-
ties to enhance the quality of team research.

Hence, there is reliance on a selection of PBRs that does not interfere
with each other, yet that can capture a broader spectrum of comple-
menting physiological and behavioural data. This calls for a novel
experimental setup that balances integration of multiple modalities,
simulated tasks and still maintains the comfortableness level of partic-
ipants. The task should also be capable of comprehensively engaging
more than two participants enabling compatibility with larger groups.
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1.4.2 Research Motivations

Since Salas’s review, in addition to the number of team-based studies,
much has changed in the space of analysis framework (example, IPO [3]),
mathematical models, technological advancements. The literature and the
cyclic nature of IPO framework further suggests that the interdependence
between the blocks of the framework are contemporary. For example, the
demands of a task, the objectives and participants’ KSA, the interactivity
between team members and the outcomes are interdependent. In this light,
the identified gaps and recent technological advancements are the primary
motivations of this research.

Specifically, via addressing the gaps, this thesis can contribute to the
community in the following ways: The first gap aspires to contribute a
library on fundamental components for analysing and evaluating team
performances. Via addressing this gap, the thesis establishes a solid foun-
dation for contemporary experiment designs aiding in identifying suitable
components in relation to distinct research hypotheses. Such a contribution
also serves for the establishment of effective training programs.

Hence, this research is motivated to compile a rich literature establishing
necessary resources for effective exploration of the influential factors of
team performance.

Technological advancement such as gamification [86] and advancements
in game engines [87], motivates the development of better ways to engage
members as a team. Further, advancements in behavioural recording tech-
niques; for example, eye-tracking [88] and body movement tracking offered
by modern augmented-reality/virtual-reality technologies, physiological
methods that offer enhanced sensors and wireless technologies [89, 90], and
most importantly, the multimodal studies.

Hence, this research is motivated towards the development of an exper-
imental platform combining multi-party cooperative tasks (engaging
more than two members) and methods to acquire multimodal PBR.
Additionally, this seeks to explore multimodal index/indices for an
indirect measure of team performance.

In general, empirical studies based on the principles of IPO team study
framework suggests that relationships between members’ physiological dy-
namics and task outcomes could enable predictive models that could prompt
teams of any adverse outcomes [4]. Additionally, recent advancements in
feature engineering, unsupervised clustering [91], machine learning and
Artificial Neural Network (ANN), and the critical review on team-level
measurements motivates this research to address the lack of complementing
grounds among data from multiple PBR.
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Hence, this study aims to explore the feasibility of employing PBR for
modelling a NN architecture and predictive algorithms for indirect
assessment of team performance.

1.4.3 Research Objectives

• Critically review the current practices to list non-invasive, unobtrusive
and continuous PBR technologies, team-level objective measures of
performance, simulated task settings and their pitfalls, and subjective
feedback mechanism

• Moving beyond dyadic task settings and in line with the cyclic nature
of IPO, this research aims to develop a computer-based simulated
task to engage a minimum of three members in a team. This will be
achieved using the Unity game engine [92].

• Achieve a state-of-the-art experimental platform by combining, the
simulated task and four modes of PBR techniques (i.e., EEG, ECG, eye-
tracking and communication), and a mechanism to obtain feedback
from participants.

• Design of experiment that could efficiently engage participants. The
compliance of the task with IPO enables observation of outcomes,
which in turn helps in adjusting parameters of the task such as inten-
sity and duration to achieve efficient engagement.

• Explore relationships between the PBR measurements and task per-
formance indices to derive team-level measurements and predictive
aids.

1.5 methodology and research design

As will be established in Chapter. 5, ensuring compliance with the princi-
ples of IPO framework, an empirically viable transdisciplinary approach is
adopted to oversee the objectives of this thesis. This allowed the develop-
ment of a novel experimental setup involving a fresh concept of the task
environment that can engage a minimum of three members in a team, PBR
techniques that allow for dynamically acquiring measures from individual
team members [4] and subjective ratings for establishing abstract ground
truth were carefully chosen. Methodologically, irrespective of a top-down
or bottom-up approach, these recordings are considered as lower-level com-
ponents providing inputs only from an individuals’ perspective [4]. As
such, this thesis embarked on an exploration of quantitative relationships
associating individuals physiological measures with influential factors [4].
Ultimately, the data contribute to the exploration of multimodal indices
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that derive from cardiovascular, visual cognitive behaviour, central nervous
system and voice, speech and linguistic features.

1.6 publications

The findings of this research work have been published in several journals
and conferences. The publications include three journal articles (one pub-
lished and two under review) and four conference papers (two published
and two under review).

Publication 1, journal article (Published). Veerabhadrappa, R.,
Ul Hassan, M., Zhang, J. and Bhatti, A., 2020. Compatibility eval-
uation of clustering algorithms for contemporary extracellular
neural spike sorting. Frontiers in systems neuroscience, 14, p.34.
https://doi.org/10.3389/fnsys.2020.00034

The journal Frontiers in systems neuroscience specialises in cognitive and
computational neurosciences. It is one of the highest-ranked journals and
maintains a quartile-1 status in this specialisation. The primary contribution
of this study was to explore unsupervised clustering algorithms for pro-
cessing time-series data. The contributions of this article can be observed in
the preliminary exploration Chapter.

Publication 2, journal article (Under review). Veerabhadrappa,
Rakesh, Imali T. Hettiarachchi, and Asim Bhatti. "Fundamen-
tal Requirements for Contemporary Performance Evaluation of
Emergency-Response and Safety-Critical Teams" (2021). IEEE
Transactions on Human-Machine Systems

Tech-archive online availability: https://www.techrxiv.

org/articles/preprint/Fundamental_Requirements_

for_Contemporary_Performance_Evaluation_of_

Emergency-Response_and_Safety-Critical_Teams/15133923

The journal IEEE Transactions on Human-Machine Systems specialises in
human factors and cognitive ergonomics, signal processing, computer sci-
ence applications, data processing in human-computer interaction systems
and organisation. It is one of the highest-ranked journals and maintains
a quartile-1 status in this specialisation. The primary contribution of this
study was to selectively review the fundamental concepts necessary for the
contemporary experimental study of team performances. The contributions
of this article can be observed in chapter-2 exploration Chapter.

Publication 3, journal article (Under Review). Veerabhadrappa,
Rakesh, Imali T. Hettiarachchi, and Asim Bhatti. "A State-of-
the-art Experimental Platform for Effective Analysis of Team

https://doi.org/10.3389/fnsys.2020.00034
https://www.techrxiv.org/articles/preprint/Fundamental_Requirements_for_Contemporary_Performance_Evaluation_of_Emergency-Response_and_Safety-Critical_Teams/15133923
https://www.techrxiv.org/articles/preprint/Fundamental_Requirements_for_Contemporary_Performance_Evaluation_of_Emergency-Response_and_Safety-Critical_Teams/15133923
https://www.techrxiv.org/articles/preprint/Fundamental_Requirements_for_Contemporary_Performance_Evaluation_of_Emergency-Response_and_Safety-Critical_Teams/15133923
https://www.techrxiv.org/articles/preprint/Fundamental_Requirements_for_Contemporary_Performance_Evaluation_of_Emergency-Response_and_Safety-Critical_Teams/15133923
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Processes" (2021). IEEE Transactions on Systems, Man, and Cyber-
netics: Systems

The journal IEEE Transactions on Human-Machine Systems specialises in
computer science applications, data processing in human-computer interac-
tion and electrical and electronic engineering. It is one of the highest-ranked
journals and maintains a quartile-1 status in this specialisation. The pri-
mary contribution of this study was to demonstrate the capability of the
experimental platform in accordance with IPO framework, participant en-
gagement, participant satisfaction, human-human group experiment design
and multimodal data acquisition. The contributions of this article can be
observed in the chapter-3 experimental platform and team experiment
design.

Publication 4, conference paper (Published)

Veerabhadrappa, R., Hettiarachchi, I.T. and Bhatti, A., 2021,
April. Using Recurrence Quantification Analysis to Quantify
the Physiological Synchrony in Dyadic ECG Data. In 2021 IEEE
International Systems Conference (SysCon) (pp. 1-8). IEEE.

Publication 5, conference paper (Under Review)

Veerabhadrappa, R., Hettiarachchi, I.T. and Bhatti, A., 2021,
April. Gaze Convergence Based Collaborative Performance Pre-
diction in a 3-Member Joint Activity Setting. In 2021 IEEE Inter-
national Systems Conference (SysCon) (pp. 1-8). IEEE.

Publication 6, conference paper (Under Review)

Veerabhadrappa, R., Hettiarachchi, I.T. and Bhatti, A., 2021,
April. Using Eye-tracking To Investigate The Effect of Gaze
Co-occurrence and Distribution on Collaborative Performance
In 2021 IEEE International Systems Conference (SysCon) (pp. 1-8).
IEEE.

The IEEE International Systems Conference (SysCon) comprises of a range
of systems integration, engineering and application concepts. These articles
targeted the sensor integration and applications for team performance
analysis. In particular, the contribution of publication 4 was a preliminary
analysis to understand the effects of HRV to understand the concepts of
physiological synchrony. Publication 5 and 6 describes empirical methods
to observe effects of eye-tracking such as co-occurrence and distribution
of gaze data in team performances. Further, outlines a method to employ
deep neural networks for the prediction of team performance. Details of the
findings and contributions are located in Chapter 6 of this thesis.
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Publication 7, conference paper (Published)

Veerabhadrappa, R., Hettiarachchi, I.T., Algumaei, M. and Bhatti,
A., 2021, October. A Deep Convolutional Neural Network Model
for Classification of Emotions from Electroencephalography
Data. In 2021 IEEE International Conference on Systems, Man,
and Cybernetics (SMC) (pp. 1953-1958). IEEE.

The IEEE International Conference on Systems, Man, and Cybernetics ad-
dresses concepts in system science and engineering, human-machine sys-
tems, and cybernetics. This article targeted the Human Factors area of
Human-Machine Systems. The primary goal of this article was a prelimi-
nary analysis is the use of a deep neural network algorithm to recognise
human emotions using EEG. Details of the findings and contributions are
located in Chapter 6 of this thesis.

1.7 thesis structure

This thesis comprises seven chapters, including this chapter. The remaining
six chapters are organised as follows.

Chapter 2: Critical Review of Fundamental Components for PBR-based Team
Studies is the first contribution of this thesis in the form of a theoretical study
performing a detailed review of related literature. The review aims to collate
information from studies that employ single or multiple PBRs in a team
context. Previous attempts are critically examined to identify mathematical
models, the methodological approach adopted and hypotheses investigated
linking with the type of team performance and team-level aggregation of
PBR data. The study establishes the necessary theory in line with principles
of the IPO enabling applied frameworks for future multimodal research on
team performance and team-based training paradigms.

Chapter 3: Preliminary Study-a represents the first of two preliminary stud-
ies conducted in this thesis via the investigation of SPC in academic com-
puter supported collaborative learning (CSCL) using ECG data. The study
explores RQA with various levels of HRV data as a non-linear approach
to observe physiological compliance between collaborating participants.
The study was used to gain exposure to team research and ECG data,
processing and team-level representation of physiological measurements
and experimental processes.

Chapter 4: Preliminary Study-b represents the second of two preliminary
studies conducted in this thesis via the employment of artificial neural
networks with EEG data for online classification of human emotions. Hu-
man emotions are primary contributors of interpersonal relationships that
significantly impacts team performance. Employing EEG for detection of
emotions using any classical classifiers requires pre-processing, filtering
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and complex feature extraction processes, which are not suitable for online
and real-time applications. This study explores the feasibility of utilising
pre-processed and filtered EEG data with the customised architecture of
a deep neural network. This study provided exposure to a different type
of physiological data, and processing concepts based on artificial neural
networks. This indirectly builds the knowledge to explore early prediction
of team performances using human emotions.

Chapter 5: A Novel Multiparty Collaborative Experimental Framework is one
of the major contributions of this thesis. Having established the necessary
knowledge through the theoretical review and practical applications, this
chapter demonstrates their integration to achieve a novel empirical frame-
work. This chapter establishes the necessary methodology and methods for
the exploration of the research questions. Inspired by previous team task
environments and to augment beyond dyadic settings, a 3-member collabo-
rative task is introduced in this chapter. The chapter introduces computer
applications to integrate tasks with four modes of PBR techniques enabling
multimodal based team studies and a mechanism to collect subjective feed-
back. The chapter outlines the parameters to design team task objectives
that will be employed during the experiment. Experimental procedures and
details regarding ethics approval are included in this chapter. One of the
paramount focuses of this chapter is a detailed evaluation of the framework
in line with the principles of IPO, and its capability to explore collaborative
and team-based hypotheses.

Chapter 6: Analysis-1: The Impact of Gaze Co-occurrence and Distribution is
the first of the three analyses performed with the novel data. This chap-
ter presents an analysis of how co-occurring and distributed events con-
tribute to performance. The Chapter outlines some important steps for
pre-processing the gaze data to augments its usage in a team context. Novel
methods to quantify these events are introduced in the chapter. The analysis
presented here explores the possibility of identifying a suitable operating
radius between team members and its relationship with performance.

Chapter 7: Analysis-2: Employing Gaze Convergence in Neural Networks for
Team Performance Prediction is the second analysis of the novel data. Teams
engaged in desktop-based collaborative problem solving has been increas-
ing in recent years. The reliance on gaze-based measures on performance
was established in the previous chapter. Translating such observations via
meaningful representation using appropriate features can aid in modelling
predictive aids. This chapter endeavoured to use gaze convergence indices
to model a simple neural network algorithm to predict performance. Linear
statistics of Euclidean distance between pairs of team members gaze is
explored to quantify gaze convergence. Relationships between gaze conver-
gence and performance were analysed and suitable features were selected
for modelling the neural network.



1.7 thesis structure 17

Chapter 8: Analysis-3: Multimodal Index and Effects of Team Cognitive Ac-
tivity is the third analysis and another novel contribution of this thesis.
This chapter explored markers of cognitive activity and collaborative ac-
tivities in the context of three-member task which is highly demanded in
education, ER&SC domains. To this end, previous chapters explored rela-
tionships between single-mode PBR based measures and team performance.
Continuous data from cardiovascular activity HRV, neural brain activity
(EEG) and eye-movements (gaze fixations, co-occurrence, distribution and
convergence) were investigated. The multimodal analysis presented in this
chapter attempts to merge measures from cardiovascular and gaze activity
to investigate the influence of cognitive load states from Autonomic nervous
system (ANS) and visual-cognitive activity, respectively, on performance.
The analysis introduces methods to derive team level indices based on
compliance in cognitive load and gaze-based measures. First, the indices
derived for each modality are individually analysed with relation to their
task performance. Then, a multivariate regression model was implemented
that combined the team level indices from both modalities resulting in a
composite multimodal team level index (CM-TLX). The index achieves a
significant correlation with task performances. Ultimately, demonstrating
the possibility of employing CM-TLX as an objective measure of perfor-
mance. In addition, team cognitive states and gaze-based measures that
shows the effects of members continuous involvement is analysed.

Chapter 9: Conclusion, Limitations and Future Recommendation The chapter
revisits the set objective and reflects some of the shortcomings and limita-
tions of the current thesis. And, the recommendation provides details on
how to overcome the limitations and what avenues are available for future
exploration.

An Appendix, three appendices are provided explaining the background
processing of ECG data, RQA and some pictorial evidence of configur-
ing and hosting the Tank Battle Task. Appendices are placed after the
bibliography section.



2
Critical Review of Fundamental
Components for PBR-based Team
Studies

2.1 introduction

This chapter presents the first contribution of the thesis on synthesising
a library of fundamental components in line with the constructs of IPO
framework, suitable for contemporary and empirical research on team per-
formance. A pool of studies primarily focusing on work-team settings and
multimodal approaches in group context were targeted for the review. There
were limited studies in this area, and hence, related works from academic
collaborative working and social group settings were selected for reviewing.
Overall, the goal was to identify and collate previous methods and tech-
nologies with examples of how they were employed in team settings, as well
as the state of multimodality in the context of teams. This comprised of a
detailed compilation of current trends in PBR technologies, qualitative and
quantitative methods for analysing and evaluating team and collaborative
performance, tasks and experiments, and subjective performances. Follow-
ing this is a brief explanation that reflects team performance relationship
with the underlying principles of inputs, processes and outputs of empirical
team studies. Accordingly, this review briefly addresses the following:

(a) analyses and procedures employed to process PBR data to represent
at team-level,

(b) how PBRs can foster a better deciphering of the relationship between
team performances, constructs of IPO framework, statistical aggrega-
tions and subjective ratings,

(c) finally, how future team research experimental setup can be shaped.

Insights and suggestions presented in this review can promote newer ideas,
strengthen a better understanding of underlying team attributes, and foster
robust multimodal approaches for effective evaluation of team performance.

18
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Finally, the discussion highlights some of the gaps in this research domain
and provides recommendation on potential future prospects that could
better address the gaps.

2.2 measuring team members’ activity

The performance of teams is primarily dependent on individuals behaviours
(e.g., skills that dictate the capacity of an individual to achieve desired task
objectives) and team members’ interaction dynamics (e.g., the degree of
effective collaboration, coordination, and collective knowledge) [3, 4, 13,
20]. Carefully examining the interactions among team individuals could
provide insight into the influential attributes such as affect, behavioural and
cognitive states [55]. Such an approach can help understanding intra-team
relationships as well as factors influencing at individual level that led to
different levels of performance outcome [13, 93].

For understanding how PBR have contributed to team studies, this sec-
tion briefly introduces different data acquisition methods observed in the
literature. Cowley [44] mentions over ten possible sources to record the
activity from individuals. However, techniques that are continuous, unob-
trusive and non-confounding have been an integral part of team research
studies. Focusing on the primary motive of this review, only methods that
could have contributed to team performance related studies, in any closely
related form are selected for the following discussion. The Table.2.1 briefly
summarises all the techniques and their related measures discussed in this
section.

2.2.1 Physiological Observations

The physiological methods are primarily concerned with the internal activ-
ity from the human nervous system. Figure. 2.1 summarises the organisation
of the human nervous system, key technologies for recording the activity
from individuals, and various levels of measurements that are potentially
useful for performance analysis of teams.

The human nervous system is composed of the central nervous system
(CNS) and the parasympathetic nervous system (PNS). The activity of
CNS can be captured using EEG and Near-Infrared Spectroscopy (NIRS).
Typically, wavelet or Fourier transformation could be used to decompose
the temporal voltage information from EEG channels into six frequency
components referred to as delta (1-3Hz), theta (4-7Hz), alpha (8-13Hz),
beta (14-30Hz), gamma (31-50Hz) and mu. In addition, these frequency
components are used to compute different measures of cognitive states such
as engagement EEGE [94] and workload EEGWL [72, 94, 95] of individuals.
Furthermore, the EEG data can also be processed to account for eyes’
blink referred to Eye Blink Rate (EBR) which is an estimate of blinks per
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Figure 2.1: A summary of physiological systems (dashed-boxes) for observing inter-
nal activity from individuals. Also shown are the potential measures at individual-
level that are of importance for team level analysis

minute [36]. From NIRS, levels of oxygen in haemoglobin in the form of
oxy-Hb and deoxy-Hb can be recorded from individuals [53, 65].

The activity of PNS can be further sub-categorised into ANS and sympa-
thetic nervous system (SNS) [4]. ANS has attracted special attention in team
context because it reflects the activities due to interpersonal relationship [89].
The activity in ANS can be captured using Electro dermal activity (EDA),
ECG and respiration [4,35,67,80,96]. From EDA, measurements such as Skin
conductance level (SCL) and Skin conductance response (SCR) (also referred
to as galvanic skin response) are of interest in team studies [35,67,97]. From
ECG, the intervals between R-peaks referred to as IBI are used to measure
heart rate (HR), HRV, and respiratory sinus arrhythmia (RSA) of individu-
als [12]. In addition, HRV-based measures such as (a) the high frequency
component of HRV between 0.15Hz-0.40Hz (HRV-HF) [67], and (b) Statisti-
cal measures such as standard deviation of normal-normal (SDNN) [80, 96]
and Root-Mean-Squared-Successive-Difference (RMSSD) [80], are of interest
in team studies.

The activity of SNS can be observed in HRV-HF, facial Electromyography
(EMG) and Impedance Cardiogram (ICG) [47]. From EMG, measurements
such as orbicularis oculi (OO), zygomaticus major (ZM) and currogator
supercili (CS) are of interest in team studies [4, 54, 69]. From ICG, measures
such as pre-ejection period (PEP) and left ventricular ejection time (LVET)
have been used in team context [47].
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2.2.2 Behavioural Observations

The behaviours of individuals can be observed in techniques such as com-
munication recordings [5, 70, 98], eye-gaze tracking [44, 81] and body move-
ments [63, 66] which convey valuable information in analysing and evaluat-
ing team performance.

Communication records can convey greater insights about shared cog-
nition, team situational awareness, shared mental models and team-level
interaction processes [13]. The team communication can be processed using
either verbal or non-verbal approach [16]. Verbal contents include process-
ing of audio transcripts to extract speech and linguistic features. This has
been achieved using LSA [45], IBM speech to text services [43, 99] and
Linguistic Inquiry and Word Count text analysis program [9]. Non-verbal
content based measurements can include information about number of
communication attempts such as button-clicks and acknowledgements to
attempted communication [100], by extracting vocal tone frequencies [39,46]
and team interaction instances of attempted problem-solutions, general
meetings, debriefing and brainstorming [42]. Further, coordination was also
measured from communication such that for every information shared by a
team member towards a specific member of the team who returned an ac-
knowledging negotiation. This process was summarised using a cooperation
index which is a ratio of number of communication attempts to cooperated
acknowledgements. Complete details of non-content based measures that
could be extracted from communication is discussed by Cooke et al. [101].

Eye movements are low-level manifestations of visual-cognitive interac-
tions. Gaze data enables observing visual interests of individuals providing
valuable inferences underlying cognitive processes. Eye-gaze tracking offers
a range of metrics such as fixations and saccades [102] to quantify the gaze
behaviour of an individual. The measures can be used to observe the rela-
tionship about team members gaze behaviour and performance. Previously,
gaze based measures such fixations around certain regions of interests, are
employed to understand the impact of joint-activity on performance [63,81].

Finally, team members actions have been analysed using accelerometers
[66] or video recordings [63, 98, 103]. Physical bodily movements such as
postural sway, hand coordination and face and head movements are also
used to evaluate join-activity in relation to performance [42, 43, 63, 99].

2.3 team-level measurements

In a team context, the PBR at individual-level must be collectively analysed
[12]. Such analyses are important for deriving quantitative and qualitative
measures that could be used to evaluate, analyse and rationally comprehend
the influence of constructs of IPO in relation to performance. The following
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metrics have been observed in the literature that could be used as indices of
collective team response.

2.3.1 Compliance Metrics

Previously, compliance was quantified via neurodynamic synchrony (NS)
which is a measure of similarity exhibited by team members’ physiological
measurements [4]. Note that, only physiological signals recorded from an
identical source are deemed valid for deriving compliance metrics. Some of
the compliance based measures are as follows:

Directional Agreement (DA)

represents a high-level estimate of compliance [12, 67]. When comparing
physiological signals from two members of a team, DA represents the
number of points that directionally matched either in the positive cycle or
on the negative cycle in relation to their previous points. DA is expressed
as percentage of points directionally matching from an entire data set.

Signal Matching (SM)

It is considered as a good measure of compliance [12, 67]. SM measures
the area between two team members’ physiological signals. Larger area
indicates less similarity whereas smaller area indicated more similarity.

Weighted Coherence (WC)

It is a measure of similarity between two team members’ physiological
signals observed at specific frequency bands of interest [11, 12, 67].

Instantaneous derivative matching (IDM)

It represents a similarity measure between the curves of two team members’
physiological signals [67]. The measure accounts for average number of
differences between the derivatives observed at common reference points
from the corresponding physiological signals [12].

Regression

Guastello demonstrated the employment of regression based models to
measure the overall linear and nonlinear synchronisations between team
members’ autonomic arousals [97]. In this light, measures such as coefficient
of determination, auto-regression weight and synchronisation weight were
derived from linear auto-regression, and lyapunov exponent and dimension
from auto-regression weight of the exponential series. Furthermore, method
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such as cross-correlation was also used to measure the similarity between
team members physiological signals [21, 65, 67, 96]. Besides, in the presence
of multiple channel data (e.g., EEG data with N-channels), regression based
methods have been employed to account for neurodynamic linkages i.e.,
active linkages in the brain regions of cooperating individuals [36,72]. In this
light, multivariate auto regression and partial directed coherence were used
to derive the measurements, inter-connectivity density (ICD) and inter-areas
links density (IALD) [36] also referred to as strength density and clustering
coefficient [72], respectively.

Cross-recurrence quantification analysis (CRQA)

The CRQA is an alternative method to quantify nonlinear synchronisations
between team members physiological or behavioural signals. It combines
the concepts of RQA and recurrence plot (RP) [104] to be extended for
team based studies. The diagonal, horizontal and vertical profiles, and the
density of points in the recurrence plot, respectively, are used to observe
nonlinear properties such as, determinism, laminarity, entropy and Rate of
Recurrences. CRQA has been employed to observe the relationships such as
joint activity and coordination between the team members [21, 66, 68, 81, 96].
Other versions of CRQA are multidimensional-RQA (Md-RQA) [43,66] also
referred to as multivariate-RQA (Mv-RQA) [62] offer similar measurements
but with an advantage of comparing multiple signals originating from two
team individuals.

2.3.2 Temporal Neurodynamic Patterns of Teams

Physiological signals of team members have also been used to construct
neurodynamic patterns. For instance, temporal measures of engagement
EEGE, workload EEGWL and IBI from individual members of a team
could be collectively represented to form team-level neurodynamic pat-
terns [45, 70, 71, 105]. Such patterns represent instantaneous states of the
team’s engagement-level, workload-level and cognitive-load. Quantifica-
tion of such patterns could be achieved using the concept of Shannon’s
Entropy where sliding windows of appropriate length are used to account
for evolution of teams neurodynamic states [70]. For example, if a team
experienced a variety of states during a window then the resulting En-
tropy would be high and vice versa. Such approaches enable observation of
temporal variations in Entropy levels. Furthermore, assuming team indi-
viduals represent a complex dynamic systems the temporal Entropy series
also reveals attractor basins. In addition, the neurodynamic patterns were
also used to construct a 1-second lag transition matrix [70, 71]. The matrix
revealed overall concentrations of different levels of teams engagement and
workload.
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2.3.3 Latent Semantic Analysis (LSA)

LSA can extract discriminating parameters from communication transcript
such as semantic vector length and cosine-parameter that have been em-
ployed to observe differences between teams performance [45]. Semantic
vector length is a measure of number of words either during a piece of
discourse, phase of task, or during an entire task period. On the other hand,
the LSA cosine-parameter measures the similarity between two transcripts
or two pieces of discourse [106].

2.3.4 Epistemic Network Analysis (ENA)

ENA employs singular value decomposition at its kernel which is a type
of unsupervised clustering. It constructs network such that nodes of the
network represent key variables such as regions of interest and discussion
topics, and the connection between nodes represent strength of interaction
between the key variables. Such networks are used to analyse speech data,
interaction between individuals in a group [107,108] and also to understand
gaze coupling between members of a team. Epistemic modelling is also
advantageous in processing multimodal signals [42].

2.4 relationships between team performance

and constructs of ipo

This section looks at how the analyses and techniques mentioned in the
previous section transforms raw physiological and behavioural signals into
team related dynamics. Also, the section briefly unfolds the relationships
among team dynamics, performance and the constructs of IPO framework.

2.4.1 Team Performance and Team Inputs

The inputs to teams i.e., the composition of teams and the structuring of
task conditions significantly impacts team performance. Evaluating the
relationship between team composition and task aids in unravelling the
physiological operating dynamics of superior performers [52]. For instance,
the transition matrix constructed using temporal EEGE and EEGWL states
of the team demonstrated that teams composed of experienced members
had more concentrations in the region of higher levels of team engagement
and workload [70, 71]. Further, using hierarchical clustering algorithm on
the LSA of cosine measured between all pairs of teams clearly clustered
experienced teams and novice teams [70]. The sliding-window based en-
tropy levels constructed from temporal EEGE and EEGWL demonstrated
that experienced teams had relatively higher entropy levels indicating a
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greater neurodynamic flexible characteristics [45, 109]. A non-verbal team
communication analysis by Cooke et al. [100] revealed that experienced
teams exhibited a lower coordination to communication ratio.

The relationship between task structure and team performance could
be used to identify conditions of task that impact performances. Indeed,
LSA of team communication transcripts was employed to learn correlations
between team performance scores and task conditions [45]. For example,
vector lengths derived from LSA were used to identify the active phase of a
task [45] such that, the phase of a task represented by smaller vector lengths
was prominent during high active phase relative to other phases of the task.

In addition, the ICD indices could also be used to identify harder phases
of a task [36, 72]. Any elevations in the regions of the brain’s activity due
to higher task complexity could be observed via the IALD analysis [36, 72].
Besides, the ICD also demonstrated a significantly higher neurodynamic
linkage in the real teams during an elevated cooperation phase of the task
relative to pseudo teams (synthetically generated from real teams’ data) [36].

2.4.2 Team Performance and Team Processes

Understanding the relationships between performance and processes of
teams can help explain the impact of qualities and emerging states on team
performance.

In the context of cooperation and coordination, Wallot et al.’s work [66] en-
abled to observe the relationship between information sharing, behavioural
coordination and performance. Accordingly, during an industrial produc-
tion line simulation task, the homogeneity (egalitarian) condition, yielded
better design of products relative to other conditions. Further, the quality of
the product design inversely correlated with the determinism and laminar-
ity (from MdRQA) between team individuals’ hand movements (quantified
using accelerometer readings). Similarly, FNIRS measure oxy-hb demon-
strated that wavelet coherence between mixed gender pairs has significantly
higher correlations under cooperating phases of a task [53].

The relationship between coordination and task performance could also
be analysed using compliance metrics. As such, in a Multi-Attribute Task
Battery (MATB) environment, a lower root mean square error (RMSE)
level during tracking was used as indicator of superior performance [67].
Montague et al. reports a significant positive correlation between the DA of
team members SCR and performance [67]. Further, larger mean absolute
deviation indicated poor resource management which correlated with lower
SM indices (indicator of higher NS).

Compliance metrics are also employed to analyse the relationship be-
tween coordination and task conditions as a function of performance. The
WC of HRV-HF captured the drop in performance under increased task
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complexity conditions [67] such that the WC resulting in higher averages
under hard and low reliability condition relative to normal condition. In
another custom developed tracking task, team performance was measured
based on completion time, collision damage, RMS error (deviation from the
centre path) as a direct objective of team coordination [110]. Henning et al.
observed that WC of EDA and HR was related with drop in completion
time. The WC of EDA, HR and respiration was also related with drop in
RMS error. The CC of HR also demonstrated significant relationship with
drop in completion time and RMS error. In their following study, CC of
HR was able to predict performance changes as a function RMS error with
significant negative correlations [111].

The neurodynamic linkages measured using ICD and IALD [36, 72] also
corresponded to cooperation, and the corresponding analysis enabled obser-
vation of the relationship between levels of cooperation and performance.

In the context of joint activity, Tolston et al. [81] observed that the recur-
rence between the team members’ gaze activity negatively correlated with
performance scores. Video analysis has also been used to observe coordina-
tion as a function of team composition [63]. A video analysis of laparoscopic
surgery task revealed that teams composed of elite surgeons exhibited low
de-synchronisations relative to the other composition of teams.

Communication has been employed to understand the relationship be-
tween aggregates of team cognition and performance [5, 101]. Relationship
between team performance and experience was explored by Cooke et al. [5].
Accordingly, it was observed that team performance improved as teams
gained experience, which was resultant of improvements in team interac-
tion (process behaviours such as coordination and communication). This
indicates that the development of shared mental models improved per-
formance [5]. Further, it was observed that the teams which resumed task
after shorter breaks performed better than teams that took longer breaks
between tasks. This decline performance was observed due to loss of skill by
individuals rather than team interaction (interaction-based measures) [101].
This shows that degradation of skill was significant compared to shared
mental models.

2.4.3 Team Performance Outcome and Its Implications

Understanding the implications of team performance outcomes is essential
for effective evaluation of underlying team inputs and processes. Previously,
this approach has been used to understand shared decision making due
to performance feedback. In a production line task involving crafting of
origami sail boats [68, 69], correlation between NS and performance de-
velopments were reported. During a negative performance development,
teams took a call for changing the strategy. When teams were presented
with new strategy and post adoption of the strategy, the NS between ZM
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and SCR of team members were observed to be low. On the other hand, NS
of SCR increased in teams which opted to continue without adopting the
presented strategy.

This context of analysis can also be applied in the prediction of critical
performance outcomes. As such, in a programming scenario, where per-
formance of teams was decided via pass or fail outcome of the task, SCR
was able to distinguish the effect of outcome in advance. During a passed
outcome, the dyad demonstrated significantly higher SCR levels compared
to failed outcome [35].

Indeed, this approach was employed to observe the effect of feedback
on cooperation. Using NIRS measures of oxy-Hb level, Balconi et al. ob-
served a drop in inter-brain synchronicity following an induced negative
feedback [65]. Also, Cheng et al. observed a positive correlation between
task performance and synchronicity [53]. Such activities in specific regions
of brain can be used as markers of cooperation [53, 65, 112].

The performance outcome can also be used in objective identification of
skill composition or characteristics of teams. It was observed that as novice
teams gained experience via subsequent repeating runs through the task,
there was a gradual rise in the mean entropy [70] which could be used as
indicators of a teams performance evolution.

2.5 multimodality in the context of teams

The team inputs, processes, states, qualities and outcomes are co-dependent
entities. In an ecological context, combination of these entities interplay
defining the natural behaviour of humans [4]. In this light, multiple-PBRs
have been previously employed to study human emotions to understand
collaboration, cooperation and coordination [35,36,46,79]. Table. 2.2 provides
a summary of methods contributing to multimodality in team context.

Individual emotions can be associated with multiple interaction processes
which can be effectively evaluated using multimodality. For example, the
’threat’ is an emotional state in humans that can elevate vasoconstriction
and reduce in cardiac functioning which is directly responsible for inducing
stress [46]. The heightened stress levels can diminish cognitive functioning
(the ability to think and response) causing ineffective communication. This
phenomenon was observed and validated by Neubauer et al. using speech
and cardiac data [46]. Vocal-tone variations from speech data and total
peripheral resistance from ECG measurements were used in their definition
of a multimodal index [46]. The index was used to understand the impact
of stress leading to communication response.

Analogously, the investigation of cross-level effects by Gorman et al. ob-
served simultaneous developmental changes in cognitive and behavioural
functioning due to team interactions [45]. EEG and communication data
were analysed to understand entrainment between team members as they
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progressed through a task. Such analysis enables better task related perfor-
mance evaluation that result from team-level entrainment, for example, in
understanding leader driven theories [73, 113, 114] where speech from the
leader induces motivation that affects team-processes eventually reflecting
in enhanced performance [45].

Multimodal approaches have also been favoured in enhancing team
training outcomes and assessments [41, 45]. For example, concurrent data
from eye-tracking and EEG were collectively analysed to observe the impact
of cohesiveness and expertise in a cyber-security setting [41]. Collective
analysis using additional modality also provide advantage by potentially
substituting for any gaps that might be suffered through a single mode
[46,115]. Toppi et al. observed that HR and EBR, which are regulated by CNS
activity demonstrated strong correlations with different task conditions [36].
The correlations also significantly varied depending on operator roles and
responsibilities. Such analyses can be employed to understand relationship
between team inputs i.e., team composition and task conditions.

Multimodal research studies enable identification of substitute sources
that offer cost-effective and better alternative solutions. For example, by
comparing concurrent measures of EDA and ECG, Ahonen et al. was able
to observe that SCR (from EDA) offered better and faster method to convey
information originating from ANS activation when compared with HRV
features (from ECG) [35].

Multimodality aids to explore the impact of certain stimuli on team
outcomes. For example, (a) Murray et al. explored feature vectors comprising
of features from both linguistic and acoustic speech modulations to observe
relationship with task performance [48], and (b) Neubauer et al. explored the
relationship between acoustic voice features and physiological states [46].
In the context of studies mentioned in (a) and (b), multimodal analysis can
be used to link both the physiological and behavioural responses to better
explain task outcomes.

Overall, it can be established that multimodal approaches have the ca-
pability to promote significant and distinct observations, where a single
modality would not have comprehensively explained the scenario [42, 43].

2.5.1 Data Fusion in Multimodal Studies

In addition to the employment of multiple modalities, a collective analytical
index which mathematically and rationally unifies data from multiple
modalities is very important. Only a few studies have attempted data fusion
from multiple modalities or collective analysis in some form [42, 43, 45, 47,
68, 79].

The method demonstrated by Eloy et al. employs measurements from
three different modalities [43]. In this method, for any member the three
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PBR signals were first averaged. Then, the averaged signals from all team
members were analysed using MdRQA to estimate unified percentage re-
currence. Echeverria et al. employs a multimodal matrix mechanism to
generate an interactivity network to observe teams’ performances at various
scenarios [42]. Monster et al.’s method employs joint activity measurements
derived from ZM and SCR of all the teams [68], where principal compo-
nent analysis was later employed to observe distinct groups. Finally, the
procedure employed by Gorman et al. analyses each modality individually,
however, discussions link observations from EEG and speech data analysis,
explaining cross-level effects [45].

2.6 simulation environments

Simulation environment also referred to as STE are integral components
for contextualising team research studies [13, 85, 116]. They offer control,
cost-effective and safer platforms for team individuals to interact and share
a visual space. Such platforms enable easy modifications of task conditions,
regenerate and adjust task elements according to required activity [117]
thereby, enabling enhanced training outcomes and economical team training
methods [116]. Ideally, a platform that can emulate natural settings is a
preferred choice.

In this light, team studies have employed environments ranging from a
simple board game [118] to multiplayer computer games(e.g., Bomber man,
Ibb & Obb, Tetris and Hedgewars) [12,21,50,54,119–121] and role play [122]
which offer choices to observe coordination and cooperation. To observe
compliance in behavioural responses against team performance, physical
tasks such as origami construction [68, 69], lego building [66], or even head
movements [43] have been observed in the literature.

In recent years, simulated environments have attracted attention in De-
fence and civil sectors as an efficient and effective mechanism for train-
ing [123]. STEs that emulate real world scenarios offer the perfect testing
grounds for teams. This includes ecological settings such as flight simula-
tor [36, 38] and hands on surgical setup [42, 63, 124]. Tactical environments
that offer command and control operations are typical choices for team cog-
nition study. Example of tactical environments include submarine piloting
and navigation [45, 70], unmanned aerial vehicle-STE [100, 101], research en-
vironment for supervisory control of heterogeneous unmanned vehicles [81],
distributed dynamic decision-making (DDD) [125], NeoCITIES [126], and
many similar forms can be observed in [116, 127, 128].

In addition, Live virtual constructive (LVC) environments are fully inte-
grated simulators specifically employed by Defence Forces in many coun-
tries [117, 129–131]. It integrates the concepts of augmented reality and
virtual reality to provide near realistic air-combat and land-combat training
experience to defence personnel.
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Non-tactical approaches offering controlled environments to study cog-
nition included choices such as MATB [67, 72], process control syn-
thetic environments [47], customised cooperative task [53, 112], and CSCL
[35, 79, 80, 82, 96].

2.6.1 Current Limitations of Synthetic Environments

Recently, Lawson et al. reviewed 57 commercially available and licenced
computerised task environments for assessment of military team [116].
The review, however, did not focus on the convenience of employing such
environments with PBR devices. It is very important to ensure that the
PBR do not interfere participants’ commitment with the task. For example,
finger-tip connectable devices may interfere when using mouse clicking or
keyboard operation. Similarly, tasks projected on multiple screens result
in constant neck movement interfering with desktop based eye-tracking
devices.

Additional limitations could also be observed in team task objectives
offered by current process. For example, the multi-player cooperative games
were primarily intended for entertainment purposes, hence, may not ef-
fectively meet research intentions. In team research employing physical
tasks, the participation could be impacted from physical competency. Be-
sides, there are limited study suggesting the effectiveness of these task
environments in the light of team-based participant engagement.

The modification and tuning process offered by existing task environ-
ments are arduous and limited. And, not all STEs support logging user-input
data such as mouse locations and button-press events [17]. Such data are
important to derive other measures of performance such as time manage-
ment, resource management, cognitive application and task-engagement.
The lack of which impedes comprehending any correlations between task
dynamics and PBRs. Where possible, requires the knowledge of complex
programming skills limiting its employment [116]. Furthermore, some STEs
such as counter-strike are so complex to handle that they require partici-
pants to master gadget usage such as joystick and keyboard where several
keys must be simultaneously comprehended [132]. In conclusion, existing
STEs have their own limitations, hindering the participation from diverse
demographic groups due to factors including lack of tuning flexibility,
dependency of domain specific knowledge, gadget mastering, and limits
on physical demands. These limitations make them incompatible with the
principles of IPO framework.

Further, socio-dyadic tasks such as doctor-patient, mother-child and cou-
pled tasks [67,133] inherently promote complementary behaviours [4], hence
are limited to certain social aspects of engagement and beyond the scope of
collaborative problem solving domains.
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2.7 subjective ratings

Subjective rating are questionnaires which are used in studies to obtain
feedback from participants [54,111]. Such an approach has been traditionally
used where individuals rate their experience concerning task difficulty,
emotion, and personality-traits [69,120,134]. NASA Task Load Index (NASA-
TLX) is one of the commonly employed subjective rating techniques to
understand the task workload experienced by members of a team [72, 124,
127]. Later, a team-level index can be obtained by globally averaging the
scores from individual’s subjective ratings.

Further, in the light of "human emotions", the Dundee Stress State Ques-
tionnaire [9], the Trait Anxiety-Taylor Manifest Anxiety Scale [97], the
State-Trait Anger Expression Inventory-2 [16, 134], the Profile of Mood
States [135], the Positive and Negative Affect Scale [54], the Self-Assessment
Manikin (SAM) [54, 136]. In addition, questionnaires such as Emotional
Intelligence [97], Coping flexibility [97] and Empathy Assessment Index [97]
were found in the literature that specifically reflect human emotions.

To assess the competitiveness and cooperativeness in computer game
environments or social gaming platforms, questionnaires such as the Com-
petitive and Cooperative Presence in Gaming Questionnaire [119], the Social
Presence in Gaming Questionnaire [54], and the checklist for trust and team
affect questionnaire [128] have been employed.

In the light of team cognition, task specific questionnaires, situational
Awareness Rating Technique [127, 137], Crew Awareness Rating Technique
[137,138] and Situation Awareness Global Assessment Technique [137] were
observed in the literature.

2.8 discussion and future recommendations

Salas emphasised the need for modern technologies to promote extensive
and good quality team research [13]. Current advancements in wearable sen-
sor technologies could boost multimodal-based team research [85]. Several
low-cost, low-powered and smart devices are currently flooding the con-
sumer market enabling better integration of off-shelf wearable and portable
PB sensors and technologies into experiments [139]. Observing this trend,
it can be realised that PBR technologies have been very well advancing,
relatively however, the processing and analysing of the data has slowly
progressed, more so, methods for collective team related analysis. Some of
the constraints that have been constantly highlighted by researchers are (a)
computationally demand (b) expensive setup [48] (c) identification of right
combination of recording systems [35] and (d) effective fusion of data from
multiple modalities are sparsely observed in the literature. Further, follow-
ing are some of the key areas that studies concerning team performance
analysis could focus in future research.
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2.8.1 Team Cognition Based Performance Evaluation

Team cognition has been highly valued among work teams [13, 140], and
interactive dynamics strongly reflects these aspects. This review reveals
that team cognition has been mostly studied in terms of interactivity using
communication and eye-tracking [5, 140]. Literature mentions physiolog-
ical measures such as cardiac [80, 85, 120] as markers for analysing team
cognitive activity, however, markers informing team cognition aggregates
such as shared mental models needs empirical reinforcements. For example,
comparing studies [46] and [5], where both employ some form of mea-
surements derived from communication. Towards generalisation and in
natural scenarios, the ITC study [5] would also benefit with the inclusion of
additional modes such that, any interpersonal and emotional factors that
may have affected or promoted team performance [65] could be accounted
via an additional modality.

Literature mentions three primary means to observe cognition in teams:
interactions, team knowledge and mental models, and team situational
awareness (SA) [60, 85]. In this light, real-time concurrent measures from
EEG, eye-tracking and communication transcripts were emphasised in the
literature [60]. Further, Cooke et al. states that studies must link performance
outcomes with emergent states such as cognition rather than linking to
physiological measures at individual level [5]. Thus, multimodality could
be key for efficient deciphering of attributes underlying team performance.

2.8.2 Analysis Beyond Dyads

Majority of the team studies observed in the literature are mostly concerned
with dyads [67,133,140] where complementary emergent states are inherent.
In contrast, limited studies have explored teams comprising of a minimum
three persons or larger. Amongst these, physiological studies investigat-
ing neurodynamic organisation in six-member teams [45, 70], NS analysis
in four-member teams [12] and joint activity computed for three-member
teams were observed in the team performance analysis literature [68]. Fur-
ther, in some studies though teams larger than dyads were considered, the
PC and joint activity was computed between any two members (hereafter
referred to as sub-dyads) of a team [12, 68]. Later, the physiological inter-
activity that was measured across all possible sub-dyads of a team was
globally averaged to compute a team-level interactivity score.

Future team experiments could engage three or more members in team
to move team-based analysis beyond dyads. Ideally, studies must focus on
concurrently analysing multiple team members data that could be repre-
sented using a unified index such as the neurodynamic organisation [45,70],
or interactivity index using multimodal features by Eloy et al. [43]. Further,
methods employed in sub-dyadic approach [12, 68], could have better im-
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pact via more empirical evidence. Such advancements are necessary for
standardising and generalisation any innovative methods across team study
community. Addressing such challenges fosters newer analytical methods
for efficient deciphering of attributes underlying team performance.

2.8.3 Need for Computation Improvement

Transferability of computation methods across the broad ramifications of
team performance can enable newer data fusion methods. Further, empirical
evidence concerning data processing methods are relatively less observed
in the literature. For example, nonlinear dynamics in team analyses were
observed to be less compared to the use of linear statistics. In addition, the
employment of artificial neural networks is still basic. Only one study was
observed to use artificial neural network based future outcome prediction
[38]. Our review also show that temporal prediction capabilities of recurrent
neural networks have not been observed in team settings. There is a need for
maximising the sample count using boot-strapping [80] and pseudo team
data generation [36] from small collection. Such techniques can encourage
the employment and development of deep neural networks based team
research studies.

2.8.4 Experimental setup

The experimental setup should support continuous acquisition of PBRs,
and concurrently from all the members of team. There is a need for task
environment that can constantly engage members of team as opposed to
the nature of distributed task environment [97]. Such environments can
induce interactions enabling evaluation of team performance in relation to
adaptability, emergence of leadership and coordination [141].

Task environments that can engage general public improve sample count
as well enable exploring a diverse pool of skills. The environment must
offer engagement of more than two participants to advance team research
beyond coupled dynamics. The stimulus or testing tasks built into the envi-
ronment must be strong enough to test the targeted individual behaviours
and performances [66]. The environment must offer compactness, porta-
bility, easy configurability and cross-domain compliant [123]. It must be
capable of testing cooperation and coordination, and provide qualitative
or quantitative feedback of team performance. Such feedback mechanism
reflect behaviour related to cognitive activity [65]. In addition, task-event
data that can temporally unfold dynamics of the task such as mouse clicks,
movements, key-element usage and key-logs, must be accessible from the
environment [17].
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This review revealed that majority of team studies have experimented
with physiological systems compared to behavioural systems. In this light,
future research could focus on a combination of physiological and be-
havioural system targeting greater flexibility in team studies. Specifically,
the employment of eye-tracking and communication is encouraged to better
explain team cognitive aggregates such as share mental models and team
situational awareness [60]. Finally, well targeted subjective ratings must be
included as a means to collect direct feedback from participants.
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Table 2.1: Summary physiological measures contributing to team performance
analysis

Individual
level

Processed Team-level team-
size

Performance

EEG

alpha, beta,
gamma,
theta and
delta
frequency
spectrum

integer levels indi-
cating EEGE and
EEGWL all team
members were
combined to form
patterns

Sliding window
based Entropy was
estimated from
temporal EEGE
patterns

six Discriminant function
analysis revealed more
experienced teams had
higher mean entropy
compared to the less
experienced teams [45]

1-second lag transi-
tion matrix to de-
tect attractor basins
from EEGE

six Attractor basins of ex-
perienced teams were
different from inexpe-
rienced teams [70]

EEGE From temporal
EEGE, sliding win-
dow based Entropy
was constructed

six Inexperienced teams
were characterised
by more irregularities
in the Entropy com-
pared to experienced
teams [70]

EEGWL From temporal
EEGWL, sliding
window based
Entropy was
constructed

dyadic mean of the Entropy
correlated with mis-
takes [71]

averaged inter-
connectivity map,
strength density
(ICD), clustering
coefficient (IALD)

dyadic Inter connectivity
map showed strong
connections in α and θ
bands during harder
phase of task which
also correlated with
reduced performance,
and contrasting re-
sults were observed
in easy conditions.
This phenomenon was
also complemented by
higher values of ICD
and IALD in specific
region of brain [72]

ICD, IALD dyadic ICD of α and θ bands
was significantly
higher in real teams
during high workload
phase of the task
compared to pseudo
generated teams
and IALD showed
the region of brain
activity [36]
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Individual
level

Processed Team-level Team-
size

Performance

FNIRS oxy-hb, deoxy-hb Pearson CC used
to establish inter-
brain synchronicity
(IBS) between par-
ticipants brain re-
gions

dyadic IBS decreased post
negative feedback [65]

oxy-hb wavelet coherence
used to calculate
average IBS

dyadic change in coherence
correlated with cooper-
ation phase of the task
[53], and was signifi-
cant in mixed gender
groups

ECG

IBI WC (High fre-
quency and low
frequency compo-
nents) [67]

dyadic

cross-correlation,
cross-fuzzy en-
tropy (CFE)

dyadic High score correlated
with low cross-
correlation between
team members IBI,
and CFE negatively
correlated with cou-
pling [21]

mean-IBI and from
HRV MSD, RSA
and log-RSA

SM, DA, IDM and
CC

4 correlation was signif-
icantly high for high
performing teams com-
pared to low perform-
ing teams [12]. Trend-
level significant dif-
ference was observed
with DA

ECG
and ICG
combined
analysis

log-RSA associ-
ation with PEP
and LVET, respec-
tively to obtain a
composite score

cross-correlation to
derive team level
index

dyadic From ordinary least
squares, composite
scores demonstrated
significant associations
to team error as well
as distinctly associ-
ated with individual
operators [47]

Actions

accelerometer
voltage
record-
ings

MdRQA %Deter-
minism and %Lam-
inarity

dyadic During the egalitarian
condition, lower values
corresponded with bet-
ter looking designs [66]

video de-synchronisation dyadic de-synchronisations
were less among elite
teams who also took
shorter duration to
complete the task [63]



2.8 discussion and future recommendations 37

Individual
level

Processed Team-level Team-
size

Performance

EDA

EDA R2, lyapunov expo-
nents, synchronisa-
tion weight

dyadic Pearson-r showed
correlation between
synchronisation weight
and false alarm
rates [97]

SCR DA dyadic DA was related with
higher performance
levels [67]

SCR SM dyadic SM was related per-
formance in resource
management [67]

SCR WC (High fre-
quency and low
frequency compo-
nents) [67]

dyadic

SCR MWE dyadic MWE significantly
distinguished fail and
pass conditions [35]

higher SCR levels
shared relation with
failed condition vi-
sually distinguishing
from a passed condi-
tion [35]

SCL and SCR SCL and NSCR lev-
els tended to be higher
in positive outcome
groups [135]

EMG

OO, ZM dyadic Have been employed to
observe participants re-
sponses post task out-
come [54]

SM,CS dyadic To observe emotional
changes due to chance
to employ performance
enhancing routine [69]

Eye-tracking

Eye-gaze fixations CRQA, %RR dyadic %RR decreased as team
performance increased
[81]
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Individual
level

Processed Team-level Team-
size

Performance

Communication

speech
transcript

LSA semantic vector
length

six

LSA cosine hierarchical clus-
tering

six More experienced
teams clustered
from less experience
teams [45]

Non-content based CCR index three Experienced teams
showed significantly
higher CCR index com-
pared to inexperienced
teams [100]

Table 2.2: Summary multimodal measures contributing to team performance
analysis

Individual
level

Processed Team-level team-
size

Performance

Interaction: idle,
construction and
execution; Speech:
silence, controller
speaking and con-
tributor speaking;
body movement:
low and moderate

Single mode: Only
interaction mea-
sures, dual mode:
All combinations
of Interaction and
Speech measure-
ments, multimode:
Combination of
measurements
from all three
individual modes

3 Only specific combina-
tion of measurements
demonstrated signifi-
cant correlation with
task scores [99]

Speech
features
and ECG

Speech: fundamen-
tal frequency and
peak slope, ECG:
cardiac output and
total peripheral re-
sistance

2 Only relation to stress,
and no relation to team
performance [46]

EDA,
ECG, Res-
piration,
EMG

2 Cooperation versus
competition [50]

Facial ex-
pression,
ECG,
Linguistic
Inquiry

Facial expression:
joy, anger, fear,
positivity and
confusion; ECG:
HRV, Speech: word
count, sadness,
general, insights
and cognitive
processing

Facial expression
and Speech: mean
counts and HRV:
RMSSD

2 Impact of emotions [9]
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Individual
level

Processed Team-level team-
size

Performance

EDA,
ECG, Res-
piration,
EMG,
EEG

2 Cooperation and col-
laboration [120]

audio,
video,
ECG,
EDA

2 Annotated multimodal
data for analysing col-
laboration versus affec-
tive states [136]

Speech,
body
move-
ment and
EDA

Signals from indi-
vidual mode was
z-score normalized
averaged across
participants.

MdRQA was used
to estimate the
%recurrence

2 No significance be-
tween recurrence and
task score [43]

EEG, Eye-
tracking

2 No collective analy-
sis observed. Expert
teams were able to
quickly identify areas
of interest compared
to novice teams by
approximately 3 times
longer [41]

ECG,
EEG, Res-
piration
and GSR

features were ex-
tracted for each
modality using
statistical and
signal processing
approach

2 Classifiers trained with
bench-mark data were
used to classify each
participants modality
features. Multimodal
and individual classifi-
cation was performed
to observe the cognitive
state of participant [38].
Team of 2 members
participated together in
flight simulation task,
however, there was no
team level analysis.

gaze and
speech

gaze measures
were used to com-
pute cognitive load
and windowed-
entropy, and
speech audio: four
different prosody
tones

proportional sim-
ilarity between
gaze-entropy and
cognitive load of
the participants

2 LSTM to predict learn-
ing gain and post-test
score. Input data com-
prised of gaze and
audio provided best
prediction of post-test
score [39]

physical
position,
speech
and in-
teraction,
EDA,
actions

For every partic-
ipant, 5 location
data, binary coded
presence or ab-
sence of speech
and listening,
respectively and
EDA peaks was
acquired

Each modality
form every partici-
pant, was compiled
into multimodal
matrix

2-3 task specific analy-
sis which majority
depended on the
patient’s needs [42]
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2.9 summary

Literature concerning performance analysis of ER&SC teams using physi-
ological and behavioural approach are not exclusive, however, are critical
for many team-based research. Furthermore, the literature is significant for
employment of multimodality in ER&SC team research. The literature pool
suggests that the advancement of multimodality in general demands for a
strong multidisciplinary approach. As such, this review briefly summarised
single modality ER&SC team performance studies and methods employed
for data processing and how contemporary experiments could be shaped.
The need for dedicated STE and sensor integration realises that team re-
search can benefit from the involvement of broader research communities.
Such developments can promote advanced nonlinear neurodynamic analy-
sis of teams and newer mathematical models such as data fusion techniques.
Overall, contributing to enriching the literature pool, empirical evidence,
and subjective performance quantification and analysis of ER&SC teams.

The next two chapters builds on the concepts presented in this chapter
to establish a groundwork in the form of preliminary studies. It explores
PBR devices, data formats and pre-processing, and evaluates the suitability
of incorporating in the current design. Additionally, it provides a brief
outlook of identifying participants pool to establish teams, experiment
setting, procedures to collect team data and some insights of potential
neural network applications. Specifically, chapter 3 explores the paramount
and critical team related concept of socio-physiological compliance using
cardio-vascular raw ECG data. As mentioned in the above sections, HRV
is one of important measures in team settings, and hence, the preliminary
study-1.



3
Preliminary Study-a: Using ECG

3.1 introduction

SPC is highly regarded in team settings and has attracted significant inter-
est from science of teams researchers [11]. Over a considerable period of
involvement in an activity, the members of a team develop certain qualities
such as cooperation, cognition and shared knowledge [5]. Often, controlled
collaborating activities are employed in team research to gauge such in-
teractive qualities of teams. Synthetic environments hosting collaborative
problem solving and group working on computers [79,80] are emphasised in
professional courses. Empirical team research employs such environments
to test, analyse and validate team related hypotheses [35, 80].

Previously, Ahonen et al. conducted a study to analyse patterns of SPC [80]
in a dyadic team context using ECG recordings. The study aimed to address
that, under the context of a shared cognitive task, the degree of synchrony
will serve to establish metrics that can gauge collaboration. In this light,
linear measures of HRV was adopted to observe and analyse SPC by evaluat-
ing physiological interconnection between members of collaborating teams.
Ahonen et al. observed that SDNN of IBI was effective in demonstrating
the significant difference between real pairs and pseudo pairs (carefully
generated from real pairs data).

Further, it has been established that ECG is mainly influenced by the
autonomic nervous system which in turn is regulated by complex intercon-
nection of sympathetic and parasympathetic nervous systems [142,143]. This
regulation is observed to be dynamic with activations being either comple-
mentary or co-related. Both mental [46,143,144] and physical stress [142,145],
respectively can cause variations in the vasoconstriction and vasodilation
processes, which can be captured using ECG. Analysis of HRV is a quick,
sensitive and replicable procedure for assessing cardiovascular autonomic
activity.

In this light, literature shows that linear analysis techniques such as
time and frequency domain parameters have been employed to assess the
physiological compliance in teams [11, 36, 80, 110]. However, research has
been encouraged to explore nonlinear options as an alternative solution

41
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to process ECG data [142, 146, 147]. For example, Gonzalez et al. explores
the concept of RQA [142] to extract HRV features, to observe the effects of
physical demands on heart rate. Accordingly, recent literature suggests that
nonlinear measurements such as RQA has gained a significant momentum
in the measurement of physical stress experienced by individuals using the
ECG recordings.

Thus, the study presented in this chapter focuses on non-linear analysis of
HRV to assess team collaboration. Due to the non-stationarities or changes of
state of the HRV signal, RQA is a well suited non-linear analysis technique
for HRV. Additionally, the parameter recurrence is a basic attribute observed
in many dynamical systems, including regulatory cardiac response. The
corresponding quantitative analysis can measure repeating events of a given
state of the system. Although, nonlinear options to process HRV is growing
in popularity, however, are primarily motivated towards physical health
of the patients, and less concerned with the mental processing demands
of individuals [148]. Previous employment of concepts of RQA on team
physiological or behavioural responses is observed to be sparse, with some
works attempting via the Cross-RQA analysis [21,68,81] or the Multivariate-
RQA analysis [62].

The current study presents an analysis employing RQA in a team set-
ting using the HRV data derived from ECG recordings. From individuals,
RQA is employed to extract nonlinear features of HRV, and the physio-
logical synchrony between cognitively engaging participants is quantified
via Pearson’s correlation coefficient. Most importantly, the study explores
the effectiveness of these nonlinear HRV features as alternate options to
assess SPC. In terms of capabilities to distinguish collaborating pairs’, the
RQA measures; recurrence rate, laminarity, determinism and entropy, were
observed to be robust in short-term window lengths and equally sensitive
compared to linear features of HRV.

3.2 materials

To facilitate our investigations, the data previously presented in stud-
ies by Ahonen et al. [80, 149] is employed. The data is available
to download from https://journals.plos.org/plosone/article?id=10.

1371/journal.pone.0159178. The corresponding study was approved by
the ethical review of Hospital District of Helsinki and Uusimaa, Finland,
adopting the guidelines from the Declaration of Helsinki for human experi-
ments.

3.2.1 Participants

Originally, forty-six novice programming students had contributed to the
study. The ECG data from eight participants were discarded due to artefacts.

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0159178
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0159178
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The data from 38 participants comprised of sixteen females and twenty-two
males with three having dominant left hand participated in this study.
There was one participant aged over thirty-four, nine participants were aged
between twenty-four and twenty-nine, and the remaining twenty-eight were
aged between eighteen and twenty-three.

3.2.2 Experimental Setup and Procedure

Initially, experimenters briefed all the participants and obtained a written
consent from them. Next, every participant was attached with ECG acqui-
sition sensors such that, the electrodes were positioned on the lower left
rib-cage and on right coracoid process. Unobtrusive sensors, eMotion Faros
180◦ by Mega Electronics Ltd were employed to record ECG data. The clocks
of the recording device were synchronised with the experimenter’s laptop
providing master timing for measurements. The acquisition of physiological
measurements started immediately after sensors were in contact with the
participants, and ended only when the sensors were removed.

All pairs initially watched a 7-minute baseline video, and then proceeded
to attempt the task. A classroom based programming task from their cur-
riculum was adopted for the study. Cooperation between the participants
was necessary to achieve the objectives of the task. One workstation was
allotted to each pair, where individual members switched between ’pro-
grammer’ role, the participant who performed the main programming task
and ’navigator’ role, the participant who assisted the programmer. Duration
of the experiment lasted 90-minutes with roles being switched at every
seventh minute.

3.3 method

3.3.1 Data pre-processing

The ECG data was originally recorded at 500 Hz sample frequency as shown
in Figure 3.1. The data was pre-processed using colibri R-package [150] and
R-peaks were extracted, which in turn was used to construct time series
R-R interval representing IBI. Detailed steps to process R-peaks from ECG
data is provided in Appendix-A. As such, the R-peaks were first detected
from the ECG data using the process described by Daskalov and Christov
in [151] as shown in Figure 3.1. The difference between two successive
R-peaks represents an IBI value. Successive differences between the R-peaks
represent the time-series IBI as shown in Figure 3.2.

The procedure was cross-verified using the pan-tompkins process for
extracting IBI series and observed no significant difference [144, 145, 152].
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Figure 3.2: Example of time-series IBI estimated from ECG

For uniformity in comparison, IBI intervals derived using colibri R-package
was adopted for the rest of the analysis.

The remaining of the analysis was performed using Matlab. The extracted
IBI time-series is inherently unequally time-stamped (Figure 3.2). Since,
RQA requires data timestamps to be evenly spaced, the IBI time series
of each participant was first linearly interpolated [153] to four times the
amount of original samples. Then, IBI was linearly extrapolated with time
stamps evenly spaced at 1-second interval, which will be referred to from
here on as ˜IBI. This is performed to avoid any length dispute that may
arise when estimating correlation between two participants windowed RQA
measures.



3.3 method 45

1 2 3 4 5
embedding delays

0

5

10

15

20

25

30

35

nu
m

be
r o

f p
ar

tic
ipa

nt
s

histogram of embedding delays

2 2.2 2.4 2.6 2.8 3
embedding dimensions

0

5

10

15

20

25

30

nu
m

be
r o

f p
ar

tic
ipa

nt
s

histogram of embedding dimensions

Figure 3.3: Histogram of observed embedding delay and dimensions, respectively,
for all 38 participants considered in the study

3.3.2 Recurrence Quantification Analysis

The RQA processing is twofold; first, RP is derived from the IBI time-series
data, and second, the quantification metrics are extracted. From the RP
some of the commonly used horizontal, vertical and diagonal profile-based
measures are adopted in our study:

• recurrence rate (Rec), estimate of points revisiting a phase space

• determinism (D), estimate of points forming continuous diagonal lines

• entropy (H), Shannon’s entropy from the diagonal lines

• laminarity (L), estimate of points forming continuous vertical and
horizontal lines, respectively

• maximum diagonal line (Lmax), the longest diagonal line observed in
the RP

For each participant, five RQA measures Rec, D, H, Lmax and L, were
extracted. Because the RP is symmetric meaning Xm,n ≡ Xn,m, the measures
are estimated only from the upper triangle of the RP. Complete details
of estimating RP and examples of quantification process is provided in
Appendix-B.

Recurrence Plot

The first step towards RQA is to generate recurrence plot (RP) from the
one-second interval spaced IBI data, ˜IBI. The RP enhances the chances of
observing any recurring and deterministic properties in the data, which
otherwise would not be visible [104]. The RP procedure mentioned in
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[104] was adopted in our analysis. Accordingly, a symmetric matrix X was
constructed as shown below

Xm,n(ε) = Θ(ε − ∥ ⃗̃IBIm − ⃗̃IBIn∥), m, n = 1, 2, ..., N (3.1)

where N represents the number of samples in time series ˜IBI, ε is the
minimum radius between any two consecutive points, Θ(.) is a Heaviside
function such that, when a < 0, Θ(a) = 0 and a ≥ 0, Θ(a) = 1 and ∥.∥ is
the Euclidean distance. The CRQA toolbox for Matlab from Marwan et al.
was employed to generate RPs [104]. To generate RP, the cross recurrence
plot function from the toolbox requires appropriate selection of three pa-
rameters; embedding delay (minimum delay), embedding dimension and
the threshold radius (ε).

Estimating Embedding Parameters

The procedure mentioned in [154] is adopted to estimate minimum em-
bedding delay and embedding dimension. First, the delay parameter was
calculated using the concept of average mutual information, and then, the
dimension parameter was calculated as explained in [142, 154]. For com-
parison, histograms of embedding delays and dimensions, respectively,
observed across all participants can be seen in Figure 3.3. It is clear that
majority of the participants had the embedding delay and embedding
dimension estimated as 2, which was adopted for further analysis. Al-
though, some articles suggested the employment of embedding dimension
as 10 [155], however, other articles recommend employing embedding di-
mension greater than the dimension of the data under consideration [156].
Embedding dimension of 10 were tried however, since short-windowed
analyses were adopted, there were higher chances of encountering sparse
spaces in RP where no result was produced by the tool.

Estimating Threshold Radius (ε)

The final parameter to construct an appropriate RP is to select the
threshold radius (ε). The method proposed by Zbilut et al. [157] was
adopted. Accordingly, Rec was calculated for a range of radius between
0.01, 0.02, . . . , 0.1, 0.2, . . . , 1, 2 . . . , 10, and for all short-term window sizes
adopted in the study. A plot of thresholds vs recurrence rates was con-
structed using a log scale as shown in Figure 3.4. From the plot, the condition
foot-after-noise was located by observing the point after which there was
gradual and linear rise in the Rec. All window sizes satisfied the criteria,
however, for the window size of 60, valid Rec only starts at the threshold
0.7 where a steady rise was observed (indicated by dashed line in the Fig-
ure 3.4). Thus, to accommodate the smallest window size of 60, a threshold
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Figure 3.4: A plot of Threshold vs min recurrence observed across participants data
set for varying window sizes. The dashed line shows the threshold selected for the
generating RP, which satisfies all recommended criteria (refer to section 3.3.2 for
details) for all window sizes

ε of 0.7 was considered for subsequent analysis. Further, the corresponding
Rec of 0.067 satisfied the suggested nominal recurrence rate of 0.01 or 1%.

3.3.3 Physiological Synchrony

To be compliant for comparison with the results of originals study [80],
the PS is estimated using the concept of Pearson’s correlation coefficient.
Further, it is also a well established measure representing SPC [12, 21].
From the real pairs, the data was randomly mixed, and pseudo pairs were
synthetically generated. It was ensured that every pseudo pair was made up
of complementing programmer-navigator pair and synchronised in time.
Again, to ensure consistency in the comparison, same participant ID’s that
formed pseudo pairs in the original study was adopted. The correlation
was evaluated for all real and pseudo pairs, respectively.
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3.3.4 Permutation-based significance testing

To investigate the hypothesis that the mean correlations of real pairs es-
timated using nonlinear measures will be significantly different from the
mean correlation of pseudo pairs, the permutation-based significance test-
ing framework mentioned in [158] was adopted, similar to test concept
mentioned in the original study. Correlations estimated using the RQA
measures was considered as the statistics under evaluation. The correla-
tions computed for pseudo pairs was used to generate 10000 pseudo sets,
and the mean correlations were estimated for all 10000 pseudo sets. The
mean correlations of real pairs and pseudo pairs, respectively was used
to compute the significance probability p-value and their corresponding
confidence intervals.

The process is repeated for all window sizes and across all five test
statistics (RQA measures). Holm-bonferroni adjustments to the p-value was
used to eliminate any Type-I and Type-II errors [159].

3.4 results and discussion

The present research aimed to investigate whether nonlinear dynamic
measures of HRV can offer alternate options to linear HRV measures in
assessing the SPC under a dyadic collaborating task. One of the commonly
employed and previously established nonlinear analysis method, RQA
and its measures, Rec, D, H, L and Lmax were adopted. To facilitate the
investigation, SPC measures derived from the RQA of HRV were compared
with the measures mentioned in the original study.

In the original study by Ahonen et al. [80], ECG data was collected from
participants engaged in a classroom environment task based on computer
supported collaborative work (CSCW). Three linear measures; mean (µ-HR),
root mean square of standard deviation (RMSSD) and SDNN were used
to establish measurements of an individuals’ physiological responses. The
synchronicity between the physiological response of members of a dyad
was measured using the concept of correlation coefficient. The study aimed
to address that, under the context of a shared cognitive task, the degree
of synchrony will serve to establish metrics that can gauge collaboration.
To support the research, pseudo pairs were carefully generated. The study
reported that only SDNN was effective in demonstrating the significant dif-
ference between real pairs and pseudo pairs as an indicator of collaboration.

In accordance with the original study, correlation coefficient was esti-
mated using the RQA measures for window sizes, 60, 100, 140, 180, 220,
260 and 300. For visual comparison, example of correlation coefficients for
the window size 300 across the RQA measures is shown in Figure 3.5. The
diagonals in the figure indicated correlation observed for real pairs, and
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elsewhere indicated the correlation for pseudo pairs. Any blank spaces in
the figure indicate that no pairing was formed as participants belonged
to different sessions. This ensured that the study was conducted only on
legitimate and valid pairs who synchronised in time and location.

The results of the permutation test for selected window sizes across the
RQA measures is summarised in the Table 3.1. From the table it can be
observed that, except for Lmax, all of the RQA measures considered in the
context significantly passed the hypothesis. These measures were observed
to be significantly greater in the real pairs under 95% confidence intervals.
Further, it shows that the RQA metric Rec was relatively more sensitive, and
the RQA metric H was observed to be relatively less sensitive.

From the results presented, it was observed that the RQA measures; Rec,
D, H and L offered alternate features which were equally sensitive to pair-
wise physiological changes observed in HRV relative to its corresponding
linear measures. The measures were used to assess the variability and
complexity of the IBI time-series. The physiological synchrony measured
using Pearson’s correlation coefficient of collaborating pairs was observed
to be significantly stronger compared to synchrony observed between non-
collaborating pairs. Further, a one-way analysis of variance (ANOVA) test
was performed to observe if there was any statistical difference between
the performance of time-domain HRV measure SDNN and RQA measures.
Figure. 3.6 shows the result of ANOVA, where it is evident that there is
no statistical difference between SDNN and the RQA measures; Rec, D, H
and L. This also confirms the presence of sensitive nonlinear features in
HRV dynamics under the short-term window sizes between 60-300. These
dynamics were sensitive to cognitive challenges faced by the participants
working in a team of two. Overall, it can be established that nonlinear
dynamic measures of HRV offer parameters that are sensitive to distinguish
collaboration via the concept of PS.

In a previous study by Sharif et al. [148] RQA was employed in the
analyses of team ECG data to distinguish relaxed vs stressed teams, re-
spectively. The study however, reported contrasting results where Lmax

demonstrated significant results relative to other RQA measures. Further
critically analysing the results, SDNN in the original study had suffered to
produce comprehensive significance when estimated for window size of
220. Contrastingly, nonlinear measures, Rec and L did not suffer from any
marginal or borderline significance. However, the parameter H, failed to pro-
duce significance for window size 60. Although, not in the border, D and H
often were less significant under window sizes 180 and 260. Coincidentally,
with Lmax not satisfying the significance, and D and H demonstrating less
significance on couple of instances, it can be established that the diagonal
profiles of RP could be relatively less sensitive. On the contrary, measures
Rec and L which depended on density and vertical-horizontal profiles of
RP, respectively offer relatively higher sensitive measures. In accordance
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with the reliability, comparing linear features vs nonlinear features of HRV,
the later offered 4 sensitive measures compared to only one by the former
approach. Because, the RQA measures provided significant correlation in all
window sizes, they can be considered more reliable and short-term robust
parameters for measuring SPC.
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Figure 3.6: Comparison of correlation coefficient produced by the linear measure
SDNN-HRV and nonlinear measures; Rec, D, H and L, respectively for real pairs
using a window size of 300 seconds
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Table 3.1: Observed significance (holm-bonferroni adjusted p-values) for selected
short-term window sizes estimated across the RQA measures; Rec, D, H, L and
Lmax obtained by comparing 95% confidence intervals of pseudo pairs with mean
correlations of real pairs. The observed level of significances are ∗ for p < 0.05, ∗∗

for p < 0.01 and ∗∗∗ for p < 0.001

Window
sizes (in
seconds)

RQA
measure

Pseudo pairs confi-
dence intervals

Real pairs Adjusted
p-value

2.50% 97.50% Mean correlation

60 Rec 0.041 0.17 0.192 0.018
∗

D -0.05 0.079 0.108 0.018
∗

H -0.015 0.11 0.106 0.065

L -0.027 0.092 0.11 0.018
∗

Lmax -0.026 0.092 0.047 0.292

100 Rec 0.026 0.195 0.238 0.008
∗∗

D -0.064 0.102 0.135 0.013
∗

H 0.003 0.16 0.177 0.016
∗

L -0.049 0.114 0.149 0.012
∗

Lmax -0.025 0.125 0.058 0.391

140 Rec 0.025 0.24 0.292 0.01
∗

D -0.072 0.137 0.162 0.027
∗

H 0.027 0.227 0.244 0.027
∗

L -0.061 0.155 0.194 0.017
∗

Lmax -0.032 0.142 0.051 0.517

180 Rec 0.018 0.251 0.304 0.009
∗∗

D -0.072 0.165 0.177 0.044
∗

H 0.037 0.265 0.272 0.044
∗

L -0.056 0.176 0.229 0.009
∗

Lmax -0.05 0.144 0.034 0.58

220 Rec 0.005 0.262 0.32 0.005
∗∗

D -0.083 0.177 0.204 0.028
∗

H 0.036 0.274 0.286 0.029
∗

L -0.078 0.172 0.249 0.004
∗∗

Lmax -0.046 0.164 0.083 0.302

260 Rec -0.022 0.254 0.317 0.008
∗∗

D -0.077 0.197 0.223 0.029
∗

H 0.04 0.299 0.307 0.041
∗

L -0.064 0.205 0.263 0.008
∗∗

Lmax -0.025 0.199 0.062 0.646

300 Rec -0.053 0.254 0.357 0
∗∗∗

D -0.102 0.198 0.236 0.019
∗

H 0.031 0.325 0.35 0.025
∗

L -0.091 0.19 0.255 0.008
∗∗

Lmax -0.047 0.212 0.096 0.419
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3.5 summary

The main objective of the study was to investigate whether RQA measures
provide significant indications of collaborative activity during a cognitive
challenging task. The results and analysis presented in the article compre-
hensively support our investigation. It was clear that physiological syn-
chrony between real pairs were observed to be significantly different from
that of pseudo pairs. Compared to time-domain HRV measures, the dynam-
ics of the HRV captured via RQA measures offer an attractive alternative to
SPC analysis during team studies.

Having established the concept of socio-physiological compliance from
team physiological data. The following Chapter explores EEG data in the
paradigm of an import affect aspect of individuals i.e., emotions. As men-
tioned in the Chapter. 2, EEG is one of the popular physiological data
in team settings. Most importantly, one of the objectives of this thesis to
achieve neural network based predictive algorithm. Thus, the following
chapter collectively addresses the concepts of EEG, human emotions and
ANN.



4
Preliminary Study-b: Using EEG

4.1 introduction

Human emotion is a collective reflection of psychophysiological and be-
havioural processes [160]. Investigating the influence of emotions has been
a focal point of various research domain such as individual performance,
performances in work-team settings [97], couple dynamics [160], monitoring
cognitive states [161–163], human-machine teaming and Brain Computer
Interface (BCI) studies [164–166]. Identifying markers or patterns pertaining
to emotions can certainly benefit such studies.

The ability of EEG to capture accurate responses concurrently from mul-
tiple regions of the brain has been a primary encouragement for emotions-
based human performance and BCI research [44, 167]. However, the low
signal to noise ratio and higher dimensions of EEG signals, respectively,
objective identification of emotions is computationally intensive. Thus, af-
fective computing research community has been very active in this domain
with a purpose to better identify patterns and improving classification
accuracies [168]. Such advancements critically define the widespread usage
and broader applications surrounding human emotions. However, majority
of the studies are limited to laboratory environment. With the increased dis-
cussion about autonomous systems, and human machine teaming [161–163],
trust and emotions are becoming widely discussed topics. In order to aim
for real-world applications in these fast evolving domains, there is an in-
creased need for real-time monitoring of emotions in practical applications.
While wearable devices are providing a means of real-time access to the
data, advanced computational models are required to handle the real-time
processing for emotion recognition [169, 170].

A typical study employing EEG signals involves decomposing time
domain channel data into frequency bands [171, 172] or wavelet compo-
nents [173], followed by application of a suitable feature extraction methods
and training a classifier model. Conventionally, EEG signals are decom-
posed into 5 frequency bands α (8-13Hz), β (14-30Hz), δ (1-3Hz), θ (4-7Hz)
and γ (31-50Hz) [44]. Feature extraction methods such as Pearson Correla-
tion Coefficient [174, 175], differential entropy [176], differential asymmetry,
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rational asymmetry, power spectral density [177] and differential causal-
ity [178] have been proposed to train a classifier model [167, 179]. Literature
also mentions the use of dimension reduction methods such as principal
component analysis (PCA) [177], kolmogrov-smirnoff tests (ks-test) [91,176],
fisher projections [178] and minimal-redundancy-maximal-relevance [177]
where applicable. In emotion classification domain, classifiers such as SVM,
KNN) have been employed for classifying the features [91, 97, 166, 176].
The advancements in artificial intelligence computation has additionally
fostered neural network algorithms such as dense belief networks [178],
dynamic graph convolutional neural networks [167] and dense neural net-
work (DNN) with sparse autoencoder (SAE) [174]. From the literature,
it is observed that artificial intelligence based algorithms relatively have
achieved superior results [164, 167, 168, 174, 180, 181].

The artificial intelligence based models are very popular among mul-
timedia data or structured data where explicit labelling is available and
favouring real-time applications [178]. Unlike video or image classification,
the low signal to noise ratio of EEG signals require several transformations
before a formal application [178]. Such processes may not be favouring a
real-time classification problem. Further, it can be observed that, the con-
ventional dimension reduction techniques such as PCA is not applicable
because during online processing the test data is unknown [91]. The di-
mension reduction techniques, for example, PCA generally operates by
taking the entire data set, learns correlations within the dataset and then
provides best features that can improve classification accuracy [91, 182].
Such procedure performs better when entire data pool is available.

To overcome the critical needs of real-time emotion classification from
multi-channel EEG signals, the article proposes a MC-DCNN. The article
investigates whether such a neural network can extract appropriate features
with minimal data processing, and still achieve good classification accuracies
and in real-time. Publicly accessible dataset SJTU Emotion EEG Database
(SEED) [183] is employed in the study. From literature [167,168,174,177,178]
employing SEED dataset, two methods are proposed to generate training
and test data such as subject independent and subject dependent. The
objective is to utilise labelled samples from previous users to model a
classifier for predicting emotions of new users [184,185]. From the literature
[168, 180], it is observed that the subject independent method has been
challenging resulting in relatively lower accuracies or very high standard
deviations. MC-DCNN is evaluated using all three types of data splitting
methods mentioned above, and the results are compared with SVM and
KNN.
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4.2 materials and methods

4.2.1 Experiment and Dataset

The SEED dataset comprises of data collected from a cohort of 15 par-
ticipants (7 Males and 8 Females). Each participant performed three ex-
periments on three different days. During each experiment, a participant
completed 15 trials with every trial lasting approximately 4-minutes. A
total of 15 Chinese movie clips with 5 clips in each of neutral, positive,
or negative emotion category were randomly played during the experi-
ment. EEG data was collected at a sampling frequency of 1000Hz using
a 62-channel cap with electrode placements following 10-20 international
system as shown in the Figure. 4.1. The public repository [183] contains
both the pre-processed EEG data and features extracted using five differ-
ent methods. The procedure for processing the data including removal of
unwanted artefacts and feature extraction is explained in detail by Zhang
and Lu [178]. The repository comprised of two feature sets for each feature
extraction methods, one set was smoothed using moving average filter, and
the other using linear dynamical system.

4.2.2 Data Preparation

The analysis presented in the article uses only data from experiment-1 of
all 15 participants. This is to ensure a fair comparison with the DNN-SAE
emotion recognition model by Luo et al. [174]. Accordingly, there were a
total of 225 (trials) data from 1(experiment)× 15(participants)× 15(trials).
The lengths of EEG data varied between 30000 (minimum) and 54000

(maximum), which would result in unequal number of samples. The data
was cleaned using the method mentioned by Luo et al.. The process removes
any spurious disturbances or noise at the beginning and end of EEG signals
and ensured each class had equal same of samples. Hence, from each 4-
minute trial data, 80-second segment (16000 samples) from the centre was
extracted. Further, Luo et al. evaluated their model using two different
excerpts sizes; 12-second and 8-second, and demonstrated that the latter
produced better accuracies. In this light, 80-second segmented data, 8-
second excerpts (1600 samples) were extracted with an overlap of 4-seconds.
Thus, post cleaning each trial contributed 19(excerpts) × 62(channels) ×
1600(samples).

4.2.3 Training and Test Data

In the context of SEED data, three different methods were found in the
literature to generate training and test data as discussed below. Irrespective
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Figure 4.1: The topological representation of electrodes orientation of the EEG cap
employed in this data

of the approach, both the training and the test sets were randomly shuffled
before employing in a classifier model.

Subject Independent

si1 The method was adopted by Luo et al. [174] which is also considered
a standard norm to evaluate a neural network based classifier. Here, data of
all 15 participants from experiment-1 were first pooled providing a total of
4275 (from 225(trials)) excerpts. The pool was then split into 80% training
(3420 excerpts) and 20% for testing (855 excerpts).

si2 The method was formally introduced by Wang et al. [179] as "leave one
subject out", and was also adopted by Li et al. in [180]. Accordingly, data from
14 participants; 3990 (14(participants)× 15(trials)× (19excerpts)) excerpts
are used as training set and data from one participant; 285 (15(trials)×
(19excerpts)) excerpts were used for testing. This procedure was repeated
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15 times such that every participant was tested against a MC-DCNN model
that was trained using data from remaining 14-participants.

Previously under SI2 procedure, SVM and KNN produced the best per-
formance using linear dynamical system-smoothed differential entropy
features (hereafter, referred to as DELDS) [176, 178]. Energy of all five fre-
quency bands from each of 62-channels (total of 310 features) achieved the
best performance. For detailed analysis about performance results from
other tests, readers may refer to original studies [176, 178]. In this light,
present study compares the performance of MC-DCNN with SVM and
KNN as shown in Table. 4.3. To ensure a fair comparison, when regenerat-
ing results of SVM and KNN, centre 80-second segment was selected from
the feature-set and no features were discarded.

Subject Dependent (SD)

The method was first mentioned by Duan et al. [177] when differential
entropy feature extraction method was proposed for emotion classification.
First 8-trails of an experiment were used as training and next 4-trials from
the same experiment were used for testing. The second mention of a similar
method was found in the article [178] by Zheng et al. where data from
9-trails of an experiment were used for training and next 6-trials from the
same experiment were used for testing. Zheng et al. used the method to
compare performance of dense belief networks with SVM and KNN meth-
ods, respectively [178]. The method mentioned second was also repeated
by Song et al. in [167], Wang et al. in [179], Wang et al. in [168] and Li et al.
in [180].

In line with methods mentioned in literature [167, 168, 179, 180], MC-
DCNN was evaluated individually for each participant. First 9 trials of a
participant’s data (171-excerpts) were used for training and the remaining
114 excerpts were used for testing. Similar to SI2, the performance of MC-
DCNN were compared with SVM and KNN as shown in Table. 4.3. The
centre 80-second segment of DELDS were utilised for generating results of
SVM and KNN.

4.2.4 Multi-Channel Dense Convolutional Neural Network

A generic version of the proposed MC-DCNN classifier model is shown in
Figure. 4.2. The model was constructed using Tensorflow and Keras libraries
[186]. In abstract, MC-DCNN is a fully connected model comprised of
three blocks of neural networks. The extracted EEG signals excerpts are
passed to convolutional layers to extract features, which is then encoded
and decoded by SAE and finally, a classifier based on dense layers of
perceptron’s generates the output.
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Figure 4.2: Architecture of the multi-Channel dense convolutional neural network

Convolution layers

The convolutional layers are intended to extract features from the training
excerpts. Convolution operations were achieved using 1-dimension con-
volution function such that during training the impulse response of filters
developed to resemble finite impulse response filter or wavelet type filter.
Hence, the size of filters k was varied between 5, 7, 9 and 11. No significant
variations were observed in the performance for difference values of k and
an optimal value of k = 9 was chosen for generating results. The number of
training epochs was set to 100, with a trigger mechanism to stop training
when over-fitting was detected. The training was stopped if any of the
following three different conditions was detected.

• If the average accuracy in previous 3 epochs exceeded 99%.

• If the moving average test loss for previous 20 epochs continued to
increase.

• If the moving average of the difference between training loss and
testing loss for previous 10 epochs continued to increase.

During a training epoch, n excerpts of size 62(Channels)× 1600 were fed
i times through the model. Where, n and i represent batch size and step
size such that n × i ≈ number o f training excerpts. And, as shown in Fig.4.2
there were M filters in each layer which were activated using the rectified
linear (reLU) function. As shown in eqn. 4.1 the reLU function ensures only
positive values progressed through the network.

reLU(t) = max(0, t) (4.1)

The parameters used to configure the MC-DCNN model corresponding
to each of the data preparation methods is detailed in Table. 4.1. Since the
number of training excerpts in subject dependent method were only 171, to
avoid potential over-fitting the number of filters M is set to 9.
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Table 4.1: Parameters used to generate a model for training and testing

Train and test
set generation
method

Batch size (n) Step size (i) Filters (M)

SI1 32 107 32

SI2 32 125 32

SD 19 9 9

In the global average pooling layer, the output from each of the filters
were first averaged and then flattened which results in averaged feature
vector of size 62(Channels)× M( f ilters) .

Autoencoder

The output vector of global averaged pool layer was then fed to the SAE-
block which learns low-level features. The encoding and decoding operation
also serve as smoothing operation to remove noise, which is similar to
feature smoothing operation mentioned by Duan et al. in [177] achieved
using moving average filter or linear dynamical system methods. Although
here the layer-weights of SAE-block are adjusted automatically during the
training process. After training, the weights of SAE layers will be tuned to
recognise patterns in the incoming data enabling the same encoding and
decoding operation during the compression and decompression phases.

As shown in Fig.4.2, the SAE operation was achieved using three layers
with first and third layers, respectively had 512 perceptron’s, and the middle
layer had 64 perceptron’s. The output of a perceptron is as represented by
reLU(z) where z is as defined in the eqn. 4.2,

z = w × x + b (4.2)

w and b represent the weight and bias, respectively, leading to a percep-
tron, and x represents input to the perceptron from its previous layer. Since,
the model is trained with a certain batch size n, eqn 4.2 can be represented
as shown below

Z = W × X + b⃗ (4.3)

where, the element x in eqn. 4.2 is represented as a matrix X in the
eqn. 4.3. The size of X corresponds to l × n, where, l represents number of
outputs from the previous layer. Consequently, the weights and the bias’ are
also represented by matrix W and b⃗, with their corresponding sizes which
depend on the number of elements between the layers.
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Dense Perceptron Layers

The dense layers emulate multivariate logistic regression operation. As
shown in Fig.4.2, the block consists of three layers with 128 perceptron’s in
layer-1, 64 perceptron’s in layer-2 and 3 perceptron’s in layer-3 correspond-
ing to each class of data. The output of perceptron’s in layer-1 and 2 is as
represented in eqn. 4.2. The classifier output ⃗̂y from layer-3 follows so f tmax
activation function as shown in eqn. 4.4,

⃗̂y =
ez

∑2
c=0 ezc

(4.4)

where, c ∈ 0, 1, 2 represent emotion classes in the dataset.

Loss Calculation and Training Optimisation

Since there were three different classes, loss was calculated using
sparse categorical crossentropy function as shown in eqn. 4.5 in the pro-
cess to achieve convergence.

L(⃗ŷ, y⃗) =
2

∑
c=0

yc log ŷc (4.5)

where, y⃗ and ⃗̂y represents the expected output and estimated output,
respectively.

Adaptive momentum Adam optimisation function was employed to opti-
mise the learning process, avoid potential over-fitting, and achieve better
convergence. The hyper-parameters of Adam optimiser were retained in
its default settings such as, mean of the moment, β1 = 0.9, exponen-
tial weighted average, β2 = 0.999, division by zero correction parameter,
ϵ = 10−8 and the learning rate, α = 0.001 [187]. On the back propagation,
the hyper-parameters tune the weights W and the bias b⃗ corresponding to a
layer.

4.3 results and discussion

The primary purpose of MC-DCNN model is to achieve good results for
a real-time emotion recognition, where training can be limited to an exist-
ing pool of data. The performance is quite unknown when the classifier
model encounters new features. To cater for such a scenario, the proposed
model was tested on three different types of training data, targeting subject
independent and subject dependent methods. The two cases of subject
independent training results of MC-DCNN presented in Table. 4.2, aims to
check the proposed techniques robustness to completely unknown data.

The training and testing accuracy using the SI1 method is shown in
Figure. 4.3 demonstrating that MC-DCNN achieves a best accuracy of
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Table 4.2: Summary of MC-DCNN accuracies observed from different training and
test data generation methods

Train and test
set generation
method

Accuracy Average accu-
racy from 15

participants

Accuracy stan-
dard deviation
from 15 partic-
ipants

SI1 97.42 - -

SI2 - 67.27 7.02

SD - 75.47 10.8

97.42%. It can be observed from the graph that the training was stopped
automatically when the average training accuracy in the previous three
epochs exceeded 99%. Correspondingly, the average testing accuracies in
the epochs neither improved nor declined. However, the steady rise in
the loss towards the end of training indicates that the testing accuracy
would have dropped. Such trends indicate over-fitting, and the training was
terminated automatically. In comparison, using the same data split method,
the DNN-SAE model by Luo et al. [174] achieved a maximum accuracy of
96.77% using PCC features. However, the procedure of obtaining such an
accuracy required the convolutional and SAE layers of the DNN-SAE model
to be trained with all of the data. Contrastingly, MC-DCNN presented in
the article achieves a better accuracy on a completely unseen 20% test data.

The results of SI2 and SD for all 15-participants is summarised in Ta-
ble. 4.3. In the context of SD, the accuracies of MC-DCNN varied between
a minimum 60.52% (P-5) and a maximum 96.49% (P-9) at an average of
75.47%, and standard deviation of 10.8%. In comparison SVM and KNN
achieved average accuracies of 80.34% and 71.72%, respectively. However,
the standard deviations of SVM and KNN accuracies were 16.55% and
15.18%, respectively. It can be inferred that although SVM produced high
average accuracy, the classification errors are relatively higher. In summary,
the results clearly show that MC-DCNN is capable of achieving better accu-
racies compared to KNN and SVM, even when dimension of data is large
and volume of data is less.

In the context of SI2, accuracies of MC-DCNN varied between the min-
imum 55.08% (P-13) and maximum 76.84% (P-8) at an average of 67.27%
and standard deviation of 7.02% as can be seen in Table. 4.3. In compar-
ison, SVM and KNN produced relatively lower accuracies of 42.78% and
55.00%. Overall, it can be established that MC-DCNN can produce better
performance irrespective of the data preparation methods.

Using SEED dataset, Li et al. [180] reports a maximum accuracy of 93.12%
and 85.40% for SD and SI2, respectively. Comparing overall accuracies, Luo
et al. [174] reports the best accuracy of 96.77%. In this regard, MC-DCNN
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Figure 4.3: The plot of accuracy and cross entropy loss obtained from the model
employing training and testing sets generated using the SI1 method

achieves the best accuracy of 97.42%. However, on closer inspection, we
observed that the data selection processes employed in literature [174, 177,
180] are not same. Such comparisons may not provide a fair estimation
of performance, hence, we restrict our recommendations solely based on
results presented in Table 4.3 and 4.2.

Another advantage of the proposed method is the use of only pre-
processed data as input to the model of emotion recognition. Computational
cost encountered due to dimension reduction and feature derivation may
not offer a practical real-time solution. Thus, the proposed MC-DCNN en-
ables better classification of emotion classes via the modelling of 62-channels
pre-processed EEG data.

Since, MC-DCNN achieves robust performance for unseen data (i.e., SI1
and SI2), the need for repeated training can eliminated. Thus, although the
convergence requires 80 epochs which could be time consuming, however,
is a one-time process which is an advantage in real-time application.
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Table 4.3: Accuracies observed across all 15 participants’ experiment-1 data using
KNN, SVM and MC-DCNN using SD and SI2 data splitting methods. The average
and standard deviation row is obtained across all 15 participants

Participant SD SI2

KNN SVM MC-
DCNN

KNN SVM MC-
DCNN

P-1 83.33 96.04 90.35 60.83 61.50 65.26

P-2 65 93.33 63.15 42.50 44.83 62.79

P-3 71.45 93.54 83.33 53.16 58.60 59.29

P-4 100 96.25 78.07 35.33 64.58 74.03

P-5 45 77.08 60.52 40.75 70.91 69.12

P-6 97.77 100 85.08 61.00 46.66 63.85

P-7 50 78.95 73.68 42.50 47.08 60.35

P-8 77.91 70.41 84.21 54.91 65.33 76.84

P-9 86.04 90.2 96.49 33.33 60.00 57.89

P-10 64.5 66.66 62.28 39.41 59.16 67.71

P-11 67.08 77.77 72.8 53.08 73.16 76.48

P-12 72.29 67.08 81.57 27.91 44.14 74.69

P-13 73.5 75.62 63.15 33.33 38.41 55.08

P-14 55.2 88.95 70.71 30.41 91.75 69.47

P-15 66.66 33.33 66.66 33.33 53.33 75.72

Average/
Standard
deviation

71.72/
15.18

80.34/
16.55

75.47/
10.8

42.78/
10.74

58.63/
13.79

67.27/
7.02

The classification of emotion states could often be an abstract problem
as emotions can vary from subject to subject and strongly depends on
stimulation type. Irrespective of data preparation method, the variation in
accuracies explains that the participant achieving lowest accuracy demon-
strated that there were high variances between the training features and
test features leading to an under-performing model. It must be also noted
that the volume of data considered in the current context is less than half
the size considered in previous studies.

Future research could focus on observing the performance of MC-DCNN
when trained on large volumes of data. Or some form of feature extraction
where channel data could be selectively used in training instead of using
data from all the channels. We strongly believe that, using a full set of data,
and appropriate channel selection method [178], the model can perform
better classification. However, this is beyond the current intentions of the
model which is primarily focusing on online classification with real-time
application.



4.4 summary 66

4.4 summary

The article demonstrates a suitability of using MC-DCNN for online clas-
sification of emotions from EEG data. The performance comparison with
the offline techniques (SVM and KNN) shows that MC-DCNN achieves a
competitive performance when testing features are unknown. Pre-processed
EEG data could be directly fed to MC-DCNN enabling a streamlined de-
tection of emotion classes. The article demonstrates that MC-DCNN can
handle large dimension of data achieving reliable accuracies of 75.47% even
when 40% of the data is completely unknown to the trained model. The
model is capable of achieving the best testing accuracy of 97.42% when
trained on larger volume of training samples.

The following chapter sees the employment of ideas, concepts and the
knowledge established through the review and preliminary studies. It
starts by addressing one of short comings of current approach, i.e., via
establishing novel empirical framework built on the fundamental concepts
of team studies and principles of IPO framework. As such, it introduces a
novel team task environment and carefully chosen PBR devices, participants
recruitment and experimental procedure. It introduces capabilities of task
dynamics in the exploration of team related hypothesis and some of the
preliminary task performance results.



5
A Novel Multimodal and Multiparty
Collaborative Experimental Framework

5.1 introduction

Experimental platforms are an integral requirement of studies researching
team performance. According to IPO framework [3], conditions of task and
properties of PBR techniques [44] play a vital role in the investigation of
team based hypotheses. Thus, an experimental platform comprising of team
task environment, PBR techniques and subjective questionnaires as shown
in Figure. 5.1 form essential requirements for indirect objective evaluation
of team related attributes. Moreover, in the current era where automation
and real-time data are becoming vital, there is increasing reliance on such
platforms in the context of collaborative tasks [188].

Previously, team research has employed various task environments, how-
ever certain drawbacks and limitations are inherent as mentioned in sec-
tions. 2.6 and 2.6.1. In summary, team research integrate off-the-shelf PBR
with STE to establish an experimental platform, and internet-based survey
platforms or paper-based methods are employed for collecting subjective
feedback [132]. The integration requires compatibility between software
applications to ensure valid reference markers are available in the data.
Often, such unification lacks in coherency and compatibility issues posing
additional drawbacks, and hampering effective and efficient investigations.

This chapter introduces a state-of-the art experimental platform specifi-
cally designed to address team based hypotheses. The platform integrates a
novel team task with four types of PBR techniques; EEG, ECG, eye-tracking
and communication, and team based questionnaires. Data collected from
seventeen 3-member teams were used for evaluating the platform. Evalua-
tion parameters included integration compatibility, participation experience
using task load indices and implications of task dynamics data for perfor-
mance evaluation of teams. Discussion reveals, how this platform overcomes
some of the current limitations, as-well-as, the capability of the data to pro-
mote a broad spectrum of possible team related analyses with minimal
unwanted demands on the participants. With the current trend focusing
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Figure 5.1: Key components of the experimental framework based on the principles
of IPO for team performance analysis, comprising of team task environment, PBR
techniques and subjective questionnaires.

on PBR based objective evaluation of team-related attributes, this platform
could serve as a model for preparing better experiments.
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5.2 the tank-battle task

5.2.1 The Synthetic Task

Figure 5.2: Main operating window of the tank battle simulation task and modalities

A novel tactical monitoring and protecting task namely “The Tank-Battle
Simulation” was developed for this study. The Task is a 3-member multi-
party collaborative and cooperative task environment. Unity® game engine
[92] and mirror networking for Unity [189] was used to develop this task.
The main simulation window is as shown in the Figure. 5.2. There are three
components in the main window: (a) a 3-dimensional fixed-view of the task
area, (b) a panel conveying critical information to the members, and (c) a
timer window.

In the current configuration, the simulation regularly spawns UGVs at the
circular edge of the map (marked with blue broken-lines in the Figure. 5.2)
in a predefined pattern and approach a central Base Station (BS). The main
objective of the task is to maintain the health of the BS as high as possible.
From the spawn position, some UGVs continuously travel around the BS,
whereas others move in a straight line. Two variants of UGVs, i.e., the enemy
and the friend approach the BS. The enemy variants attack the BS by firing
projectiles, which reduces the health. And the friend variants bring aid to the
BS such that if the aid is successfully received, the health of BS increases.
Teams composed of three members; Alpha, Bravo and Charlie, must work
together cooperatively and strategically to maintain a good health of the
BS. Each player will be assigned a semi-autonomous BT that can destroy
UGVs. Teams must protect the BS from incoming enemy attacks, and avoid
destroying friendly UGV to successfully receive the aid. This task incor-
porates an effective push-pull communication mechanism for enhanced
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collaborative activity (section. 5.2.2), a method that implements physically
effortless operation to attract wider demographics (section. 5.2.3), a pre-
defined complex pattern enabling inter team comparison (section. 5.2.5),
and a wide range of configurable parameters for tuning task dynamics
(section. 5.2.4).

5.2.2 Push-pull communication

To encourage effective collaboration through communication, information
push and pull mechanism is embedded into the task environment. This
is achieved by assigning each UGV with a global-identification (GID) and
unique-identification (UID)s. The GID serves as a global-reference (g) and
the three unique-references un, one for each member i.e., n ∈ {1, 2, 3}
resemble an identifiable parameter such as vehicle speed or radar detection
frequency. The reference g is alpha-numeric, visible for all members, and
will not be the same for any two UGVs. And the reference un ∈ Z, {5 ≤
un ≤ 30, and u modulus 5 = 0}, is unique for each member and hidden. A
UGV will be enemy if ∑

n
(un) = 30, otherwise the UGV will be a friend. For

any UGV, a team-member can only view their u, and are obliged to verbally
exchange the information with others to determine whether the UGV is
an enemy or an ally. To view the reference un of a UGV, a member must
bring a mouse-pointer on the UGV. By inducing the information push-
pull mechanism, the environment generates a team-level information void
that can be filled with successful communication. This enables players to
verbally exchange their UIDs with each other to judge the variant of a UGV
before attacking or passing. Incorrectly judging the variant of a UGV or
delaying to determine the identity of the UGVs, can cost BS health either by
missing aid or attack from enemies. Intelligible communication is key for a
successful exchange of UGV information enabling efficient identification of
enemy and friend variants. Hence, successful task performance is possible
only through effective communication. Further, to ensure that there was
less demand on individuals’ mental load through summing, only multiples
of 5 and < 25 were used as UID’s.

5.2.3 Simplified Player Object Control

Team members must control their assigned a semi-autonomous BT, which
can be used to engage in attack (fire projectiles at enemies), and navigate to
a location on the map. This could be achieved with just a push of left-click
mouse button. Simply clicking anywhere on the map will command the BT
to navigate to the clicked location. And simply clicking on any incoming
UGV will command their BT to fire projectiles at the UGV.
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5.2.4 Configurable Parameters

Table 5.1: List of configurable objects and parameters with example settings

Object/Parameter reference current setting

number of BT projectiles P 20

BT energy recovery tE 20 seconds

BT projectile fire rate BTPFR 0.5 seconds

BT acceleration BTacc 2000 units

UGV spawn interval tUGV 7 seconds

UGV projectile fire rate UGVPFR 0.5 seconds

UGV acceleration UGVacc 1500 units

number of waves W 6

number of enemies/wave UGVF 38

number of friends/wave UGVE 39

configurable spawn locations

BS starting health H 20000 units

For efficient adaptability of the system for different testing scenarios, the
STE allows configuration of many objects and parameters. All configurable
parameters of the STE are listed in the Table. 5.1 along with its current
settings.

The BTs can be configured to carry P number of projectiles. When a
player exhausts all their projectiles, their BT enters energy recovery mode
for time tE seconds. UGVs in the simulation are spawned regularly with
an interval tUGV and the spawn locations are at equal distances from the
centre of the BS such that they take equal time to enter the scene.

At the start of a trial, the health of BS is allotted H units which corre-
sponds to 100%. As the BS receives aid from friend variants, the health
improves, and when attacked by enemy variants, the health decreases. Any
variation in health of BS is reflected in the base health (%, Figure. 5.2).

Overall, early mitigation of enemies minimises loss of BS health, and
successful retention of friend variants till their end of life, rewards health
to BS. The BTs carry limited ammunition, and the operating space is large,
hence, members must effectively collaborate to maximise their productivity.

5.2.5 Task Intensity and Spawn Pattern

This is an example scenario which is designed to last approximately
11-minutes. The scenario comprises of six-waves; the first three are
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low-intensity (360-seconds) and remaining three are high-intensity (318-
seconds). A wave in low-intensity phase spawns 8-friends and 5-enemies
at tUGV interval and gap between waves was 30 seconds. A wave in high-
intensity phase spawns 4-friends and 9-enemies at tUGV interval and gap
between waves was 15-seconds. In any wave, the spawning was such that
first 9-UGVs were spawned sequentially from three different corners of the
map, and last 4-UGVs were spawned from one section. Spawn locations and
variant type followed a defined pattern, however, patterns were different
for all 6 waves and all four trials of the experiment.

5.2.6 Task Summary and Performance Measures

The primary objectives of the task can be summarised as:

• communicate with other members of the team to recognise the threat
by identifying enemy and friend variants

• destroy enemy UGVs to protect the health of BS.

Accordingly, points are awarded for the maintaining overall health of
base station as BH, for correctly recognising friends to receive bonus gain,
and points are deducted for getting attacked by enemies loss.

5.3 materials

5.3.1 Participants

Recruitment

A list of eligibility criteria was defined to ensure integrity and effectiveness
of results, and to safeguard potential ill-effects on the experiment due to
susceptible participants. Accordingly, the first safety guideline instructed
participants with any psycho-pathological disorders (e.g., post-traumatic
stress disorder), neurological conditions including pregnancy must refrain
from the experiment. This was to avoid any influence on physiological
measurements [190, 191]. The second guideline was in line with the sugges-
tions from Laborde et al., which restricted any participation from people
suffering any physical health conditions (e.g., medical implants, sitting for
a 1.5 hours) [192].

Age restriction was followed to ensure only participants between 18-60

years were included in the experiment. The broadened age cap promoted a
diverse group of adults to participate in the study. However, it has been re-
ported that, participants beyond this age demonstrated decline in cognitive
abilities such as abstract thinking, learning and problem solving [193–195].
Only dominant and naturally right-handed mouse users were selected for
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participation [191]. This minimised any influence of system error where
decision-making process was not affected by hand-usage orientation.

All the aforementioned criteria and guidelines were listed on the ad-
vertisements and conveyed to interested participant via the email. The
invitation email to all participants requested that they refrain from con-
suming any caffeinated beverages 2-hours before arriving and refrain from
consuming any alcohol the previous day. In addition, participants were
informed via the plain language statement before starting the experiment.
Participants were recruited through advertisement flyers, snowball sam-
pling and word-of-mouth methods. A soft copy of the advertisement was
posted on the social media platforms (e.g., Linkedin, Facebook) and Deakin
University related posts and pages were targeted.

Demography

To test the capabilities of the task environment, seventeen 3-member teams
were invited to participate in the study. The novelty of the task meant
that all members had no prior experience with the task, and members of a
team were not familiar with each other. The participants pool comprised
of 36-males and 3-females (age: mean (µ) = 31, standard deviation (σ) =
7) with normal or corrected-to-normal vision and naturally right-handed
computer mouse using capabilities. Informed consent was obtained from
all the participants. The authors acted as facilitators to help the participants
wear the PBR devices.

5.3.2 Experimental Setup

The experiment was setup using four desktop computers. One computer
hosted the STE (Server/Manager) and three computers for team members.
All computers were running Microsoft Windows 10 operating system with
core i-7 processor and NVIDIA GeForce GTX 1080Ti Graphic Processing
Unit. The task was projected on 24 inch Monitor at 1080 × 1920 resolution.

5.3.3 Multimodal Physiological Data

The modalities were chosen such that they offered continuous, unobtrusive,
non-invasive and preferably wireless means to acquire physiological and
behavioural data. The following four selected methods serves this purpose.

Electroencephalography

As introduced in Chapter. 4 and remarks in previous literature [44] suggests
that human cognitive and emotion studies benefit from electrical brain
activity recordings. EEG is one of the techniques that meets such a demand
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Figure 5.3: An overview of experimental setup demonstrating how every physi-
ological and behavioural techniques are integrated and communicated with the
server (Manager) and client machines (Alpha, Bravo, Charlie)

and fits the team study requirements mentioned in sections. 2.2.1 and 2.3.2.
Additionally, compared to other techniques such as FNIRS, the bluetooth
connectivity and software flexibility allows outdoor mobile and operational
convenience. EEG data was collected using wireless Emotiv® EPOC+ with
14-channels using 10-20 international system electrode placement [90] as
shown in Figure. 5.4a and 5.4b. Three devices (one for each participant) were
connected to participants’ computers using bluetooth dongles as shown in
Figure. 5.3. The software stores all the data on a cloud server, and offers
support for formats European data format (*.edf) and comma separated
value (*.csv)

EEG represents compound responses from different parts of brain i.e.,
Thalamus, Hippocampus and Parietal lobe [44]. The method employs array
of non-intrusive electrodes distributed over scalp, a technique to record
electrical activity (voltage differences) between electrodes [44] as shown
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in Figure. 5.4a and 5.4b. The electrical activity is a result of rhythmic
oscillations due to neuronal activity (action potentials) originating from
corresponding area of brain [44]. A channel of EEG-hardware records
a collective activity from a population of neurons in the vicinity of the
electrode. Rhythmic oscillations elicited from this synchronised activity can
be observed via distinct frequencies. Subsequently, these oscillations could
be detected by sensitive electrodes at the scalp. Lopes (2013) [196] defines
these neural oscillations as a significant increase in peak power of the EEG
signal observed at a particular frequency spectrum. Spectrum’s that are of
interest in this thesis were introduced in sections. 2.2.1 and 4.1, and is brief
explained below.

• δ (Thalamus) is mostly observed during deep sleep [44, 197].

• θ (Hippocampus) are observed during motion (limbic activity) and
are also signs of familiarity indications [44, 198]

• α (Thalamus) waves indicate alertness, focus, and working memory.
Presence of α characterises alert wakefulness yet relaxed state of a
person [44, 199].

• µ (Parietal lobe) is combination of mostly α with small influences of
β, a characteristic of maintaining physical stillness in awake [44, 200].

• β (Parietal lobe) waves with lower frequency are indication of con-
centration and busy thinking, also representation of involvement in
emotion induced tasks [44, 201].

• γ (Hippocampus) is related with problem solving, sense of fear, mental
processing and consciousness [44, 202].

Electrocardiography

The preliminary study in Chapter.3 demonstrated the use of ECG signals in
the study of SPC. Primarily, ECG represent cardiovascular activity which is
a collective response from the sympathetic and parasympathetic divisions
of the ANS. Various measures of ECG that are of interest in team settings
is addressed in section. 2.2.1. ECG offers advantage such as quick reflec-
tions, short and long-term variability to psychosocial stress and workload
demands [44]. In addition to physiological synchrony, measures of ECG
data are used to represent temporal variations in cognitive states [203].

HR = 60(s)/ibi(ms) (5.1)

Polar H10 devices were used to collect heart-rate (HR) and raw R-R
intervals data [204]. The quality of data from this particular device has been
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Figure 5.5: An overview of the custom developed windows application to simulta-
neously record raw IBI data from three different devices. For verifying the working
of the device and to ensure transparency with participants, the raw IBI values were
converted and displayed as beats per minute using eqn. 5.1.

previously verified by Gilgen-Ammann et al. [204]. The device resembles
a belt that could be wrapped around the chest region and uses surface
electrodes enabling non-invasive method to acquire the data. A custom
application was designed to meet the software requirements (Figure. 5.5)
such that three devices were connected to the server via bluetooth as
shown in Figure. 5.3. The application continuously records raw IBI with
universal time stamps data into three different (*.csv) formats; one for each
participant. Rows in the raw data consisted of universal time stamp and
IBI in milliseconds. In the light of this thesis, the hardware and software
perfectly fit the requirement. More details on raw IBI series is provided in
Appendix-A.

Eye-tracking

The activity of human eye is dependent on task and operating contexts
[205]. These activities can be categorised as eye-movements tracking and
pupillometry [44]. Fixations and saccades are common measures derived
from eye-movements. Fixation accounts for the ability of humans to regulate
the retina image stabilisation with an effort to extract information, and
saccadic measurement accounts for movements between point of gazes
to acquire correlated information within the visual space as shown in
Figure. 5.6. On the other hand, pupillometry accounts for pupil dilation
where the size of pupil is regulated by muscles, the sphincter pupillae and the
dilator pupillae. Contraction and dilation processes are sensitive to cognitive
and mental demands, and during affective and attention processing [206].
However, the process is more sensitive to changes in lighting to regulate
the amount of light that enters the cornea [207].

Retrospectively, pupillometry and eye-movements measurements re-
quired different approaches. Early eye-movements measurements were
achieved using multiple cameras such that one camera was located on a
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Figure 5.6: An overview of gaze measurements demonstrating fixations and sac-
cades in the task environment

desktop focusing the subject and the other was on the head of the sub-
ject [208]. And pupillometry was achieved using video oculography, where
infrared cameras recorded the pupils and image processing was used to
account for variation in sizes. As explained in section. 2.2.2, the above
mentioned gaze measures are of greater significance in team-level inves-
tigations. Recently, technological advancements such as Gazepoint GP3

enable real-time acquisition of both measurements, and hence was adopted
in this research. Gazepoint GP3 is a desktop-based eye tracking device,
capturing participants eye gaze data at 60Hz sample rate [88]. The devices
were placed under the visual display and the data was recorded using
Gazepoint Analysis software. The gazepoint data was locally recorded on
participants’ computers.

Gaze and Eye-related measurements

The software provides universal time-stamped measures of best point-
of-gaze (BPOG) (x and y coordinates in relation to the size of the visual
display), fixation point-of-gaze, fixation identification number (f-ID), saccade
magnitudes, left and right pupil diameters, blink rate, blink duration, blink
identification number and binary validation indices for all measures. All
the data can be extracted in *.csv format.

Importance of Gaze in Team Settings

As introduced in section. 2.2.2, the investigation of eye movement be-
haviours to unfold collaborative processes has garnered significant interest
among researchers in recent years [79, 209, 210]. During collaborative activi-
ties, members of a team coordinate and cooperate over a shared space to



5.3 materials 79

achieve common task objectives [211]. As a result, interacting members sub-
consciously and consciously exhibit eye-movement behaviours to learn each
other’s intentions, and to demonstrate one’s intentions for others [211, 212].
Such behaviours are conceptualised as joint attention [133, 213–215] and
distributed gaze [21, 81, 216]. Analysing such behaviours could help un-
ravel the intelligibility of interaction which in turn provides insights into
verbal (communication) and non-verbal information exchange (gestures),
attitudes, and preparedness [133]. It also fosters newer assessment and
objective evaluation methods of performances [209]. Additionally, there is a
growing interest in the development of predictive models utilising gaze-
based measures [209,217]. Such advancements hold a significant importance
in evaluation and enhancement of performance, learning, training and
adaptation, specifically in academic [218], defence [32], aviation [208, 219],
health-care [220] and sports [211] sectors.

Previously, Cherubini et al. had hypothesised that in a remote collabora-
tive working condition [221], gaze convergence between pairs should posi-
tively correlate with performance. Indeed, joint attention studies provide
empirical evidence for relationships between gaze-recurrence on collabo-
rating members and their performance. For example, in a speaker-listener
task setting, the gaze of good-listeners was observed to follow the interests
of the speaker [214]. Coco and Dale [214] employed RQA to quantify gaze
recurrence between dyads and observed a positive correlation with good-
listeners. Similarly, in a surgical task setting, it was observed that the doctor
and nurses while mostly focused on different region of interest (ROI), how-
ever, occasionally sharing each other’s gaze fixations was equally critical
for better interaction [216]. Similarly, Fasold et al. observed that referees in
a basketball game evidently distributed their gaze to improve coverage of
the shared space [211]. Fasold et al. also reports a contrasting effect in a
handball game setting, where the majority of referees gaze attention was
around the ball [222]. Visual correlations are also employed as indicators of
team cognitive activity such as team situational awareness [60]. Tradition-
ally, fixation revisits have been analysed in relation to performance [208].
Eye tracking offers as an substitute to video analysis providing an array of
gaze-dynamics that are beneficial for team related analysis. Thus, reliance
on gaze co-occurrence and distribution of gaze within the interaction space
is task-specific, and are important in ecological settings.

Further, studies demonstrate application of gaze co-occurrences as a
categorical classification (experts vs novices) using hidden-markov models
[223], assessment of collaboration using unsupervised clustering [209], and
collaborative performance [210].
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Verbal Communication

Human voice can be defined as a complex pattern of sounds composed
of multiple harmonics with fundamental frequency. In addition to the lin-
guistic feature, the speech conveys valuable information is the form of
utterances, quality, prosody and intonations to the listeners. Cognitive de-
mands, pathological conditions and emotions states are known to modulate
the voice production, and as explained in section. 2.2.2 forms of communi-
cation are greatly valued in collaborative investigations.

An internet-of-things based communication application was developed
using zero-mq application peripheral interface (API) protocol to exchange
low-latency voice message over local area network. The application enables
participants to communicate with each other using stereo in-ear earphones
with microphone built into the device. Since, the experiment was designed
such that the participants were seated in the same room, only voice in-
formation was recorded. Microsoft® voice recorder application was used
to locally record voice data in MPEG layer3 (*.mp3) format. Further, the
recorded voice data was processed using a pitch filter to hide the identities
of the participants.

5.3.4 Questionnaires and Subjective feedback

This comprised of a demographic questionnaire, National aeronautics and
space administration (NASA)-Task Load Index (NASA-TLX), cooperation
in gaming questionnaire (CGQ), and task experience questionnaire (TEQ).
All the questionnaires were built into the STE and the responses could be
exported to the server-machine in *.csv format.

NASA-TLX

One of the primary targets of this thesis was to minimise external influ-
ence on performance in the form of physical demands. In addition, the
configuration parameters aimed to maintain an average temporal and men-
tal demands, so it offers an even field for engaging a diverse group of
participants. In order to examine the influence of these properties, the
NASA-NASA-TLX subjective workload rating technique was employed in
this study. The format introduced by Hart and Staveland has been widely
adopted in human factors research, across various team contexts including,
training and simulations [127, 224, 225]. Examining these properties offers
a better controlled environment for testing and evaluation of team related
hypothesis. In addition, Rubio et al.’s study reports validation where the
NASA-TLX and other workload scales demonstrated a significantly strong
correlation with performance feedback ratings [226]. To this end, team liter-
ature supports the employment of NASA-NASA-TLX as a suitable tool to
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evaluate subjective workload demands [35,227]. In the context of teams and
groups, global index derived by averaging across team members has also
been observed in the literature [19, 228].

NASA-TLX built into the task environment is shown in Figure. 5.7.
Complete details of questions and descriptions that were collected during
the experiment is given below. The results of subjective feedback from
participants are discussed in section. 5.5.2

Figure 5.7: An overview of gaze measurements demonstrating fixations and sac-
cades in the task environment

• Physical Demand: How much physical activity was required (e.g.,
pushing, pulling, rotating, controlling, activating. etc) ? Was the task
easy or demanding, slow or brisk, slack or strenuous, restful or labo-
rious?

• Temporal Demand: How much time pressure did you feel due to
the rate or pace at which the tasks occurred? Was the pace slow and
leisurely or rapid and frantic?

• Performance: How successful do you think you were in accomplishing
the goals of the tasks? How satisfied were you with your performance
in accomplishing these goals?

• Effort: How hard did you have to work (mentally and physically) to
accomplish your level of performance?

• Frustration: How insecure, discouraged, irritated, stressed and an-
noyed versus secure, gratified, content, relaxed and complacent did
you feel during the task?
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Cooperation in Gaming Questionnaire

Literature suggests that online team games promote communication and
cooperation, thereby, improving the overall team experience [229,230]. In
virtual collaborative environments, as opposed to the general presence, the
term social presence represents “being together with one another” [231]. It is
important in virtual environments to establish a social connection between
each other. Thus, the degree of social presence decides the strength of
bonding, contributing to team cognitive processes such as mutual attention,
awareness and understanding in work settings [5, 232, 233].

Various levels of social presence have been observed in the literature,
varying between a stronger perception of behavioural engagement and mu-
tual presence, a mid-level psychological interaction to a lower level sensing
of miscellaneous social entities [234, 235]. To this end, literature evolved
an appropriate scale for measuring social presence referred to as social
presence in gaming questionnaire (SPGQ). One of the early employments
of the questionnaire was demonstrated by De Kort et al. (2007) [236].

Team literature reports that SPGQ cannot be readily adopted as its orig-
inal intention was for competitive games [237], and hence includes items
such as ’revenge’ and ’schadenfreude’, which do not fit cooperative and
collaborative contexts. Hence, Hudson and Cairns (2014) devised a specific
tool that accounted for competitive and cooperative presence in gaming
questionnaire (CCPIG version-1.2) [232]. This included two competitive
aspects i.e., awareness and engagement, and two cooperative aspects (total
14 questions) i.e., team cohesion and team involvement (total 25 questions).
In the interest of this research only cooperative aspects of the questionnaire
was adopted, and will be referred to as CGQ. Similar to NASA-NASA-TLX,
CGQ was built into the task environment and the results are discussed in
section. 5.5.5.

Task Experience Questionnaire

The questionnaire was designed to examine participants understanding of
engagement rules and objectives of the task. This included a series of basic
task related questions that is important for successful participation in the
task. Further, it also aimed a learning during which trial the cohort became
comfortable, whether the instruction video clearly conveyed the objectives
and whether the practice session served its purpose. Similar approaches
have been previously observed in the literature. For example, Chanel et al.
employed game experience questionnaire [50] to assess players experiences
during participation. Similar to the above questionnaires, TEQ was built
into the task environment and the results are discussed in section. 5.5.5.
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5.3.5 Experimental Procedure

The study was approved by the Human Ethics Advisory Group (HEAG) of
the Faculty of Science Engineering and Built Environment, Deakin Univer-
sity, Australia.

All the teams participated between 10:00 am and 12:30 pm. However,
the overall duration of participation was a maximum 90-minutes (approx).
The participation duration can be broken down as 20-minutes (approx) for
setting-up and calibrating the PBR devices and 60-minutes (approx) for
experiment-participation and questionnaire completion.

On arrival, participants signed the consent form and completed the de-
mographic questionnaire. All participants were provided new identities as
Alpha, Bravo and Charlie, and were instructed to use these identities when
addressing each other during the participation. Next, the devices were setup
using the following four steps. Step-1, participants were instructed to wear
the Polar H10 chest strap on the upper rib-cage such that the electrodes
touched the skin. Step-2, facilitators helped participants to wear EEG head-
set, and also performed the necessary adjustments to ensure good EEG
quality. Step-3, participants were requested to sit in a comfortable position
to operate the computer mouse and then their eye-trackers were calibrated.
Step-4, participants were instructed to put on the in-ear earphones.

After the initial setup, all participants watched an instruction video which
explained rules and objectives of the task. In addition, participants were
encouraged to actively communicate with each other at any point during
the participation and in-between the task-episodes, and instructed that
they could develop any strategy by communicating with each other. Then,
participants were allowed to clarify any doubts related to the task. Finally,
participants engaged as a team in a practice task session which lasted 1-
minute (approx) to familiarise with the task environment before starting
actual trials.

All teams completed four-trials with each trial lasting 11-minutes (ap-
prox). At the end of each trial, a performance feedback score appeared on
all participants’ screen. After reviewing the feedback, participants com-
pleted NASA-TLX. At the end of fourth-trial, in addition to NASA-TLX,
participants also completed cooperation in gaming questionnaire and task-
understanding questionnaire.

5.4 simulation analytics

One of the main features of the simulation is the access to continuous spatial
and temporal dynamics of participants’ activities and the environment.
The server records UGV and BT events and the trial start and end times.
In this section we use some example data to demonstrate the analytic
capabilities provided by the proposed environment. The client machines
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continuously record screen coordinates of mouse and BTs. The screen
coordinates are recorded in {x, y} format and relative to the size of the
display, and simulation times use universal timestamps milliseconds format.
All recordings are continuous at 30 samples/second rate and available for
analysis in *.json files.

5.4.1 User-Experience

Participants use mouse to perform activities that can be summarised into
events as look, navigate and engage. The look event is when a participant
brings the mouse-pointer over a UGV, to view the UID. The navigate event
is a record of participants commanding their BT to navigate to a region
of the map. And the engage event is record of participants commanding
their BT to attack a UGV. Figure. 5.8 shows the spatial representation
of participants mouse event activity. The look event shows participants
engagement in regions of the map demonstrating their contribution in the
task. The plots of navigate and engage events shows region of the map where
a participant would mostly operate. In addition, non-evented data such as
mouse-positions is logged at 6Hz sampling frequency.

Figure 5.8: Summary of team-individuals activity recorded from mouse events
during a trial session. The top row is record of Look events showing a players visual
scanning of map regions. Middle row is records of Navigate events showing where
a player operated. And bottom row is record of Engage events showing where a
player engaged to destroy UGVs.
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(a.) (b.)

Figure 5.9: Dynamics of participant BTs. (a). Spatial location of BTs with x and y
axis representing screen coordinates in relation to 1080 × 1920 screen resolution.
(b). Temporal location of BTs with x axis representing pixel value corresponding to
1080 × 1920 screen resolution and y axis representing time in milliseconds.

Differences between the events look and engage can be used to understand
average reaction time, taken by teams to judge if a UGV is friend or an
enemy.

5.4.2 Environment Dynamics

Participant BT Events

BT objects represent participants in the simulation which share relationship
with mouse events i.e., navigate and engage. The location of BTs on the map
shows the region where the participants operated during a trial instance
as shown in Figure. 5.9(a). The X-Y location information of BTs was used
to derive pixel-value corresponding to the projected screen. Using time
information, it is possible to temporally unfold activities of participants as
shown in Figure. 5.9(b).

Dynamics of the Challenge

The two variants of UGVs, enemy and friend are further split into two types
of vehicles such as Semi and T90. The Semi type UGV are simple in challenge
as they only move in straight line, halts when arrived in the proximity of BS,
and starts to fire projectiles. The T90 type UGV poses a complex challenge to
participants by moving in straight line till it arrives in the proximity of BS,
and continuously goes around the BS in circle while also firing projectiles.
This combination elevates the challenge to the team, demanding strategies
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to improve achievement of task objectives. The *.json file contain UGV
movements on the screen (x,y coordinates), and instantaneously records of
UGV-events such as aid, fire, spawn and destroy,

Figure 5.10: Dynamics of UGVs. (a) Spatial locations of friend variants and (b)
enemy variant UGVs. The x and y axis represent screen coordinates in relation to
1080 × 1920 display resolution

The UGVs are tagged corresponding to their type and variant. Such
tagging helps to unravel spatial locations of UGVs under various events
during a trial. The events of UGVs can be summarised as spawn, aid, fire
and destroy. UGVs are spawned by the STE and disappear when attacked
by participants or after delivering aid (only friend variants). Figure. 5.10

demonstrates spatial locations events corresponding to each variant of
UGVs. Accordingly, spawn points associated with enemy and friend variants
are shown in Figure. 5.10. Figure. 5.10(a) shows locations of friend variant
delivering aid or when it was incorrectly destroyed. While Figure. 5.10(b)
shows location at the time when enemy variants were destroyed. The figure
also shows projectile fire direction indicated by arrows that points in the
direction of BS.

5.5 results & discussion

5.5.1 Comfort-levels of using wearable devices

The questionnaire collected participants feedback about the level of comfort
while wearing Emotiv EEG and Polar H10 chest strap. Participants rated
their experience on a scale of 1 to 5 with 1 being the least comfortable and
5 being the most comfortable, after approximately 1-hour of usage. Partici-
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pants overall experience in Table. 5.2 shows they were fairly comfortable,
with the chest strap being more comfortable compared to EEG headset.

Table 5.2: Consolidated wearable device comfort response from participants

wearable device mean (µ) standard deviation (σ)

Overall 3.11 1.32

Emotiv EEG 2.77 1.51

Polar H10 Chest strap 3.52 1.30

5.5.2 Task-load Index

NASA Task-load Index (NASA TLX) was collected from participants to
unfold load dynamics experienced by them as they progressed through
task episodes. Participants responded to task-load index questions on a
scale of 1-10 such that scores of 1 and 10 represented the minimum and the
maximum load index, respectively.

Figure. 5.11 shows the average load indices experienced by participants in
each trial. From the results, it could be understood that the overall physical
demand required to perform the task was relatively less. Also, the temporal,
mental and efforts required to perform the task was at mid-level.

Task Performance

Task performance of teams was analysed and observed that BH scores had
gradually increased as teams progressed through trials. This observation
was in line with theories of learning, adaptation and experience develop-
ment [238,239]. As shown in the Figure. 5.13, a one-way analysis of variance
(ANOVA) was conducted to compare the effect of performance on trial
progression and observed a significant effect, F(3,36) = 8.25, p < 0.001. A
detailed analysis was conducted with Bonferroni correction and observed
that the scores in trial-1 (−760.2 ± 431.73) were significantly lower from
trial-3 (−179.2 ± 222.37) and 4 (−120.2 ± 174.27). There was no other statis-
tical significance observed. Thus, suggesting that early trials could include
learning and experience development effects as observed in other similar
studies.

Synthesised Task Performance Measures

In addition to the three performance measures mentioned above, additional
measures could be synthesised solely from the dynamics of the task. As an
example, three measures are derived as follows
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Figure 5.11: Average task load indices experienced by participants in trial episodes

Figure 5.12: Comparison between objective (Task) and subjective performance
(NASA-TLX). From left to right, plot of bonus gained vs performance, plot of
health lost vs performance, and overall health vs performance. The bonus gained
is a result of properly identifying more friendly variants. The health loss is a result
of failing to destroy enemy variants in time. The base health (%) is consolidated
version of the previous two decisive parameters i.e., the bonus gained and health
lost.

• kill duration, time taken by teams to destroy an enemy tank measured
from the time it was first spawned on the map.
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Figure 5.13: A boxplot of task performance (BH) of the teams as they progressed
through 4-trials of the experiment

• First Response, time taken by all three members to successfully reg-
ister look events on any UGV. It is measured as time between first
look event of the first registering member and first look event of the
registering last member.

• First Response to kill duration, time between the completion of first
response and destroying the enemy.

The average and standard deviation of all the synthetically generated
performance measures were estimated and compared against the original
measures using correlation coefficient. The result demonstrated in Fig-
ure. 5.14 shows that except for bonus gained score, most of the measures
strongly correlates among each other. Thus, establishing additional reference
measures for further endeavours of this thesis.

5.5.3 Comparing Objective Against Subjective Performance

From NASA-TLX, the performance index (PI) reported by participants were
compared against achievement of task measured via the scores gain, loss
and overall health. This enables understanding the relationship between
performance perceived by participants as a team and overall execution of
task objectives. From Figure. 5.12 (top row), results shows that the averaged
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Figure 5.14: A heatmap comparing correlation between task performance scores
and synthetically generated from task event dynamics registered by team members.

performance index (PIavg) perceived by participants during trials demon-
strated a relationship with task scores averaged across trials. In comparison
with the subjective reporting of PI, the gain and the overall health steadily
increased and the loss gradually reduced as teams progressed through the
trials.

Further, a detailed analysis was performed to observed if there was any
significant relationship between PI perceived by team members during a
trial and their task scores observed during the trial. For this purpose, PI of
team members during a trial were averaged to obtain a team-level global
performance index (G-PI). Then, Pearson correlation was estimated between
G-PI and task scores as shown in Figure. 5.12 (bottom row). Results in the
figure shows that G-PI demonstrated a significant relationship with the
health lost parameter loss (r = −0.71, p < 0.0001) and the overall health (%)
(r = 0.71, p < 0.0001), however, no significant relationship was observed
with respect to the bonus gained parameter (gain).
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5.5.4 Task-related Questionnaire

Participants understanding of task objectives and related dynamics is key
to validate their prominent participation. Accordingly, this questionnaire
aimed to learn the stage when participants became comfortable to competi-
tively perform in the task. Participants responded to eight basic task-related
questions on a scale of 1-7 as described in Table. 5.3:

Table 5.3: Different stages of the experiment

Stage Indicator

Instruction video 1

Practice session 2

Trial-1 3

Trial-2 4

Trial-3 5

Trial-4 6

Never 7

From the Table. 5.4, it can be inferred that, participants understood most
of the task-related information from the instruction video and the practice
session. However, teams learnt the whereabouts of the other members only
during the first trial session.

Table 5.4: Consolidated response from participants

Question Experiment Stage
mean ± standard
deviation (µ ± σ)

Whereabouts of team-members on the
map

2.43 ±1.40

Learn to navigate the BTs 1.62 ± 0.97

Learn to attack UGV 1.57 ± 0.87

Sharing UIDs was key 2.06 ± 1.17

Recognise friend variants 1.18 ± 0.51

Recognise enemy variants 1.18 ± 0.52

Only UGVs firing were enemies 2.00 ± 1.02

Destroying enemies is strategy 2.12 ± 1.13

5.5.5 Cooperation in Gaming Questionnaire (CGQ)

Cooperation is a key attribute of team that this task setting aims to achieve.
This questionnaire aids in determining the level of cooperation, communica-
tion and collaboration between the team members. Participants responded
to 25-questions on a scale of 1-5 as described in Table. 5.5 such that a scores
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of 1 and 5 represented not at all and very much so responses, respectively. The
table suggests that most participants agreed to all the questions inclining to
the fact that aggregates of cooperation was visible in the task. From the table
it could be understood that the task has potential to test various attributes
and qualities of collaborative and joint activity processes.
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Table 5.5: Cooperation in Gaming Questionnaire

Question Experiment Stage
mean ± standard
deviation (µ ± σ)

I acted with my team-mates in mind 3.74 ± 1.04

I considered my team-mates’ possible plan-
s/thoughts

3.66 ± 1.04

It was as much about the team as about my
own game

3.83 ± 1.11

I felt my team shared a common overall aim 4.09 ± 0.94

I did not want my team to think I had let
them down

3.76 ± 1.26

I felt my team-mates were looking out for me 3.60 ± 1.34

I felt I contributed to the team 4.17 ± 0.94

I felt my actions made a difference to my
team-mates

3.86 ± 1.07

My actions were determined by the objectives
of the team

3.69 ± 1.17

I felt my team was committed to working together 3.97 ± 1.18

The actions of my team-mates affected my
thoughts and actions

3.83 ± 1.16

Being part of a team motivated me 4.14 ± 0.96

My team communicated well 3.91 ± 1.00

The team had a mutual understanding 3.86 ± 1.02

I put the performance of the team over my
personal performance

4.06 ± 1.04

My team-mates played a significant role in
my experience of the game

4.00 ± 1.01

I wanted my team to value me 3.66 ± 1.12

I felt responsible for achieving the objectives
of the team

3.94 ± 0.98

I felt a social connection to my team-mates
(camaraderie)

3.89 ± 0.89

I made an effort to work with my team-mates 4.29 ± 0.88

I felt like I was part of a team 4.23 ± 0.90

I felt my team shared common short term goals 4.03 ± 0.97

I was aware of my team 3.86 ± 1.51

My team-mates were useful 4.40 ± 0.73

I felt the team helped me 4.43 ± 0.73



5.6 general discussion 94

5.6 general discussion

The primary purpose of this work was to address the need for an integrated
experimental platform for testing team related hypotheses. Constructs of
IPO theory are used as basis for development of the platform to ensure
compatibility with PBR based team research. Table. 5.1 shows a range of
configurable parameters that allows modification and tuning of the task dy-
namics such as intensity-levels and duration. Current configuration is used
to demonstrate capabilities of the platform and the feasibility of employing
multiple modalities in the context of team research. Data of thirteen teams
composed of three members with no prior experience and not familiar
with each other were used to validate the platform. The platform compre-
hensively overcomes current drawbacks which can be briefly explained as
follows:

• Where consideration of dyads as group was previously questioned
[84, 240], this study presents results using three members in a team,
overcoming dyadic constraints

• Configurable parameters overcome the need for complex program-
ming

• The accessibility of user-input data acquisition is advantageous

• Minimal physical demand and gadget mastering of the study helps
overcome unwanted stress

• The diverse pool of participants invited via social media platforms and
their responses to task-related questionnaire suggests the possibility
of engaging mixed demographic participation

• The STE is a simple Microsoft®Windows application which could be
started with click of a button allowing the adoption by wider research
groups investigating team processes.

Further, the results of CGQ suggests that the task in its current configura-
tion comprehensively addresses collaborative processes. The participants
feedback in Table. 5.2 clearly shows that participants were comfortable wear-
ing PBR devices for a period of 90 minutes. It should be noted that there
were 12 modalities (3 participants × 4 modalities) concurrently recorded,
demonstrating the feasibility of employing multimodality in team context.

The configurable parameters allow easy portability of the STE to test
various attributes of teams [116]. For example, varying the intensities of the
task promotes exploring physiological and behavioural patterns related to
team stress and emotions [59]. The duration parameter flexibility enables
the tasks to be completed in one session, multiple trials of short intervals
(current setting) as well as, multiple sessions [5] promoting an effective
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team research concerning working memory and aggregates of cognitive
processes. Further, it also facilitates preparation of tasks to suit either a
broader or a selective demographic participants-pool.

The availability of continuous and spatio-temporal nature of user-input
data (i.e., mouse locations and key-press logs) conveys human-computer
interaction information. Such data jointly with PBR promotes empirical
measure of performance which is a primary requirement of an integrated
observational platform, highly demanded in the space of cyber-security
operations [17]. In this light, comparing mouse-events and task engagement
events in Figure. 5.8 and 5.10, respectively, it can be noticed that there exists a
relationship between UGVs locations and participants’ look events, indicative
of cooperative engagement. In addition, the availability of user performance
data enables effective exploration of empirical relationship between the task
performance and emergent states of team such as cooperation and team
situational awareness and PBR-based objective team performance [5].

Concurrent acquisition of PBR data fosters efficient observation of phys-
iological aggregations between team members such as physiological and
behavioural synchrony/compliance and correlated activations [4]. Specif-
ically, EEG, ECG and eye-tracking are employed in such investigations
[35, 81, 96, 241]. Statistical aggregations are used to understand processes
underlying emergent states such as cooperation and joint activity between
participants [35]. The broad spectrum of multimodality also promotes team
studies to model predictive algorithms [39,40,79]. The choice of multimodal
PBR achieves more informative data conveying the activity of autonomic
nervous system, peripheral nervous system, visual-cognitive behaviour and
raw form of communication. Most recent approach in a three-member col-
laborative context have used primitive approaches using EDA and video
analysis [82, 242, 243]. While EDA is of significant importance, however,
video analysis requires laborious interpretation.

The availability of PBR along and subjective feedback complies with
the international standards organisation’s (ISO 17488, 2016) behavioural
demands [87], psychophysiological measurements [244] and the reliable
retrospective questionnaires [245]. The autonomous nature of BT’s, the
configurability offered by the STE and simplicity of participation using
simple click of mouse button, offer support to perform team experiments in
context of detection-response task (DRT) [87]. DRT is essential of exploring
cognitive-workload experienced by team-members, and thus, this platform
aids in the analysis of effects of team cognitive-workload on performance
outcomes. Similar to the human-in-the-loop models [188], the attributes of
this STE such as temporal specificity coupled with continuous nature of
PBR can enable modelling of machine learning algorithms [246] to achieve
team-in-the-loop models.

Since all members of team share equal responsibilities and roles, commu-
nication data can be used to observe conflict and emergence of leadership
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roles. Previously, communication utterances have also been used as marker
of team expertise and performance, shared mental models, shared knowl-
edge, collective decision-making and information processing [45, 246, 247].
The availability of concurrent PBR fosters indexing such behaviours. The
current configuration of the simulation enables analyses that concern the
influence of emergent states on task performance [52].

The predefined variety of wave patterns in the current configuration
offered several advantageous. It ensured teams did not get a chance to learn
the spawn pattern or guess friends and enemies without exchanging UIDs.
On analysing communication data, it was further confirmed that attempts
to guess variants were incorrect. However, since the pattern was predefined,
it encourages between team analyses. Additionally, it enables generation of
pseudo team data for observing collaborative indicators in the PBR [35, 96].

The theme of this task using unmanned vehicles is primarily driven by
future technological revolution involving teams for supervisory control
of air, ground and under-water autonomous vehicles [188]. The overall
functioning of this platform is in line with the architectures of advanced
embedded training system by Zachary et al. [32]. Such applications are not
just encouraged in defence but also in non-military activities such as wildlife
surveillance, controlling forest fires and under-sea explorations [248]. The
human-in-the-loop nature of the STE means that by modifying the agents of
the platform [249], it is possible to tasks in health-care delivery environment.

The entire setup could be privately hosted on a server-machine thereby,
allowing an additional layer secure collection of data concealing identities
of participants yet enabling efficient research. Except eye-tracking, all the
devices can be remotely controlled at the server-machine. The platform
facilitates observing task performance of teams in the form of BS health
percentage, BS health lost and bonus gained reflecting details of teams
performance. A comparison between objective and subjective performance
is shown in Figure. 5.12. From the figure and corresponding results shows
a clear correlation between participants responses and their task perfor-
mance. The current setting enables observation of levels of progression
faster with a significant trial-trial performance variation. The testing and
evaluation method presented here could be used as a framework to validate
contemporary experimental platform.

5.7 summary

This chapter introduces an integrated experimental platform aiming towards
advancing the exploration of team related questions. The PBR data collection
presented in this chapter are investigated in the chapters-6, 7 and 8 to
analyse any team related relationships. Specifically, the next chapter explores
pre-processing of gaze data to investigate the effects of gaze convergence
and distribution. Methods to pre-process gaze data and representation as a
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team-level index is the main contributions of this chapter. Considering the
three member nature of the data, the methods and findings presented in
this chapter is one of novel contributions of the thesis.

Primarily, focusing on the area of research investigating physiological and
behavioural relationships concerning the processes, qualities and emergent
states in multiparty joint activity context. Such platforms are in demand
where collaboration, cooperation and coordination critically decide the level
of task achievement. Results and discussion suggest that the novel task
introduced in this article qualifies as better alternative to entertainment
based STEs as well as serves as a model for enhancing current practices.
Coupled with the choice of PBRs, user-inputs and subjective feedback
offers as a state-of-the-art model to explore relationships that concern team
functioning.



6
Gaze Co-occurrence and Distribution

6.1 introduction

How important is it to look together relative to looking apart? In collabora-
tive problem-solving tasks, there is a mixed opinion about the relationship
between gaze behaviours and task performance. As mentioned in sec-
tions. 2.2.2 and 5.3.3, studies exploring gaze behaviours in socio-dyadic
contexts report a positive effect on performance. Contrastingly, work teams
and tactical scenarios with complex problems have reported a negative
effect on performance. Solely, focusing on group problem-solving in natural
settings, this chapter aims to investigate the effect of gaze co-occurring and
distribution of gaze instances on performance. This analysis explains how
measures of gaze behaviours i.e., co-occurrence and distribution could play
a vital role in the successful achievement of task objectives. The study inves-
tigates whether such measures provide appropriate features for a predictive
model.

The information push-pull mechanism (section. 5.2.2) stimulates gaze
co-occurring events. On the other hand, dynamics of the task such as speed
of BT, the span of the map, sequential spawning of UGVs, and their spawn
and travel patterns demand vigilance from teams. Thus, stimulating the
distribution of gaze to achieve better coverage. Members must intelligibly
exchange spatial references g and u, and distribute work to maximise
their performance. In this light, methods to quantify gaze co-occurrence
and distribution for 3-member teams is introduced in the chapter. The
effectiveness of the method is evaluated by analysing the relationship
between task performance and visual coordination measures. Pearson’s
correlation coefficient is used to quantify the relationships and also serves
as important predictive features. A multivariate regression is attempted to
achieve a composite index combining measures from both gaze co-occurring
and distribution.

98
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6.1.1 Pre-processing and Data Selection

Following analysis was conducted to observe if there were any biases in the
gaze data due to learning and training development effects.

Selection of Data

Gazepoint GP3 was used to record the eye movements of members at 60

samples/second after performing a 9-point calibration. From the gaze point
analysis software time-series point of gaze (BPOG) in {x, y} coordinates
were used for the remainder of the analysis.

After analysing the progression of team scores in trials (Figure. 5.13) and
a summary of the feedback in Table. 5.4, the effect of learning could be
inferred. Teams required trials 1 and 2 to gain an understanding of task
objectives. A similar effect was previously observed by Argote et al. in
a 3-member task setting with trials of 12-minutes duration [239]. Hence,
the remainder of the analysis only uses data from trials 3 and 4. Further,
on inspecting the data pool, 3-teams were removed due to technical error,
where the gaze of at least 1-team member was not available.

6.1.2 Gaze data preprocessing

First, using the trial start and end time as a reference, member-trials raw
time-series BPOG data were extracted for all teams. The data was next
cleaned to remove any invalid data such that x-coordinates exceeding
1920, y-coordinates exceeding 1080, and any negative {x, y} coordinates
were removed and refilled using linear interpolation. The cleaned data
was then up-sampled to 4-times the sampling using linear interpolation,
before down-sampling to 10 samples per second using linear extrapolation.
Thus, retaining enough gaze samples to analyse members eye-movement
behaviours as shown in Figure. 6.1.

6.1.3 Paired-distance Estimation

The cleaned BPOG {x, y} coordinates of member trials were used to calcu-
late time-series gaze distance d between all possible pairs using the equation
below.

d⃗p(n) = ||M(xn, yn)− N(xn, yn)|| (6.1)

where, n is the discretised timestamp, p ∈
{(Alpha, Bravo), (Bravo, Charlie), (Alpha, Charlie)} representing all
possible pairs in a team, and M and N represent corresponding par-
ties of any pair p. For example, time-series gaze distance between a
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Figure 6.1: Example showing a short excerpt of original x-coordinates of a gaze-
data, threshold used to decide invalid coordinates, high resolution cleaning and
resampling and finally, the down sampled data used for further analysis.

pair, p = (Bravo, Charlie) at a discrete-time n can be estimated as,
d⃗(n)p=(Bravo,Charlie), and M and N in the equation represent instantaneous
BPOG coordinates of Bravo and Charlie, respectively. Ultimately, the trial of
a team was represented using three vectors, one for each possible pair in p.

6.1.4 Gaze Co-occurrences

Gaze co-occurrences were accounted for by estimating the number of pair-
classes i.e., any pair, any two-pairs and all three-pairs co-occurring within
a certain distance r. Thus, co-occurring instances were estimated for all
distances ranging between 5 and 2100 , with an increment of 50. Here 5 and
2100 correspond to the shortest and furthest possible distance, respectively,
between the BPOG of a pair. Note that the display size used for this study
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was 1920 × 1080, and hence, the maximum possible distance between a pair
was 2202.

Thus, for any distance d, the gaze co-occurrence gc of a team trial was
represented using four values. For example, gc = [627, 2686, 831, 2706]
indicated that within a certain distance d, there were 2686, 831, 2706 number
of instances that any pair, any two pairs and all three pairs operated,
respectively and on 627 instances gaze of no pairs co-occurred.

6.1.5 Distributed Gaze

Similarly, distributed gaze was accounted for by estimating the number of
pair-classes operating outside of a certain distance d. The distributed gaze
was also estimated for all distances ranging between 5 and 2200 with an
increment of 50. For a certain distance d, the distributed gaze gd of a team-
trial was also represented using a vector of four variables. For example, gd =
[1075, 365, 4078, 133] indicated that a team trial had 365, 4078, 133 instances
that any pair, any two pairs and all three pairs had BPOG outside distance
d, respectively, and there were 1075 instances where the gaze of no pairs
was observed outside the distance.

6.2 results & discussion

6.2.1 Analysis of Operating Conditions

Pearson’s correlation was performed to identify the best operating distance.
Hence, correlation coefficients were calculated between pair-classes and
their task performance (BE), for all distances mentioned above. Plots corre-
sponding to gaze co-occurrence and gaze distribution are shown in Fig. 6.2,
respectively. Although, here a range of pixel distances was considered for
the analysis, however, only fewer distances produced a significant effect on
performance. In addition, a skewness test was adopted to discard any data
that exceeded the limits −0.5 ≤ x ≤ 0.5, where x indicates the skewness
test score. Thus, ensuring that only normally distributed and significantly
effective data were considered, as indicated by bubble markers in the plot.
The selected data, corresponding radius and the decisive parameters are
summarised in Table. 6.1.

Following results were observed with relation to the current 3-member
challenge:

Significance of Gaze Distribution

The highest positive significant effect of the performance was observed
if any one-pair operated outside 600-pixel distance. Contrastingly, if any
one-pair, any two-pairs and all three-pairs operated outside 1350 and 100-
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Figure 6.2: A plot of correlation coefficient’s between gaze-behaviour vs distance of
team trials. (A) gaze co-occurring behaviour and (B) distributed gaze behaviour, for
all pixel distance between 50 and 2100 with an increment of 50-pixel distance. Note:
The curve for three pairs in gaze distribution analysis (B) comprised of invalid
correlation scores because the corresponding data points comprised of all zeros.
This was because no team had all three pairs that outside 1350 pixel distance.
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Figure 6.3: Example showing plot of correlation coefficient vs distance for one-pair
gaze co-occurrence. For comparison the plot shows responses using all samples
and 4-folds from the sample.

pixel range’, respectively resulted in a significant negative effect of the
performance.

This effect reflected the visual span of teams, operating at a distance that
ensured better coverage of the map. Often, teams arrived at such a decision
between the trial episodes when they could regroup and form a strategy.
However, only fewer teams managed to maintain their positions resulting in
a good performance. Whereas, poor performing teams were distracted due
to task pressure (more incoming tanks and no organisation), never arrived
at a strategy, or demonstrated no interaction between trial episodes.

Significance of Gaze Distribution

The highest positive significant effect of the performance was observed
if any one-pair operated outside 500-pixel distance. Contrastingly, if any
two-pairs and all three-pairs operated outside 400 and 1000-pixel range’,
respectively resulted in a significant negative effect of the performance.

Multi-variate Regression

The observed significant features reported in Table. 6.1 were used to estimate
a multivariate regression equation. The rationale was to observe any im-
provement in performance due to multiple features. Specifically, this study
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investigated whether combining measures from gaze co-occurrence gc and
distribution of gaze gd improve predictive capability. In this light, all possible
247 combinations i.e., {( f 1, f 2), ( f 1, f 3), ..., ( f 1, f 2, f 3, f 4, f 5, f 6, f 7, f 8)}
were tried. Although, most combinations delivered a significant correlation,
however, no combination outperformed the highest observed adjusted r2 of
0.58 ( f 3 in Table. 6.1).

Table 6.1: A summary of results for the gaze behaviour measures identified in
Fig. ??

Graph
refer-
ence

pixel
dis-
tance

Gaze
be-
haviour

pearson-r,
p-value

adjusted
r2

skewness

f1 200 gc 0.38,
p=0.04

0.14 -0.07

f2 600 gc 0.52,
p=0.004

0.27 0.02

f3 750 gc 0.39,
p=0.03

0.15 -0.38

f4 800 gc 0.41,
p=0.02

0.17 -0.44

f5 600 gd 0.54,
p=0.002

0.29 0.02

f6 1350 gd -0.40,
p=0.03

0.16 0.49

f7 100 gd -0.41,
p=0.02

0.17 -0.05

f8 300 gd -0.40,
p=0.03

0.16 0.23

Multi-variate Regression

The observed significant and normally distributed features reported in
Table. 6.1 were used to estimate a multivariate regression equation. The
rationale was to observe any improvement in performance due to multi-
ple features. Specifically, this study investigated whether combining mea-
sures from gaze co-occurrence gc and distribution of gaze gd would im-
prove predictive capability. In this light, all possible 248 combinations i.e.,
{( f 1, f 2), ( f 1, f 3), ..., ( f 1, f 2, f 3, f 4, f 5, f 6, f 7, f 8)} were tried. The results
demonstrated that a best effect of performance (F(2, 25) = 7.580, p = 0.002)
with an r2 of 0.37 and adjusted-r2 of 0.33 was achieved using the features
( f 4, f 8). The relationship between ( f 4, f 8) with performance could be visu-
alised in Fig. 6.4. Accordingly, the estimated performance can be formulated
as BE = −0.135 f 4 + 0.062 f 8.
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Figure 6.4: Plot demonstrating the relationship between gaze co-occurrence feature
f4 and gaze distribution feature f8 with task performance BE.

The above analysis indicates that there were instances during the task
when all three pairs were required to operate under 800-pixel distance and
any two pairs to operate above 300-pixel distance. The corresponding values
in the plot (Fig. 6.4), further confirm that overall allocation of gaze would
result in higher gaze co-occurrence and lower gaze distribution, collectively
impacting task performance.

6.3 discussion

This work aimed to investigate the importance of gaze co-occurring and
distribution instances in relation to performance. To facilitate our investiga-
tion the gaze data collected from 3-member multi-party joint collaborative
activity (Chapter. 5) was chosen. Objectives of the task resembled natural
work settings demanding cooperation, coordination and intelligible com-
munication for successful performance. Eye movements of participants were
collected and analysed off-line.

A thorough analysis of task performance scores and subjective feed-
back enabled the identification of trials with learning and experience de-
velopment effects. This observation was in line with the findings pre-
viously reported by Argote et al. [239]. The employment of Euclidean
distance to establish a pair-gaze relationship was in line with previous
studies [214, 221, 250]. The time series pair-distances were later transformed
to compute gaze behaviour measures, co-occurrence gc and distribution
gd. Via co-occurrence, the method accounted for instances demanding joint
attention. The distribution, on the other hand, accounted for better visual
coverage demonstrating team awareness and vigilance. The correlation re-
sults suggest that both gaze co-occurrence and distribution impacted during
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the task. This finding was in line with Andersen et al.’s observation [216].
Further, our attempts to arrive at a composite score was valid, since combin-
ing gc and gd measures using multivariate regression significantly improved
performance prediction capability.

Figure 6.5: Example demonstrating an impression of 300, 600, 800 and 1000 pixel
diameter circles on a 1920 × 1080 scale LCD

In addition, the study by Tolston et al. suggested a radius of 250 pixels
between a dyad achieved a significant relationship with performance. How-
ever, no rationale was explained in the study for choosing the radius. In this
light, this study observes that when the distance between gaze coordinates
of a dyad was less than 600 pixels, resulted in a significant positive correla-
tion with performance. Observe Fig. 6.5 to visualise various pixel distances
on a 1920 × 1080 LCD. Moreover, the best effect of the performance was
observed when the gaze of all three members was within 800 pixels.

Further, according to the input-mediators-output team study framework,
task attributes contributes to the inputs [3]. The framework is a cyclic
process [4] where outcomes could be used to adjust inputs. In this light, this
study presents a platform enabling the understanding of task attributes.
Also, the Tank Battle Task presented here allows modification of task settings
thus, this analysis method and task environment complement the IPO
framework.

6.4 summary

According to task settings defined in this study, gaze co-occurrence and
gaze distribution were evident, however, independently contributed to
performance. Although such a gaze behaviour was previously declared
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as task-specific, the evidence presented here highlights its importance in
the evaluation of team performance. Future research could focus on the
exploration of other gaze behaviours and attempt deriving composite index,
which could aid better team performance analyses and predictive aids.

Having established the concepts of co-occurrence and distribution in
this chapter, and learning the best operating radius, the following chapter
explores the impact of gaze convergence on performance. The next chapter
takes a step closer by implementing a neural network model in the form
of back propagating algorithm to resemble a logistic regression problem.
Lastly, statistical analysis is employed to compare the performance of neural
network model and its equivalent multivariate regression model using
K-fold cross validations.



7
Gaze Convergence Using Neural
Network

7.1 introduction

Recent studies in the space of collaborative and multi-party joint activ-
ity context have demonstrated a growing interest in the development of
predictive models utilising eye-movement based measures [209, 210, 217].
Although, literature demonstrate a relationship between members’ gaze
and performance, however, the practicality of application in larger groups
and intelligent predictive modelling has slowly progressed. One common
constraint to this is that much of the studies were in dyadic team setting,
and when larger groups are considered studies have resorted to a laborious
examination of videos. Further, in the context of prediction, regression and
binary classification are observed in the literature. Thus, indicating that
the selection of appropriate team members gaze features can aid in the
development of predictive models. This chapter aims to advance gaze-based
collaborative research by overcoming some of the drawbacks. As mentioned
in section. 5.3.3, the hypothesis described by Cherubini et al. [221] is revis-
ited here, however, with a different controlled task setting. The promising
results observed in previous Chapter, and digging deeper into some of no-
table studies [209, 210, 214, 223] mentioned in section. 5.3.3 formed a strong
rationale for the current investigation.

To this end, literature has established that multi-party joint activities such
as CSCW demands intelligible communication for efficient coordination and
cooperation. As a result of coordinated interactions, the gaze of collaborating
members aligns to form patterns [133]. Typically, paired social contexts such
as parent-child, teacher-student and doctor-patient exhibit joint attention,
where members share similar ROI [67]. For example, in a speaker-listener
task setting, the gaze of good-listeners was observed to follow the interests
of the speaker [214]. Coco and Dale [214] employed RQA to quantify gaze
recurrence between dyads and observed a positive correlation with good-
listeners. Contrastingly, in a visually dynamic tactical scenario, such as
a reconnaissance task, where one person was tasked to fly unmanned
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aerial vehicle, while a partner was tasked to take pictures, Tolston et al.
observed that gaze recurrence between dyads demonstrated a negative
effect on performance [21, 81]. Employing RQA-based approach required
x and y screen coordinates to be separately analysed. Such limitations
discourage their expansion in natural settings such as radar monitoring
or crowd monitoring [211] where ROIs are arbitrary. In addition, methods
employing epistemic network analysis rely on predefined ROI [133] which
are used as spatial-references for analysing co-occurrences. Such context
demanded non-recurring gaze events for better coverage of the visual space.
Overall, such advancements hold a significant importance in defence [32],
aviation [208, 219], health-care [220] and sports [211].

Advancing beyond objective evaluation models, this study seeks ANN
methods to predict performance using gaze behaviours of team members.
Euclidean distance is used to establish gaze convergence. Initially, linear
statistics are explored to analyse relationship between gaze convergence and
performance using Pearson’s correlation. The results are used to identify
suitable features for modelling multivariate regression equation. Further, a
ANN in the context of structured data [251] was modelled. The performance
of the neural network was verified using K-fold cross-validation running
30 different permutations. The mean absolute errors both approaches are
compared revealing promising results and encouraging the employment of
team members’ gaze behaviour for objective assessment and prediction of
collaborative performance.

Gaze Data

The following analysis uses best-point-of-gaze (BPOG) measure {x, y} co-
ordinates of participants’ gaze. Irrespective of screen dimension, BPOG is
available in the normalised format ranging between 0 and 1.

7.1.1 Data Selection

From the feedback summary in Table. 5.4, it could be understood that most
information was conveyed in the introductory video and practice session,
however, participants required trial-1 and 2 to perform comfortably. Thus,
observing task performance and feedback, it can be inferred that trials 1 and
2 demonstrated adaptation and experience development effect. In addition,
trials 1 and 2 of some teams also suffered technical issues such as server
freezing, resulting in uneven data samples corresponding to trials. Thus, to
overcome technical issues and to avoid any biases due to learning, only data
of trials 3 and 4 are considered for the remainder of the analysis. Further,
on inspection of gaze data, three teams were discarded due to technical
issues that resulted in gaze missing from at least one member of a team.
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Thus, at the time of this analysis there were a total of 20 team-trials data;
10-teams with 2 trials in each.

7.1.2 Gaze Data Pre-processing

A similar process as mentioned in section. 6.1.2 was followed, however,
the raw BPOG information was utilised. First, BPOG in (x,y) coordinates
were extracted for all member-trials by matching timestamp information
of gaze-data with the start and the end timestamps of task trials. Next, the
data was cleaned to remove any invalid coordinates, due to blinks and eye-
tracking missing pupils. This was achieved by removing invalid coordinates
from the raw data followed by interpolation using original timestamps.
Fig. 7.1 shows an example where x-coordinates of raw gaze-data outside
the normalised width of 0 and 1 is removed. Then for further analysis,
the cleaned and resampled data were first interpolated to with 4-times the
original sampling frequency and down-sampled to 10 samples per second.
The same process was also adopted to clean and generate y-coordinates
of member-trials gaze data, by removing any height measures outside the
normalised range of 0 and 1.

7.1.3 Paired-distance Estimation

In the light of joint attention, studies have relied on Euclidean distance for
quantifying concepts such as gaze co-visitation [214], gaze recurrence [250]
and gaze convergence [221]. Specifically, in desktop-based settings such
as reconnaissance task [81], CSCL and CSCW [250]. Hence, this analysis
demonstrates the employment of Euclidean distance to quantify group gaze
behaviours. Next, time-series Euclidean distance d between gaze coordinates
was estimated for all possible pairs within teams as shown in eqn. 7.1.

d⃗(n)p = ||M(xn, yn)− N(xn, yn)|| (7.1)

Thus, every team-trial was represented using three vec-
tors d⃗(n)p, where, n is the discretised timestamp, p ∈
{(Alpha, Bravo), (Bravo, Charlie), (Alpha, Charlie)} representing all
possible pairs, and M and N represent corresponding parties of any pair p.
Example, the time-series distance vector between gaze coordinates of a pair
Alpha and Bravo can be represented in eqn.7.1 as d⃗(n)p=(Alpha,Bravo), and
M and N in the equation corresponds to time-series BPOG coordinates of
Alpha and Bravo, respectively.
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Figure 7.1: Example showing a short excerpt of original x-coordinates of a gaze-
data, threshold used to decide invalid coordinates, high resolution cleaning and
resampling and finally, the down sampled data used for further analysis.

7.1.4 Neural Network Prediction Model

Since, the gaze measures and the task performance form structured data, in
this exploratory approach a standard multilayer back-propagating neural
network was chosen to generate a predictive model. A similar architecture
was previously evaluated for structure data, i.e., prediction of housing
prices [251]. Tensorflow keras libraries were used to develop the neural
network.

A prediction problem follows nonlinear regression function, hence, recti-
fied linear (relu) and hyperbolic tangent (tan h) activation functions were
tried for input and hidden layers. The output was activated using a lin-
ear function to ensure better numerical range compatibility. The concept
of mean squared error (MSE) and mean absolute error (MAE) functions were
tried to achieve loss function. To ensure better performance, both adaptive
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momentum (adam) and rms prop were tried. Since normalised coordinates
were employed, the resulting dp of pairs were also normalised. Task per-
formance scores were also normalised such that the maximum value in the
pool represented 1 and the minimum value represented a 0.

7.2 results

7.2.1 Significance Between Operating Distances and Performance

Pearson’s correlation was performed to investigate whether there was
any significant relationship between operating distances and performance
(BH). The analysis demonstrated a significant negative correlation between
average of gaze distances (µ) and BH (r = −0.55, p = 0.01) and between
standard deviation (σ) of gaze distances and BH (r = −0.69, p = 0.0005).

Following the significant relationship, a multivariate regression was per-
formed and found (F(2, 17) = 8.278, p = 0.003) with an r2 of 0.49 and mean
absolute error (mae) of 0.13 as shown in Fig. 7.2. That is, teams predicted
trial BH = 0.9149 − 0.35 µ(dp)− 5.335 σ(dp), measured in normalised pixel
distances.

Figure 7.2: Plot showing multi-variate regression utilising average pair-distance
(µ(dp)) (B,C) and standard deviation (σ(dp)) (A,C) contributing to the normalised
task performance (BH).

7.2.2 Performance Prediction

The measures µ and σ of dp used in multivariate regression were chosen
as features to train the neural network. The training was validated using
K-fold validation with 4 splits, meaning for every 15 training samples
there were 5 testing samples. The validation process was repeated for 30

different permutations to compensate for the low sample size and observed
an average MAE of 0.06 with a standard deviation of 0.02 as shown in
Fig. 7.3.

The neural network produced the least MAE when using two hidden
layers with 1-neuron in each hidden layer, loss function = MAE and RMSprop
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learning optimisation. There was no significant difference observed in the
MAE when using tanh or relu activation functions.

0 5 10 15 20 25 30
Test iteration

0.02

0.04

0.06

0.08

0.10

0.12

0.14

M
AE

Figure 7.3: K-fold testing used for validating the neural network model. The plot
shows MAE observed for 4 folds with 30 different permutations

7.3 discussion

This work aimed to promote the integration of eye-tracking for the ob-
jective prediction of group collaborative performance. A 3-member team
task environment (Fig. 5.3) was used to facilitate the evaluation process.
Intelligible communication via exchanging spatial references was key for
better performance. Features based on linear statistics were explored to
model a neural network as a predictive aid.

Analysing task performance scores in Fig. 5.12 and participants feedback
in Table. 5.4 aided in elimination of data that could be contaminated from
learning and experience development biases. Similar observations were
made by Argote et al., where trials 1 and 2 in a 3-member task with 12-
minutes trial duration had demonstrated a gradual rise in performance,
and following trials demonstrated steady performance [239]. In this light,
the duration of trials adopted in this study was 11:43-minutes and trials 1

and 2 demonstrated a similar effect.
This study demonstrated a gaze processing method to clean raw-gaze

data (Fig.7.1) and team-level representation using euclidean distance. By
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considering instantaneous gaze locations, the method accounts for dynamic
changes without relying on fixed ROIs. Thus, enabling a robust application
of eye-tracking technologies relative to previous methods. As opposed
to the need for identification and defining suitable ROIs mentioned in
previous approaches [214, 240], the method presented here accounts for
dynamic ROIs. Further, in line with the previous methods [221], Euclidean
distance between participants gaze was used to objectively establish gaze-
based operating dynamics. The method also simplifies computations, where
previous applications [81, 250] had analysed x and y coordinates separately.

The significant correlation between the average pair-distance µ(dp) and
task performance scores indicate that during any trial if the average dis-
tance between the gaze of team members was smaller the better was the
performance (BH). From the dynamics of the task, this observation relates
to instances when the gaze of members converged to determine whether
a UGV was an enemy or friend. Since there was a new UGV spawned
every 7-seconds, the task demanded frequent gaze-convergence to achieve
better performance. The correlation between standard deviation σ(dp) and
BH further indicate that better performance was a result of organised gaze
behaviour where participants responded better to each other requests. In the
context of the task, this observation indicates a better gaze convergence due
to participants responding quickly, intelligibly exchanging spatial reference
and causing minimal confusion. There was no change in the significance
and correlation effect using raw BH scores. However, to minimise the effects
of biases and variances resulting from limited data samples, normalised
distances are recommended for training neural networks

Coupling the average pair-distance µ(dp) and the standard deviation
σ(dp) in multivariate regression further strengthened the hypothesis that
gaze convergence between pairs has a significant effect on performance.
The results were in line with previous observations by Tolston et al. [81],
Strang et al. [21] and Coco and Dale [214]. As opposed to previous nonlinear
methods such as RQA, here linear statistics in the form of mean and standard
deviation proved effective.

In an attempt to advance gaze-based application beyond classification
[209, 223] and regression problem [210], a simple backpropagation neural
network is modelled in the study. Comparing the results i.e., MAE of
multivariate regression and with that of neural network clearly shows that
the latter produced better results and the observed standard deviation
demonstrates the consistency of the model to produce good results. The
nature of the neural network resembles logistic regression, however, the
training and learning enhance the prediction capability.

Further, eye-tracking in general offers excellent alternatives to traditional
human intervened assessor rating approach. Such approaches are still prac-
tised in the context of CSCL and CSCW to rate proceedings either by
examining video [82, 83, 240] and scrutinising in person [216, 252] as ob-
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served in the assessment of team situation awareness. The work presented
here could advance the research domain via employing gaze based mea-
surements in a multi-party setting. The need for such an approach has been
previously emphasised in team context literature [216].

Some studies had previously raised concerns that dyad research could not
transformed to group and multi-party settings [84,240]. In this light, studies
have opted for 3-member task setting [82, 240], however, had to resort for
laborious video examination. Via adopting a 3-member task environment,
this study advances gaze-based collaborative research beyond conventional
dyadic task settings observed in previous studies [79, 81, 133, 214, 250], yet
the methods achieve objective prediction capability.

7.4 summary

The primary motivation of the study was to advance gaze-based collab-
orative performance prediction research beyond regression models. The
significant relationship between gaze behaviours and performance enabled
the identification of suitable features to train a neural network. The re-
sults provide a solid groundwork for future studies exploring ANN-based
performance prediction in this research domain. Utilising gaze-based dy-
namics, this work can help minimise human intervention based assessments,
alternatively, can also act as an assessment-supporting tool.

The next chapter explores the main contributions of this thesis via util-
ising the cardiovascular and gaze data. The chapter explores the effects of
cardiovascular and gaze-based measures for analysing relationship with
PBR on performance, and their effects on the development of team cog-
nitive processes. Methods to quantify indices of team cognitive states,
members-compliance in cognitive load and gaze based team-level measures
are explored. Ultimately, relationship between the indices and performance
is analysed using multivariate regression.



8
Multimodal Index and Effects of Team
Cognitive Activity

8.1 introduction

The literature review in section. 2.5 suggests that the employment of multi-
ple modalities offer advantages over single modality based analyses. In the
context of teams, research has employed a range of PB measurement tech-
niques for multimodal analyses [35, 50, 79, 80, 120, 121]. Gorman employed
ECG and voice communication; Neubauer et al. analysed [9] visual activity,
linguistic measures and HRV; Cardiac activity and gaze behaviour has been
previously analysed in dyadic settings to observe emotion and convergence
of collaborating members [79]; and the activity of ANS and visual behaviour
has been analysed using EDA and video analysis to observe self-regulation
in collaborative learning [82, 253]. Such analyses enable better insights of
team members affect, cognition and behavioural processes underlying dif-
ferent levels of performance. However, at team level the employment of
multi-modality based analyses has lacked strong empirical evidence. De-
spite the advantages offered via the concurrent measures from multiple
reactions of humans, however, data fusion attempts to unify information
from multiple modalities has received less attention in team studies.

To this end, methods and techniques to assess group activities such as
collaborative problem solving is highly emphasised in this modern day
education and work settings [5–8, 82, 96, 242, 253]. Advancements in smart-
devices and embedded technologies has prompted team research to employ
wearable and unobtrusive technologies to unfold the physiological and
behavioural (PB) dynamics underlying performance of teams [4, 254]. As
a result, team research in recent years has witnessed a gradual rise in the
number of studies employing multiple modalities to evaluate processes
of teams [36, 43, 45, 46]. Multi-modal approach are known to offer benefits
through additional supporting information, act as better alternatives and
enable metadata PB analyses from multiple human responses [46, 79, 115].
There is an increasing demand for studies to explore unified analyses
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combining information from more than one physiological and behavioural
modality.

Hence, this Chapter aims to present data processing and analysis pro-
cedure enabling better fusion of more than one modality for objective
evaluation of team performance. The analysis presented here explores the
feasibility of employing team members ANS activity and gaze behaviours
to unfold physiological and behavioural dynamics concerning task perfor-
mance.

During cooperative and collaborative activities, members of a team de-
velop team-processes such as mutual understanding and shared mental
models [5]. And, in a cognitively challenging activity, the demand experi-
enced by members of a team correlates spatially and temporally [81, 105].
In education settings, the knowledge and the experience of students are
relatively similar. As such, academic tasks based problem solving presents
a homogeneous context and physiological correlations can be observed
in the form of temporal synchrony [35, 96, 253]. However, in a heteroge-
neous context, the cognitive demand experienced by members of a team are
different. For example, during surgical procedures demands experienced
by a team of surgeon, perfusionist and anaesthesiologist varies from one
another [105]. Hence, physiological activations are highly-likely to form
distinctive patterns. Albeit, team literature suggests that, such develop-
ments are reflected in the activities of human nervous system [89, 105] and
behaviours of humans, that could be employed as an objective index of
overall task performance [66, 81].

Homogeneous conditions are not just restricted to academic group tasks,
but also could be observed during training the teams of defence personnel,
paramilitary and health care professionals, respectively. Recent literature
concerning collaboration in homogeneous conditions have mostly analysed
EDA and video [80, 82, 105, 242, 253]. Relatively less is observed to employ
heart rate variability for analysing team-related hypotheses [35, 96]. In a
heterogeneous context, Dias demonstrates the employment of heart-rate
variability based measures to observe distinct patterns in team members
cognitive load [105]. Such observations could also benefit homogeneous
conditions.

Spatial and temporal correlation could be observed in members be-
haviours such as visual activity [63, 81, 82, 255]. The importance of gaze-
measures has been established in section. 5.3.3 and previous two chapters.
Further, literature review Chapter. 2 suggests a range of team-level mea-
surements including Recurrence between gaze of collaborating members
measured using cross-recurrence quantification analysis (C-RQA) [81] and
epistemic network analysis [255]. In this light, analysing the relationship
between team gaze compliance and team task performance in a complex
training and learning context encourages the development of diagnostic
methods for evaluating teams [256].
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Collectively, eye-tracking and chest-strap based cardiovascular monitoring
devices provide wireless, unobtrusive and sensitive methods for evaluating
team cognition [81, 203]. Hence, this analysis attempts the employment of
gaze-based dynamics and IBI to evaluate performance of three-member
team based collaborative activity in a homogeneous context. Further, in the
light of multimodal analysis, this study aims to develop a unified model
utilising both IBI and gaze measures. Ultimately, exploring the effectiveness
of such a model as an objective measure of performance.

This study investigates whether:

• IBI could be used to observe the relationship between team cognitive
load and task performance

• IBI could be used to observe the relationship between team physio-
logical compliance and task performance

• IBI provides any valid markers of team cognitive processes

• gaze of team members could be used to observe relationship between
co-occurrence of members gaze activity and task performance.

• gaze activity such as fixation and saccades of team members demon-
strate relationship with task performance.

• gaze-based measures offer any valid markers of team cognitive pro-
cesses

• Finally, the article evaluates whether a unified model combining the
analyses of cardiovascular activity and gaze could improve correlation
with task performance.

8.1.1 Experiment

Successful achievement of the objectives of the tank battle task demands
collaboration, cooperation and coordination among three members in team.
Physiological and behavioural activity of the participants recorded in the
form of cardiac activity and eye-gaze are analysed.

8.2 methods

8.2.1 Processing IBI

The timestamps of IBI were matched with the starting and ending times-
tamps of a task trial. Thus, IBI series was extracted for every team-member-
trial. This also ensured that the start and the end time references of all team
members synchronised across trials.



8.2 methods 119

As explained in Chapter. 3 and Appendix. A, heart beats do not follow a
fixed rate. And since raw ECG was unavailable with the device employed
in this study, the IBI data was cleaned and processed as follows. First, the
raw IBI series of each team-member-trial was interpolated to four times
the number of available samples using cubic spline interpolation. Then, the
interpolated series was extrapolated to exactly 2-second interval [35, 96].
Thus, the resampled IBI series was averaged to 2-second discrete and
equally spaced samples [105]. This also eliminates any unwanted data that
could arise due to IBI record exceeding 1000 ms duration. Following the
resampling and cleaning process, there were equal number of samples
across all members of a team-trial.

Team Cognitive States

The resampled IBI-series were then used to estimate team-level cognitive
load using a similar method as mentioned by Dias et al. [105]. First, the
IBI series of team-member-trials were transformed to cognitive load series
using tercile transformation. Accordingly, if IBIn represented IBI-series of a
team-member-trial then its cognitive load transformation Cn was obtained
using eqn. 8.1.

C(n) =


3 IBI(n) > q3

1 q1 ≤ IBI(n) ≤ q3

−1 IBI(n) < q1

(8.1)

where, q1 and q3 represented 25th and 75th percentile, respectively, of an
IBI time series.

Next, cognitive load series of members are collectively analysed to obtain
team-level cognitive-state series. At any discrete point in the series, the
cognitive states of members can be collectively represented to form pattern
as shown in Figure. 8.1.

This resulted in a possible of 27 patterns representing TCS as shown in
Figure. 8.3. As such, every two second instance of a team-trial could have
one of 27 possible patterns, and the trial of team could be represented using
the series of TCS. The transformed series were used to derive three different
measures as mentioned below.

Categorical Team Cognitive States

As opposed to distributed responsibility presented in the work by Dias et al.,
the homogeneous nature of task means that the responsibility distribution
in the current experiment is equal for all members of the team. Thus,
at any instance a cognitive state pattern will be weighted irrespective of
member position. For example, patterns in from the figure. 8.2 demonstrates
two example scenarios, where scenario-one and two have same weight i.e
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Figure 8.1: Tercile to cognitive load transformation to representation of a cognitive
pattern.

3. Contrastingly, the original study would have weighted each scenario
differently depending on responsibility on team members [105] where,
relatively more importance was given to the surgeon. Or, in other use
cases artificial neural networks were trained to assign weights to patterns
depending on the frequency of their appearance during the task [45].

Accordingly, in the 3-member team-task, the pool of 27 TCS were cate-
gorised into one of the 7-level team cognitive load as show in the figure. 8.3.
Then, the categorical-TCS (T) for a team-trial was estimated using a vector
of 7-values such that the vector comprised of number of observations in
each category of team load. Thus, the categorical-TCS of a team-trial was
represented with a vector of 7-values. For example, if T⃗ of a team-trial was
12, 82, 146, 202, 147, 86, 10, it could be interpreted as:

Table 8.1: Example of interpreting categorical team cognitive load (T⃗) measures for
a team-trial

Cognitive
Load Level

-3 -1 1 3 5 7 9

Count 12 82 146 202 147 86 10

Cognitive Load Compliance

Similar to the previous approach, the members compliance between cogni-
tive load were used as a categorical factor. Accordingly, the pool of 27 TCS
were categorised into one of the 5-level team cognitive-load compliance
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Figure 8.2: Basis for grouping team cognitive patterns to levels
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(LC) as shown in the figure. 8.4. Such that if all three members shared the
same cognitive load then it indicated the state of high compliance, and
when all three members shared different cognitive load then it indicated
the low compliance.

8.2.2 Processing Gaze data

From the gaze point analysis software, the parameters gaze dynamic point-
of-gaze (POG) and fixations identification number were used in the current
analysis (see section. 5.3.3 for details). Similar to IBI data cleaning pro-
cess, gaze of participants was also cleaned and pre-processed as shown in
section. 6.1.2.

Average of Overall Fixations

As described in the section. 5.3.3, fixations accounted for instances where
participants spent considerable time to stabilise on an image and retrieved
information. In the current scenario, a part of events contributing to fixations
was during communicated events, increased situational awareness such
as trying to find nearby BTs and learning critical information and shared
understanding to cover each other when player BTs are immobile due to
low-energy as described in figures. 5.2 and 5.6 and section. 5.2.4. Other
events such as continuous tracking of UGVs also contribute to fixation count,
however, such effects could counter-balance the former events. In general,
the average of overall fixations is expected to show signs of performance
improvement.

For simplicity, symbols a, b and c are used in reference to participant IDs
Alpha, Bravo and Charlie, respectively. During any trial, the overall number
of unique f-IDs ( f ) for any team-member was estimated and averaged across
the members as

fµ =
∑K fK

3
, where K ∈ {a, b, c} (8.2)

Team-average of Median of Saccade Magnitudes

Similar to the previous measure, as described in the section. 5.3.3 the
parameter saccadic magnitudes accounted for distance moved in pixels
between point-of-gaze (POG)s. One common strategies observed across
all teams is that they tended scatter their BTs across the region to achieve
better coverage, hence is expected to reflect in their region of focus. During,
exchange of information these events cause an elevated saccadic magnitudes
due to distance covered across the map. This only happens when there
are UGVs appearing from one end of the map. These events could happen
during the spawn of first 9-UGVs and hence serve as good marker of
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team cognitive activity. One downside of this observation could arise from
the effects of continuous tracking events which result in more unwanted
short saccades. Hence, to observe these effects and limit shorter saccadic
magnitude, the median is used. Accordingly, during a trial, the median
of saccades magnitude (s) for any team-member was first estimated and
averaged across the members as

sµ =
∑K fK

3
, where K ∈ {a, b, c} (8.3)

Team Behavioural Compliance

The processed POG series of team members was used to compute the
gaze co-visitations between all pair of team members. At any discrete time
(n) during a trial, the euclidean distance between all possible pairs were
calculated as shown below

dp(n) = ||M(xn, yn)− N(xn, yn)|| (8.4)

where, d(n) is the distance computed between team member pairs M and
N at a discrete time n and p ∈ {(a, b), (b, c), (a, c)} representing possible
pairs. Here, M and N ∈ {a, b, c} such that M ̸=N representing any two
participant.

Then GC series was constructed for each trial based on the number of
pairs accounting for gaze co-occurrence with 50 pixel radius as shown in
eqn. 8.5.

( ⃗GC0P(n), ⃗GC1P(n), ⃗GC2P(n), ⃗GC3P(n)) =
(1, 0, 0, 0) i f c1

(0, 1, 0, 0) i f c2

(0, 0, 1, 0) i f c3

(0, 0, 0, 1) i f c4

(8.5)

c1 = dp(n) > 50,

∀ p = {(a,b), (b,c), (a,c)}
(8.6)

c2 =dp(n) ≤ 50 and dq(n) > 50 and dr(n) > 50,

where, p, q, r ∈ {(a,b), (b,c), (a,c)} ,

and p ̸= q ̸= r

(8.7)
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c3 = dp(n) ≤ 50 and dq(n) ≤ 50 and dr(n) > 50,

where, p, q, r ∈ {(a, b), (b, c), (a, c)} ,

and p ̸= q ̸= r

(8.8)

c4 = dp(n) < 50

∀ p = {(a,b), (b,c), (a,c)}
(8.9)

Table 8.2: Example of interpreting BC measures for a team-trial

Gaze co-
visitation less
than 50 pixels

zero
pairs
(BC0P)

one
pair
(BC1P)

two
pairs
(BC2P)

three
pairs
(BC3P)

Count 2330 375 24 11

where, c1 (eqn. 8.6), c2 (eqn. 8.7), c3 (eqn. 8.8), and c4 (eqn. 8.9) ac-
counts for zero-pairs, one-pair, two-pairs and three-pairs having gaze co-
occurrences within 50 pixel radius at a certain discrete time n. For example,
at any n, if no pairs had euclidean distance less than 50 then GC0P was
assigned 1 and the remaining gaze co-visitation possibilities i.e., GC1P, GC2P
and GC3P are assigned zero. Similarly, if suppose that there was one pair
GC0P, GC2P and GC3P are assigned zero. Finally, the behavioural compli-
ance B⃗C of a team-trial was represented using a vector of 4-values such that
values in the vector corresponded to number co-visitations observed in each
pair-count class as shown in eqn. 8.10. For example, if B⃗C of a team-trial
was {2330, 375, 24, 11} it could be interpreted as:

B⃗C =

{
∑
n

⃗GC0p, ∑
n

⃗GC1p, ∑
n

⃗GC2p, ∑
n

⃗GC3p

}
(8.10)

8.3 results

8.3.1 Data for Analysis

Following the team-level PB measures, seven measures from IBI-based
categorical cognitive states, five measures from IBI-based compliance in
cognitive load, gaze fixations and four variables gaze co-occurrences based
BC measures, respectively were available for analysis.

At the time of this analysis data of only 17 team were available. As
such, IBI of one team and gaze of three teams’ data were discarded due to
technical issues. Further, observing the trend that initial trials could include
learning processes, the remainder of the analyses was performed using
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task-performances and PB measures from last two trials. Hence, there were
a total of 32 trials of IBI-series and 28 trials of gaze-series and fixations.
Overall, this provided a pool of 28-trials PB-based measurements for two
different multimodal analysis.

8.3.2 Relationship between PB measures and performance

Pearson correlation was used to analyse the relationship between PB mea-
sures against the overall team performance BH.

Relationship between TCS and performance

From Table. 8.3, it could be observed that TCS CS16, CS21 and CS25 demon-
strated a significant relationship with performance. A closer inspection of
these cognitive states realises the following:

• CS16 accounted for instances where Alpha had a high cognitive load,
Bravo demonstrated the least cognitive load and Charlie demonstrated
medium cognitive load. This one of the least cognitive-LC state and
having a significant positive correlation with performance. On closer
inspection of experiment notes revealed that participants who as-
sumed the role of Alpha, took in charge of guiding the team. The
observation was in line with the theories of ownership and leadership
evolution [73]. However, later analysis reveals that this effect did not
necessary contribute to the composite index.

• CS21 accounted for instances where Bravo had a high cognitive load,
and Alpha and Charlie demonstrated medium cognitive load. This is
one of the medium-low cognitive-LC state and having a significant
positive correlation with performance.

• CS25 accounted for instances where Alpha and Bravo had a high
cognitive load, and Charlie had a medium cognitive load. Also, this is
one of the high-medium cognitive-LC state and having a significant
negative correlation with performance. This effect is high likely due to
relaxed and complementary behaviour of Alpha, Bravo and Charlie,
where as a team they are supporting each other and not having
demonstrate more instances of cognitive-LC.

Further, a multiple linear regression was performed to enhance the rela-
tionship as shown in Table. 8.4. The result reveals that the combination of
CS21 & CS25 achieves the best performance. A significant regression could
be reported as F(2, 29) = 10.79, p = 0.0003, with an r2 = 0.42 and also
an improvement in the adjusted-r2 = 0.39. Team’s predicted performance
BH = −226.8254 − 24.83CS21 + 17.81CS25 and both CS21 & CS25 were sig-
nificant predictors of team performance. Despite, all three CS-measures
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Table 8.3: Linear statistics (mean and standard deviation (SD))and Pearson correla-
tion (N=32) between IBI-based measures CS, T, LC and task performance (BH)

PB
Type

Variable Mean SD pearson-r p-value r2 significance

C⃗S

CS0 5.91 2.61 -0.15 0.41288 0.02 ns
CS1 11.78 3.60 -0.26 0.14796 0.07 ns
CS2 12.03 2.91 0.17 0.34202 0.03 ns
CS3 12.16 3.14 0.03 0.84935 0.00 ns
CS4 20.75 3.79 -0.24 0.17673 0.06 ns
CS5 22.50 4.97 -0.10 0.57176 0.01 ns
CS6 21.50 4.03 0.06 0.75757 0.00 ns
CS7 4.88 2.15 0.10 0.58997 0.01 ns
CS8 5.19 2.99 0.02 0.90556 0.00 ns
CS9 4.88 1.93 -0.02 0.90859 0.00 ns
CS10 10.69 3.31 -0.13 0.47000 0.02 ns
CS11 9.25 3.44 0.13 0.47729 0.02 ns
CS12 10.56 3.80 0.06 0.73664 0.00 ns
CS13 44.12 5.07 -0.00 0.98028 0.00 ns
CS14 10.16 2.36 0.09 0.62149 0.01 ns
CS15 9.22 3.23 0.16 0.39559 0.02 ns
CS16 8.94 2.88 0.45 0.00913 0.21 **
CS17 4.75 2.41 0.12 0.51288 0.01 ns
CS18 4.38 2.19 0.00 0.99376 0.00 ns
CS19 5.69 2.36 -0.03 0.89157 0.00 ns
CS20 19.91 3.48 0.18 0.32372 0.03 ns
CS21 20.69 3.34 0.38 0.03118 0.15 *
CS22 19.81 3.32 -0.06 0.75221 0.00 ns
CS23 10.12 3.04 -0.06 0.75365 0.00 ns
CS24 12.84 3.60 -0.08 0.66927 0.01 ns
CS25 12.19 4.16 -0.58 0.00054 0.33 ***
CS26 7.97 3.45 0.10 0.58147 0.01 ns

T⃗

T−3 12.81250 4.11125 0.40 0.12522 0.16 ns
T−1 72.50000 10.05609 -0.10 0.70236 0.01 ns
T1 154.81250 12.28423 -0.53 0.03440 0.28 *
T3 205.87500 12.96088 0.42 0.10569 0.18 ns
T5 153.81250 11.53917 0.34 0.19889 0.11 ns
T7 70.31250 7.60525 -0.46 0.07424 0.21 ns
T9 15.25000 5.17808 -0.01 0.96132 0.00 ns

L⃗C

LCA 58.00000 7.54155 -0.01 0.96227 0.00 ns
LCB 49.96875 5.29436 -0.50 0.00383 0.25 *
LCC 100.71875 7.66173 -0.20 0.26873 0.04 ns
LCD 45.43750 7.24110 0.07 0.71778 0.00 ns
LCE 58.81250 6.66351 0.34 0.05669 0.12 ns
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collectively showing a significant improvement in performance (r2=0.44),
however, the adjusted-r2 does not show any improvement.

Table 8.4: Multivariate regression using combinations of CS16,21&25 and perfor-
mance BH

Variable p-value r2 Adjusted r2 significance

CS16, CS21 (0.094, 0.027*) 0.28 0.23 0.008**
CS16, CS25 (0.012, 0.246) 0.36 0.32 0.0014**
CS21, CS25 (0.001** ,0.038*) 0.427 0.39 0.0003 ***
CS16, CS21 & CS25 (0.009** ,0.064*, 0.445) 0.44 0.38 0.0009 ***

Relationship between categorical-TCS and performance

From Table. 8.3, it could be observed that categorical-TCS T1 and T7 demon-
strated a reasonable negative correlation with performance, although only
T1 demonstrated a significant relationship. Observing the trends of T1 and
T7 from fig.8.3, it could be inferred that the relative cognitive load experi-
enced by one team-member with respect to the other two members critically
impacted performance. Thus, T1 and 7 accounted for instances where there
was higher disparity between team members cognitive involvement result-
ing in relatively poor performance scores.

It could be argued that patterns in T5 share resemblance with T1 and
T7, however, task conditions that manifested these loads did not impact
performance in the current task settings. A post-hoc analysis with bonferroni
correction was performed to learn whether, participants favoured T1 over
T5 and observed a no significance difference. This indicated that there was
equally likely possibility of participants encountering T1 and T5 during the
task-trials, and there were higher chances that participants encountered
T5 compared to T7. Thus, providing more evidence that the appearance of
team cognitive level was indeed influenced by task conditions.

Another test was performed after summing T1 and T7 (T17) to observe
if there was any enhancement to their previously observed individual re-
lationships. The test revealed an improvement with significant negative
correlation (r = -0.55, p = 0.01, N = 28) indicating that T1 and T7 collec-
tively contributed to decline in performance. Overall, the result suggests
that higher was the disparity at these specific conditions, results in lower
performance scores.

Relationship between cognitive-LC and performance

From Table. 8.3, it could be observed that only the cognitive-LC LCB demon-
strated a significant negative relationship with performance. However, cross
analysing with the results in section. 8.3.2 indicate that the significance
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could be influenced by TCS CS25. The comparison realises that LCB does
not provide any improvements in performance over its individual predeces-
sor CS25. However, the of relaxed and complementary behaviour of teams
is upheld via the significant negative correlation.

8.3.3 Gaze data analysis

Relationship between gaze fixations and performance

A simple linear regression was performed to analyse the relationship be-
tween average of overall gaze fixations ( fµ, eqn. 8.2) and performance, and
observed a significant positive correlation with performance as shown in ta-
ble. 8.5. The regression equation is reported as F(1, 26) = 16.24, p = 0.0004,
with an r2 = 0.38. In this light, team’s predicted task performance could be
formulated as,

yBH = −981.0216 + 0.593 fµ. (8.11)

In addition, a one way analysis of variance was conducted to observe
if variation in fixations were result of team cognitive activity. However,
no significant effect between ( fµ) and trial progression was observed. This
indicates that only good performing teams improved their mean fixation
count which enabled them to perform better.

Relationship between gaze co-occurrence and performance

Table 8.5: Linear statistics (mean and standard deviation (SD))and Pearson correla-
tion (N=28) between gaze based fµ, BC and task performance (BH)

PB
Type

Variable Mean SD pearson-r p-value r2 significance

fµ 1346.16 193.12 0.62 0.0004 0.38 ***

B⃗C

BC0P 2542.93750 148.00907 -0.56 0.02544 0.31 *
BC1P 186.56250 135.50045 0.56 0.02406 0.31 *
BC2P 6.56250 8.22320 0.49 0.05638 0.24 ns
BC3P 4.18750 4.92720 0.42 0.10283 0.18 ns

Analysing the results of correlation between BC and BH in Table. 8.5,
shows that the number of gaze co-occurrence between any pair of team
members (BC1P) during a trial demonstrated a significant relationship with
task performance. Contrastingly, an opposite effect was observed between
zero gaze co-occurrences (BC0P) and performance. This implies that, gaze
co-occurrence between a pair provided an indicator of performance. Also,
the measure BC0P was an opposite reflection of BC1P indicating that the this
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measure significantly dominated two remaining measures in contribution of
performance. Further, the analysis also revealed that there was no significant
difference between the other two BC measures BC2P and BC3P. On closer
inspection it was observed that majority of the BC2P and BC3P had resulted
in a relatively low mean and standard deviation (SD) further substantiating
its insignificance to performance.

The analysis indicates that, teams with relatively higher gaze co-
occurrences performed better in the task. The gaze co-occurrence in the
current context was an indicator of how quickly their partners reacted indi-
cating shared understanding, team situational awareness and share mental
models. Thus, team with higher gaze co-occurrences could be inferred to
have demonstrated a relatively higher team cognition.

Multimodal Analysis-1

From the results above, a multiple linear regression was performed using all
of the measures estimated above. Results demonstrated the best relationship
with the task performance BH using CS25 and f _mu. The predicted trial
performance (BS Health) can be visualised in Figure. 8.5. A significant
regression equation was found (F(2,25) = 16.9, p <0.0001), with an r2 score of
0.57 and an adjusted-r2 score of 0.54. Both parameters provided a significant
contribution such that team’s predicted task performance is formulated as,

yBH = −340.005 − 26.1405CS25 + 0.35 fµ (8.12)

The result indicated that performance BH was a function of improvement
in overall fixation count, and a relaxed and complementary behaviour of
Alpha, Bravo and Charlie as a team.

Multimodal Analysis-2

Another possible relationship was explored from the results, where
categorical-TCS measure T17 and BC measures BC0P and BC1P had a sig-
nificant relationship with performance. Hence, the measures BC1P and T17

were grouped together, and a multiple linear regression was performed.
A significant regression equation was found (F(2,13) = 11.83, p = 0.001),
with an r2 score of 0.65. The predicted trial performance (BS Health) is
shown in eqn. 8.13 and visualised in Figure. 8.6. The performance during a
trial improved as 0.28 times pair gaze co-occurrence BC1P with -7.12 lower
level of T17 instance of team cognition level. Thus both, team cognition level
belonging to T1 and T17 following gaze co-occurrence levels of BC0P were
significant predictors of performance.

yBH = 1298.1983 − 7.30T17 + 0.750BC1P (8.13)
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Figure 8.5: A detailed picture of multiple linear regression utilising PB measures
CS25 and fµ.
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Figure 8.6: A detailed picture of multiple linear regression utilising BC measure
BC1P and categorical-TCS measure T17.

8.3.4 Team Cognitive Activity

Markers From IBI-based measures

The IBI-based cardiovascular measures were used to observe markers of
cognitive activity as teams progressed through trials. Accordingly, a one way
analysis of variance was conducted and observed the following significant
differences between the first two trials and the last two trials. As mentioned
in section. 5.2.5, every trial comprised of two intensity levels i.e., Low
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A B

DC

Figure 8.7: Boxplots of TCSs CS22 and CS24 against different stages of the task
showing variations due to teams continuous involvement. Subplots A and B
corresponds to counts of CS22 and CS24, respectively, observed during the full-
length of a task trial. Subplots C and D corresponds to CS22 counts during low
intensity and CS24 counts during the high intensity phase of a task trial.

(starting three waves) and High (remaining three waves). As team members
collaborated, significant changes were observed in TCS CS22 and CS24 as
shown in Figure. 8.7.

Irrespective of the stage of the experiment, figures. 8.7 (A and B) demon-
strate the variation such that, teams demonstrated a significant low number
of CS22 state in later trials compared to early trials. An opposite effect was
observed in CS24 state where later trials demonstrated a significant increase.
Additionally, the corresponding variations were significantly evident during
the conditions of the task as shown in figures. 8.7 (C and B).

On closer inspection of the composition of the cognitive states CS22 and
CS24, the following could be realised:
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• CS22 accounted for instances where Alpha and Bravo experience
medium cognitive load, and Charlie demonstrated the highest. This
one of the medium-low cognitive-LC state and having a negative effect
in relation to task trials and low intensity phase of task. This effect
could be arising due to non-involvement of Alpha and Bravo in early
trials and demonstrating a better engagement in later trials.

• CS24 accounted for instances where Alpha and Charlie experience the
highest cognitive load, and Bravo demonstrated the medium. This one
of the high-medium cognitive-LC state and having a positive effect in
relation to task trials and high intensity phase of task. This effect could
be arising due to involvement of Alpha and Charlie demonstrating a
better engagement in later trials compared to early trials.

Markers From Gaze-based measures

C

A B

D

Figure 8.8: Boxplots of gaze-based sµ (eqn. 8.3) against experiment stages and task
conditions.
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Similar to the previous analysis, gaze-based measures were explored
to identify markers of cognitive activity. The team average of median of
saccadic magnitudes sµ demonstrated a significant effect of experiment
stage and task conditions as shown in Figure. 8.8. The plot in Figure. 8.8
(B) shows that as teams progressed through trials, sµ also increased and
saturates after the third trial. The plot in Figure. 8.8 (A) shows a significant
effect where sµ significantly elevated in the later stages of the experiment.
From Figure. 8.8 (C) and (D) it could be noticed that the effect was more
visible at low intensity levels compared to the high intensity level of trials.
This is valid because, following the end of a trial all the teams regrouped,
analysed and devised the scattering-based defence strategy. Although, the
strategic intention was clear, however, the high intensity level created the
chaos resulting in small degradation.

8.4 discussion

This study aimed to explore the relationship between measures from PBR
and task performance in a multiparty setting involving three members in
a team while they engaged in a cognitively challenging collaborative task.
The study also investigated whether an effective unified model could be
derived from multiple modalities. The PB techniques in this study were
chosen to complement the cognitively demanding nature of the task.

Studies based on neurovisceral integration theory suggest that there exists
a connection between cardio-vascular activity and the branch of human
brain necessary for regulating cognitive processes [257]. Hence, studies
investigating task-exerted cognitive load explored the activity of ANS by
analysing HRV from IBI-series. Conventionally, HRV is analysed using time-
domain based linear measures (e.g. average heart-rate, standard deviation of
normal-normal) [241, 258], frequency-domain based measures (e.g. low and
high frequency components) [67] and non-linear based measures (recurrence
quantification analysis) [96]. Such methods are often employed on excerpted
IBI-series typically of 1 to 5-min durations, thereby, limiting any analyses
concerning shorter-latency variations in cognitive activity.

To overcome the above limitations, IBI-series averaged over 2-seconds are
used in the current analysis, enabling the capturing of any low-latent varia-
tions in teams cognitive load states and levels of cognitive load compliance.
Previously, in a pilot study, Dias et al. proposed a method for efficiently
analysing short-latent variations under a heterogeneous task setting. A
similar method is adopted in the current study, however, in a homogeneous
task setting. The team cognition levels were individually analysed against
task performance demonstrating an advancement in the analysis of team
cognitive loads. Traditional team-level cognitive loads were measured based
on the assumptions that cognitive demand experienced by teams are aggre-
gations of the demand experience by team-individuals [258]. In this light,
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aggregations such as averaging and summing were employed to measure
team-cognition level. The method presented in this study extends these
concepts into current task setting where, patterns of team cognitive levels
were grouped together such that the sum of loads experienced at team-level
are same for any team cognitive level group.

A recent cross-domain review [60] emphasised the role of eye-tracking
in perceiving team cognitive activity. Team situational awareness is an
aggregate of team cognitive processes that could be analysed via gaze
behaviour [5]. In early research, videos of participants were employed
to analyse gaze-coupling between radar monitoring student-pairs as a
measure of team situational awareness [208]. In recent years, gaze-related
dynamics from eye-tracking technologies are explored in the analysis of
joint attention as proxies of cognitive processes between collaborative pairs.
In team settings, gaze-patterns between collaborating pairs are indicators
of team’s readiness that could have a significant impact on overall team
performance.

Concepts of RQA [79, 81] and ENA [255] were previously employed to
quantitatively analyse gaze coupling. Effective application of these methods
requires defined ROI, however, it is less effective when accounting for
spatial and temporal co-occurrences. Employment of ROI-based approach
is valid when there are fixed objects in the collaborative space, restricting
the freedom of exploring gaze coupling outside of ROI boundary. However,
when there are multiple objects dynamically moving and distributed around
a space, such as in radar display, equipment arrangements and skimming
through text documents and programming codes, defining fixed ROIs may
have certain drawbacks. Undefined ROIs that could manifest for particular
groups and specific to certain scenarios could not be accounted. Such
processes are common in training and learning environments because, team
cognitive processes develop over a period of members involvement [5,55]. In
addition, majority of gaze-based analysis previously observed in literature
are in dyadic settings. In triad settings, studies have opted for video analysis
depriving any benefits of gaze-dynamics [82,253]. Raw-video analysis could
be laborious and time consuming depends human intervention and on some
occasions relies on supporting evidence such as communication transcripts.

The gaze co-occurrence estimation methods presented in the current
study relies on dynamic ROIs that could occupy any region of the task-
space at any time. By reducing the samples and eliminating non-valid
gaze data, the influence of gaze co-occurrence on team performance was
observed. Further, the analysis presented here are in triad settings and
account for temporal gaze coupling between all possible pairs. Thereby,
enabling an effective alternative to video-based analysis. It also enables the
freedom to explore spatial-temporal gaze-coupling analysis in triadic task
settings.
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The cross-domain review on measuring team cognition [60] suggested
that eye-tracking measures of cognition are rather indirect, and must be
collectively analysed with other physiological measures. The current study
addresses this requirement via the data fusion model presented in eqn. 8.12

and 8.13 combining gaze-based BC measures with cardio-vascular based CS,
T and LC measures. The model represents a composite index accounting
team-level compliance in visual cognitive behaviour and cognitive load
experienced by members, respectively.

Overall, results elicit the acceptance of all seven set hypothesis. In sum-
mary, the team cognitive levels measure via LC of individual IBI-series
shared relationship with performance, however, not all measures were ef-
fective in the current task settings. Thus, suggesting that not all conditions
of the task pose a threat to performance, indicating the presence of certain
instances during the task that were more stressful than others.

One of the needs of employing three members in the task was to advance
team studies beyond coupled dynamics. The methods developed in this
study provides a substantial groundwork for evaluating performance of
teams with two of more participants which are rarely observed in the
collaborative learning environment literature. The homogeneous conditions
mentioned in the current study enables the developed concepts to be easily
adaptable in similar environments such as in academic and training settings.
The procedure also provides a mechanism for quantitative analysis.

8.5 summary

This work explored physiological and behavioural compliance in a three-
member team with homogeneous task conditions. Compliance between
members physiological and behavioural measures and results provided
substantial evidence for future team cognition based analyses. The employ-
ment of wireless and non-invasive methods in the form of eye-tracking and
chest-strap demonstrate a feasible setup for exploring other team processes
related studies. The task conditions, methods and results could be replicable
in environments involving groups and multi-party collaborative training.
Ultimately, this research offers a solid foundation of evaluating collaborative
processes for larger teams.

The next chapter mentions the limitations of the methods and findings of
this thesis and provides brief recommendation for future work.



9
Conclusion, Limitations and Future
Recommendation

9.1 conclusion

The main purpose of the thesis was to evaluate the state of team and
collaborative working research, and endeavoured to contribute via novel
enhancement methods and approaches. A careful overview of literature
on team research observed that most previous studies approached from
a psychophysiological perspective and hence the team processes were the
focal point of interest. Contrarily, this thesis approached from an empirical
perspective which is inline with the inputs of the team, as well as complies
with the cyclic nature of IPO. The thesis starts by briefly organising the
abstracts of team performance and constructs of IPO, which were chosen ar-
bitrarily in previous studies. Next, establishes current gaps and motivations
from an empirical approach that could augment the research domain. In this
light, the thesis realises the need for a library of fundamental components,
single modality PBR based approach that concern team size larger than and
dyads, team performance prediction and forecasting capabilities, and fusion
of data from multi-modalities.

To address the aforementioned demands of the present day team research,
chapter. 2 critically examined the relationships between team performance
abstracts and the principles of IPO from PBR based empirical perspective.
The study led to synthesising a literature on the fundamental components
such as PBR, synthetic collaborative tasks, mathematical models for process-
ing and fusion of data, subjective feedback techniques for overseeing the
transition. In addition, two preliminary studies were conducted in chapter 3

and 4 to complement the knowledge gained in the review, building a strong
foundation for designing research methods for this thesis.

Concepts such as gamification and software developments were utilised
to build a state-of-the art experimental platform for collaboratively engag-
ing 3-member teams. Chapter. 5 evaluated the capability, scalability and
configurability properties of the environment. Properties such as compre-
hensively engage participants with minimal physical interference, choice
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of PBR techniques that can complement each other, comfortableness in
wearing multiple and capabilities of the data and task dynamics in team
research was explored. The platform offers expansion for engaging larger
teams and future integration of online and real-time predictive models and
applications.

Ultimately, in the light of gaps established at the beginning of this thesis,
the following summarises novel contributions such as, a 3-member col-
laborative task environment, an empirical framework that could collect
data concurrently from 3-member teams, gaze based findings in terms of
convergence, co-occurrence, distribution and compliance, cardiac based
cognitive states, and two CM-TLX measures combining gaze and cardiac
data. The thesis addressed concepts such as socio-physiological compli-
ance, behavioural compliance, and team cognitive activities. Two studies
demonstrated the neural network based predictive capabilities. Overall,
contributing to the enhancement of work-team collaborative research meth-
ods. The validity of the relationships between CM-TLX and performance
could be improved by increasing the sample size. It should be noted that in
PBR-based team research employing three or more participants, this thesis
collected more team samples than reported in the literature.

9.2 limitations

Although, the thesis made a notable and novel contributions, however,
several limitations observed during the course of the research is listed
below as.

• The configurability offered in the current version of Tank Battle Task
is limited, however, is still effective in team research as discussed
in the Chapter. The task environment is mostly capable of hosting
homogeneous task setting which is commonly observed in training
and learning environments. It should be noted that the results are task
and domain specific, current configuration only allowed validation of
limited aspects of team and collaborative working research.

• The analysis originating from this task and PBR data are in a desktop-
based environment, which may not be readily applicable for mobile
eye-tracking applications mentioned by Fasold et al. [211]. Addition-
ally, due to limited data availability, the neural network model pre-
sented here relied on normalised BH scores. The employment of raw
BH scores required much larger and deeper NN, hence, was not re-
ported. However, it provided enough evidence for future research to
focus on training with raw scores. Future studies preferring to explore
RQA-based analysis could employ pair-distances that is a collective
representation of (x,y) coordinates, thus, minimising computations.
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• The results of gaze measures reported in Chapters 6,7 and 8 originating
from the current task environment is based on pixel radius of UGV.
Since the task is designed in 3-dimension, when projected on a 2-
dimension display (LCD), the radius could vary depending on the
location of the UVs on the map. The concept has rich value, however,
identifying the radius of dynamic-ROI for other task settings requires
certain trial as mentioned in Chapter. 6 or identification of a different
logic.

• Future work focuses on enhancing the task environment with a dif-
ferent configuration that could target a broader spectrum of team
research. Also, support for hosting heterogeneous task setting will be
targeted in the future. A public version of the environment is available
to the research community promoting other areas of team research
with different configurations. The inclusion of subjective feedback
to learn emotion states and boredom that are prevalent in academic
settings [259] could be advantageous, however, are not attempted in
this study.

• One of the limitations of defining team-cognitive load in Chapter. 8 is
the employment of terciles. In the current approach limits 25% and
75% have been used in accordance with interquartile estimation. There
are literature suggesting the use of limits 33% and 66% which might
provide a different outcome. Further, as opposed to terciles, literature
also mentions the use of quartiles enabling more team cognitive levels.
Future research could focus specifically on which approach would be
more suitable.

• The result of cognitive effects reported in the study has fixed low-
intensity followed by high-intensity. Validation and acceptance of this
finding requires experimenting with variations in the intensity such as
high-intensity phase appearing before low-intensity and then mixture
of low and high-intensity.

• Despite the homogeneous nature of the task, heterogeneous were
observed indicating the presence of evolution of leadership qualities.
However, using IBI and gaze data could not validate this claim could
not be substantiated. Processing communication utterances could help
in the validation of this result.

• Employing interested and genuine participants could improve the sig-
nificance of the relationships observed in the results. Although, partic-
ipants were given clear instructions regarding experiment preparation,
however, cannot be verified. It is beyond the controlled environment
and must rely on their feedback.
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9.3 future recommendations

In relation to the above limitations and overall findings of this thesis, the
following recommendations for future could significantly augment the field
team and collaborative research.

• Future work focuses on enhancing the task environment with a dif-
ferent configuration that could target a broader spectrum of team
research. Also, support for hosting heterogeneous task setting will be
targeted in the future. A public version of the environment is available
to the research community promoting other areas of team research
with different configurations. The inclusion of subjective feedback
to learn emotion states and boredom that are prevalent academic
settings [259] could be advantageous, however, are not attempted in
this study.

• The props of the STE i.e., BT, UGV and BS are just simulation agents
of current task. Future research could focus on modifying the props
that represent other scenarios such as radar surveillance, academic
collaborative problem solving, cyber-security, industry equipment
operation and health care professional settings. The environment can
be easily expanded to host larger teams as well as team of teams which
is an area of research currently in demand at an industry/organisation
level. Team of teams research is currently primitive and PB based
research could significantly revolutionise the research, encouraging
an efficient approach.

• The current findings definitely pose avenues for future exploration.
For example, identifying additional affect instances of task, such as
stress and related PC-levels that could impact teams performance.
Thus, jointly addressing the PC-based stressful instances relationship
with gaze dynamics would provide solid evidence to team cognitive
processes and performance. Further, research on user-experience based
measures of reaction duration as task performance and its relationship
with PC and BC measures is another goal for future explorations.

• In the light of expanding the usability of the task environment as an
embedded training system, future research could also focus on inte-
grating ANN-based predictive models with task environments such
as intelligent team tutoring system [218], and advanced embedded
training system [32]. Such integration enhances the functionality of
training systems enabling real-time performance assessment using
gaze physiological dynamics.

• Originally, the thesis aimed to incorporate Google’s voice to script
conversion to be employed in semantic analysis, word count and ut-
terances [9]. Raw communication data also contains information such
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as fundamental frequencies pertaining to emotions and linguistic pro-
cesses. Future research could incorporate these features for improving
the accuracies of performance predictions.

• The findings of Chapter. 4 outlines a range of feature extraction pro-
cesses for utilising EEG. Additionally, the importance of data from
channels and regions were explained. Future research could utilise
these resources for exploration of EEG in team settings. In line with
the cognitive states established in Chapter. 8, Gorman mentions a
similar process for representing EEG signals [45]. Future research
could employ such an approach with EEG and HRV data to derive
Shannon’s entropy for analysing attractor basins of team performance.

• Future research could also explore causal effects on performance and
team cognitive processes.

• Most performance related analysis primarily concern the BH score.
Synthetically generated performances mentioned in section. 5.5.2 are
yet to be explored, and offers an additional avenue for future research.

• Future research could also focus on combined indices of gaze and
cognitive states on team cognitive processes.

• Given the time constraint, at this stage it was not possible to com-
pletely utilise all of the PBR data collected during the experiment.
Specifically, the effects of EEG, communication and recurrent neural
networks pose an avenue for future exploration.
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A
Processing ECG to extract IBI and
HRV measures

a.1 ecg data
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Figure A.1: Example of ECG data recorded at 500Hz sampling frequency

0 1000 2000 3000 4000

−1
00
0

0
50

0
15

00

ECG
ECG-Smoothed

Time

Am
pl

itu
de

Figure A.2: Using running median filter to smoothen ECG signal

168



A.1 ecg data 169

0 1000 2000 3000 4000

−1
00
0

0
50

0
15

00

Time Index

Am
pl

itu
de

ECG
ECG-Smoothed
Di�erence

Figure A.3: Subtracting ECG with smoothened ECG to obtain spikes
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Figure A.4: Square transformation to eliminate negative peaks
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Figure A.5: Using threshold to detect area around R-peaks
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Figure A.6: Binary transformation and detection of rising edges and falling edges
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B
Recurrence Quantification Analysis

b.1 preparing data for RQA

RQA was used to explore recurrence (RR), determinism (Det), entropy
(H) and laminarity (Lam) properties IBI data. An example of recurrence
quantification analysis employed in this study is detailed below.

Since, IBI-series are not evenly spaced, it was first linearly interpolated to
four times the number of samples, and then extrapolated such that there
was 1 sample/second as shown in Figure. B.1. This ensures an even number
of samples, allowing mathematical comparisons (such as correlation) of
IBI-series between two participation. Thus, there were approximately 3600

samples in the IBI-series of any pariticipant.
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Figure B.1: A plot differences between raw IBI-series, after interpolating with four
times the number of samples and extrapolating to exactly 1 sample/second.
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b.2 recurrence plots

The first step is to extract RP to represent points recurring within a certain
distance. Suppose, xk represented an IBI-series, then a symmetric matrix
Rm,n(ε) was generated as follows:

Rm,n(ε) = Θ(ε − ∥xm − xn∥), m, n = 1, 2, ..., N (B.1)

where N is the total number of samples in xk, ε is the minimum threshold
distance (ε in this example was 0.01), Θ(.) is Heaviside function such that if
a < 0, Θ(a) = 0 and a ≥ 0, Θ(a) = 1 and ∥.∥ is the Euclidean distance.

Since there were 3600 samples in the IBI-series, the resulting matrix is of
size 3600 × 3600 as shown in figure. B.2. Hence, mapping such a matrix is
not ideal for visual presentation. To provide a detailed picture, section of
plots are zoomed to two different levels and shown in the figures B.3 and
B.4, respectively.

Figure B.2: Example showing recurrence plot of IBI-series xk. For more detail, a
section the highlighted section is further zoomed in figures. B.3 and B.4

Then RP is used derive the above mentioned RQA measures. Because RP
is symmetric (i.e., Rm,n ≡ Rn,m), the measures are estimated only from the
upper triangle of the RP.



B.2 recurrence plots 173

Figure B.3: Example showing zoomed version of the highlighted section of Fig-
ure. B.2. For more detail, the highlighted section is further zoomed in Figure. B.4

b.2.1 Recurrence Rate

This section demonstrates calculation of RR using eqn. B.2 from RP (Fig-
ure. B.2) i.e., R(ϵ). The RR measures density of recurring points in the
upper triangle of recurrence matrix Rm,n(ε) (eqn. B.1) and for a sequence of
T data points RR is estimated as,

RR =
1

T2

T

∑
m=1

T

∑
n=m+1

Rm,n(ε) (B.2)

Accordingly, number of data points T=3600 and the numerator estimates
a total number of ones in the recurrence plot which was equivalent to
716766. Applying in eqn. B.2 gives RR=0.0562.



B.3 diagonal profile measures 174

Vertical Line

Diagonal Line

Horizontal Line

Figure B.4: Example showing zoomed version of the highlighted section of Fig-
ure. B.3. Also shows what constitutes a vertical, horizontal and diagonal lines from
RP.

b.3 diagonal profile measures

Here we demonstrate calculating determinism Det using eqn. B.4. The first
step is to estimate the histogram of all possible diagonal lines hist(ϵ, d). The
eqn. B.3 sweeps diagonally the upper triangle of R(ϵ) accounting for every
diagonal line of length=d. This process is repeated for all integer lengths
ranging between d= 1,2,3,...,N. Since, in this study RP is symmetric, simply
multiplying hist(ϵ, d) by 2 gives histogram for entire RP, and excluding the
centre diagonal.

For current example, hist(ϵ = 0.01, d) resulted in 10 different diagonal
lines such that there were 278308 individual points i.e.,dl=1 = 278308,
dl=2 = 30345, dl=3 = 4856 and so on till dl=10 = 1 (one longest diagonal
line).

b.3.1 Determinism

Then determinism (eqn. B.4) is simply the ratio of sum of all points starting
with a minimum length=2 (numerator) to the sum of all possible points
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(denominator). As shown in Figure. B.4, the numerator of the equation
equal to 36379 and the denominator = 314687, resulting in det = 0.1156

hist(d) =
T

∑
m,n = 1

(1 − Rm−1,n−1(ε))(1 − Rm−d,n−d(ε))
d−1

∏
k = 0

(Rm+k,n+k(ε))

(B.3)

In the current analysis, a minimum of 2 consecutive points defined a line.
Thus, from the histogram hist(d) the Det property of a RP can be estimated
as,

Det =
∑T

d = dmin
d hist(d)

∑T
d = 1 d hist(d)

(B.4)

In the present context, entropy measures the probability p(d) =

hist(d)/Td of finding a diagonal line of certain length. Accordingly, en-
tropy H is estimated as

H =
T

∑
d=dmin

p(d) logn(p(d)) (B.5)

b.4 vertical-horizontal profile measures

Similar to the concept of diagonal profile analysis, horizontal and vertical
profiles of RP were analyses. Accordingly, the histogram of vertical lines
with a minimum length v can be estimated as

hist(v) =
T

∑
m,n = 1

(1 − Rm,n(ε))(1 − Rm,n+v(ε))

v−1

∏
k = 0

(Rm,n+k(ε)) (B.6)

Then the laminarity Lam associated with Rm,n(ε) can be estimated as,

Lam =
∑T

v = vmin
v hist(v)

∑T
v = 1 v hist(v)

(B.7)

As shown in Figure. B.4, if minimum of two points appear diagonally
consecutively then that condition qualifies as a diagonal line. Similarly, if
two points appear horizontally and vertically consecutively, then it forms a
horizontal and vertical line, respectively.
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Tank Battle Task Environment

c.1 game main menu

Figure C.1: Selection menu of tank battle task.

c.2 parameter configuration window

176
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Figure C.2: Task parameters and the circular window for setting UGV spawn
locations.
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c.3 survey configuration window

Figure C.3: Window showing all questionnaire configurable property of the task..

Figure C.4: Window showing editing and formatting of surveys and questions.

c.4 survey attempting window
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Figure C.5: Window showing participants answering a questionnaire.
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c.5 task performance feedback window

Figure C.6: Performance feedback window showing each members task scores and
the based health at the end of a trial.
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