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ABSTRACT

Effective teamwork monitoring is critical in operational environments, yet current 
EEG hyperscanning is often limited to dyads and strict synchronization. This study 
introduces the Group Synergy Metric (GSM), an Information Theoretic framework based 
on Total Correlation, designed to quantify cooperation in triads using wearable EEG. 
Unlike traditional coherence, GSM captures non-linear dependencies in mental states 
(Workload, Approach-Withdrawal) without requiring strict temporal alignment. Triads 
performed a modified cooperative game (“Keep Talking and Nobody Explodes”) across 
Training, Solo, and Teamwork conditions of varying difficulty. Results demonstrated the 
GSM’s sensitivity to group dynamics (ANOVA, p < 0.001). Post-hoc analyses revealed 
that the Training phase elicited the highest synergy, while the Solo condition showed 
significantly reduced values compared to cooperative scenarios. An analysis of 
teamwork density over time showed sensitivity to task difficulty highlighting higher 
density in the training phase. Despite limitations regarding entropy estimation on short 
windows, these finding benchmark the discriminative power of the proposed index, 
despite theoretical limitations, verifying if it maintains the robustness necessary to 
distinguish not only between Cooperative and Solo conditions but also among different 
degrees of task difficulty.
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INTRODUCTION

In high-risk and operational environments, effective teamwork is a critical 
determinant of both safety and performance. Domains such as aviation, 
emergency response, healthcare, and military operations increasingly rely on 
small teams that must coordinate efficiently under time pressure and high 
demand tasks (Salas et al., 2025). As a result, the capability to objectively 
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quantify the degree of cooperation between individuals becomes critical to 
prevent serious and sometimes fatal human errors, especially in operational 
environments (OE). Despite the recognized importance of teamwork, its 
objective and continuous quantification remains a methodological challenge. 
Traditional approaches in human factors research rely on behavioural 
observations, self-reports, or performance metrics, which often lack 
temporal resolution and are susceptible to subjective bias (Parasuraman and 
Wilson, 2008; Dienes and Perner, 2004). Additionally, the idea of quantifying 
a team metrics combining individuals’ perception or through an external 
individual observing the team working makes these measures even more 
prone to errors. In parallel, to obtain these measurements from operators, it 
is necessary to interact with them or ask them to stop the task to compile the 
questionnaire, and this leads to difficulties to evaluate their state throughout 
particular activities. To address all of these limitations, in recent years, 
neurophysiological monitoring, particularly electroencephalography (EEG), 
has emerged as a promising avenue for assessing objectively teamwork among 
individuals. EEG-based hyperscanning techniques have been employed to 
investigate neural synchronization and inter-brain connectivity as markers 
of cooperation and social interaction. However, most existing studies focus 
on dyadic interactions and require strict temporal alignment between signals, 
typically achieved in laboratory settings with wired EEG systems (Bevilacqua 
et al., 2019; Richard et al., 2021; Toppi et al., 2016; Liu et al., 2018). The 
push towards simulated or realistic operational environments is driven by 
the need to capture cooperative phenomena with higher ecological validity, 
observing how teams function under naturalistic constraints rather than in 
lab settings that may fail the reconstruction of real teamwork dynamics. To 
enable this ecological shift, the field is necessarily transitioning from bulky, 
wired setups to lightweight, wearable EEG solutions that allow for mobility 
and natural interaction (Borghini et al., 2014; 2023; Capotorto  et al., 2024). 

Wearable EEG devices offer a practical alternative for OE applications, but 
they introduce challenges related to signal quality, temporal jitter, and reduced 
channel count. In this context, metrics that depend on precise phase-locking 
or time-locked synchrony may not be robust enough. There is therefore a need 
for alternative computational frameworks capable of capturing collective 
cognitive dynamics without relying on strict temporal synchronization. To 
address these limitations, the present study introduces the Group Synergy 
Metric (GSM), a novel information-theory (Cover, 2021) based index 
designed to quantify teamwork in triads using wearable EEG data. Building 
upon a previously validated dyadic framework based on Mutual Information, 
the GSM extends the concept to multi-agent systems by leveraging the notion 
of Total Correlation, allowing the quantification of shared informational 
structure among three team members. By focusing on entropy-based measures 
derived from neurophysiological indicators of mental states, the proposed 
approach aims to provide a robust and scalable metric of group-level synergy. 
Notably, the GSM has already been applied to the same experimental dataset 
using the raw EEG signal directly (de C. Hamilton, 2021). This signal-level 
implementation offers stronger statistical robustness, as it avoids intermediate 
modelling assumptions and maintain the full EEG time resolution exploiting 
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also the full information content of the EEG time series. However, while 
statistically advantageous, signal-level approaches provide limited insight into 
the cognitive and psychological processes underlying teamwork. In contrast, 
the feature-based implementation adopted in the present study represents 
a deliberate and complementary methodological choice. By computing the 
GSM on neurophysiological features associated with well-established mental 
constructs, such as mental workload and approach–withdrawal, the proposed 
approach enables a psychologically interpretable characterization of group 
synergy. This feature-level formulation allows the GSM to be linked not only 
to statistical dependencies across brains, but also to meaningful cognitive and 
affective mechanisms that support cooperative behaviour.

Taken together, these two implementations define a coherent framework in 
which signal-level and feature-level analyses serve distinct but complementary 
purposes: statistical robustness on the one hand, and interpretability of 
teamwork-related mental processes on the other. The present study therefore 
focuses on the feature-level implementation of the GSM, demonstrating that, 
despite the loss of information inherent to feature extraction, the metric 
preserves its ability to discriminate between different levels of cooperation. 
At the same time, this formulation offers a substantial advantage in terms 
of interpretability, enabling the mapping of group synergy onto well-defined 
cognitive and affective constructs such as mental workload and motivational 
orientation. Together, these findings support the GSM as a robust and flexible 
framework, capable of operating across different levels of signal abstraction 
while maintaining sensitivity to teamwork dynamics.

Finally, the specific objectives of this study can be summarized as follows:

-	 To evaluate the proposed Teamwork index (based on EEG power 
features) in triadic groups within an ecological, simulated operational 
environment using a wearable EEG system.

-	 To assess the metric’s sensitivity in distinguishing not only between 
Cooperative and Solo conditions but also between different levels of 
cooperation complexity driven by task difficulty.

MATERIALS AND METHODS

Fifty-seven healthy volunteers, all master’s degree students with normal 
or corrected-to-normal vision, participated in the study. Participants were 
organized into triads, resulting in twenty-five independent cooperative 
groups. To minimize confounding effects related to prior expertise, none of 
the participants had previous experience with the task or protocol, and team 
composition was balanced to ensure comparable baseline familiarity. All 
participants provided written informed consent, and the study was approved 
by the local ethics committee in accordance with the Declaration of Helsinki.

The experimental task consisted of a cooperative bomb-defusal simulation 
adapted from Keep Talking and Nobody Explodes (Steel Crate Games). 
The original dyadic format was modified into a triadic task by splitting the 
instruction manual into two complementary parts, ensuring that no single 
participant possessed all the information required to solve the task. This 
enforced continuous communication and interdependence, meaning that 
aligned mental states were intrinsically linked to the cooperative effort rather 
than just observing the same stimuli. 
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The protocol was structured into three main phases. During the Training 
phase, teams performed the task under expert supervision, receiving guidance 
aimed at fostering effective teamwork strategies. This was followed by 
the Teamwork phase, in which teams autonomously completed bombs of 
increasing difficulty (i.e., Easy, Hard, SuperHard), presented in random order, 
and concluded with a Sound condition, consisting of a SuperHard task with 
added auditory disturbance to increase cognitive and communicative load. 
Finally, during the Calibration (i.e., Solo) phase, each participant performed 
an easy task individually with access to the full manual, providing a baseline 
for teamwork-related analyses. Two preliminary EEG recordings were also 
collected to estimate individual alpha frequency (Klimesch, 1999) and to 
calibrate ocular artifact correction.

After each phase the players were asked to fill a simple questionnaire with 
the aim to collect their subjective perception of task difficulty and cooperation 
in the relative phase on a 10-point Likert scale. We opted for a pen-and-
paper format rather than a digital interface to facilitate rapid administration 
(Gwaltney et al., 2008). This logistical choice allowed participants to fill 
out the questionnaire immediately following the task execution, thereby 
minimizing the time interval between the experience and the report and 
ensuring that their responses accurately reflected their immediate perceptions. 
EEG data were collected using the Mindtooth wearable system from eight 
scalp locations (AFz, AF3, AF4, AF7, AF8, PZ, P3, and P4), referenced to the 
right mastoid and grounded to the left, at a sampling rate of 125 Hz. Signals 
were pre-processed using standard procedures, including notch filtering, 
band-pass filtering (2–30 Hz), and artifact correction. Ocular artifacts were 
corrected using a multichannel Wiener filter, and residual artifacts were 
rejected based on amplitude thresholds (Ronca et al., 2025; 2024). Data were 
segmented into 1-second epochs, and only recordings with at least 75% valid 
data were retained to ensure reliable estimation of neurophysiological indices. 
Time windows with insufficient clean data were excluded from analysis.  For 
each individual, individual alpha frequency (IAF) was computed on the eyes 
closed EEG signal and GFP (Global Field Power) (Skrandies, 1990; Vecchiato 
et al., 2014) features were computed among the among individual  frequency 
bands described in Table I.

Table 1: Frequency bands definition.

Band Limits

Theta [(IAF – 6)(IAF – 2)] Hz

Alpha [(IAF – 2)( IAF + 2)] Hz

Mental Workload Index (Sciaraffa et al., 2022) and Approach Withdrawal 
Index (Di Flumeri et al., 2017) features have been assessed over time for each 
individual:

W t
GFP AF AF AF

GFP P P P
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Z
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where GFPx represents the GFP evaluated on the individual x-band.
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Teamwork Index

The presented EEG-based Group Synergy Metric (GSM) Index is based 
on the assumption that teamwork could be modelled as the output of a 
multivariate system composed of the interaction between behavioural, 
affective, and cognitive mechanisms belonging to the individuals within 
the team (Capotorto et al., 2024; Sciaraffa  et al., 2021; Ronca et al., 
2025). The GSM index was obtained by computing the Total Correlation, 
a multivariate extension of Mutual Information, between the individuals’ 
MWL and AW over 60s time windows with a 15s shift. In other words, the 
GSM provides an objective indication of the maximum information shared 
between three random variables, including multivariate variables (Cover, 
1999; Watanabe, 1960). Formally, let X = {x1, x2, x3} denote the set of feature 
vectors associated with the three teammates, where for each participant i, 
the vector xi(t) = [AWi(t), Wi(t)] consists of the Approach–Withdrawal and 
Workload indices extracted at time t. To reduce the dimensionality of the 
dataset and improve the robustness of the subsequent statistical estimation 
of probability distributions, Principal Component Analysis (PCA) (2002)
was applied independently to the feature space of each participant. For each 
individual, only the first principal component, accounting for the largest 
portion of variance across time, was retained and used as the representative 
mental state feature for the computation of the Group Synergy Metric. The 
GSM is defined as the difference between the sum of the individual entropies 
and the joint entropy of the entire system:

GSM x x x H H x x xi

i

( , , ) (x ) ( , , )1 2 3
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�
�
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�
�
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�
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where:
−H(xi) is the Shannon Entropy of the signal from participant i, representing 

the individual information content (uncertainty);

H p pt t� �� log

−H(x1, x2, x3) is the Joint Entropy of the traid’s features, representing the 
uncertainty of the system as a whole. The assessment of the Joint Entropy 
is computed according to the previous formula. Here, the term p denotes 
the joint probability of the co-occurring states across the three-time series, 
capturing the global uncertainty of the system.

The resulting index quantifies the total constraints or redundancy within 
the group. A GSM value approaching zero implies that the teammates’ 
neural activities are statistically independent (no group coordination). 
Conversely, higher GSM values indicate a high degree of information 
integration, suggesting that the triad has self-organized into a tightly coupled 
neurophysiological state.

The percentage of teamwork time has been computed by determining how 
long the teamwork neurophysiological index was above the cooperation 
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threshold. The cooperation threshold has been established as the GSM 
median evaluated along the Solo condition tasks (i.e., Calibration).

PERFORMED STATISTICAL ANALYSIS

Comparisons of the GSM Teamwork Index across experimental phases were 
conducted using ANOVA, after verifying all necessary assumptions. The 
Greenhouse-Geisser correction was applied in cases where the assumption 
of sphericity was violated. Standard Holm post-hoc tests were performed to 
explore pairwise differences. Taking into account that while these tests are 
conservative due to corrections for multiple comparisons, any significant 
findings obtained through them are considered particularly robust. However, to 
examine specific patterns without compromising statistical power, an additional 
planned contrast analysis was conducted (Contrast analysis for competing 
hypotheses, n.d.). Unlike classical ANOVA, which only indicates whether at 
least one mean differs from the others, contrast analysis allows for the direct 
testing of complex, theory-driven hypotheses concerning the structure of these 
differences. In the present study, this approach was used to assess whether the 
overall cooperative conditions differed from a single calibration condition, 
applying the weights reported in Table 2.

Table 2: Contrast analysis custom coefficient.

Custom Contrast Coefficients - Experimental Conditions

Experimental Conditions Comparison 

Training 1

Easy 1

Hard 1

SuperHard 1

Sound 1

Calibration –5

A total of 25 teams were initially recruited. However, data from seven teams 
were excluded from the analysis due to excessive EEG artifacts or technical 
noise. Consequently, the final sample consisted of 19 valid teams. A priori 
power analysis performed with G*Power 3.1.9.4 (Faul et al., 2007) indicated 
that, under the described conditions, the Repeated Measures ANOVA achieved 
a statistical power of 82.5% (1–β = 0.819). Given that the conventional 
threshold for acceptable power is 80%, this result confirms that the study 
possesses sufficient statistical sensitivity to detect medium effect sizes (i.e., 
η²p = 0.06) (Statistical Power Analysis for the Behavioral Sciences, n.d.). 

RESULTS

As shown in Figure 1 MSG repeated measures ANOVA resulted in statistically 
significant result, demonstrating that, at least one distribution differs from 
the others. Post hoc analyses reported fully in Table 3 and contrast analyses 
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presented (p = 0.005**, Cohen’s d = 6.614) reveal a consistent pattern: 
post-hoc comparisons primarily highlighted significant differences between 
experimental conditions while, the planned contrast analysis, yielded 
significant effects in comparing all the Teamwork conditions (i.e., Training, 
Easy, Hard, SuperHard, Sound) and the Solo condition (i.e., Calibration).

Figure 1: Repeated measures ANOVA analysis. The figure on the left represents the 
bar plot of the distributions of the corresponding index across the experimental 
conditions representing the index on a more ecological y-axis. While on the right side 
the plot represents mean and standard error of the distributions across the teams in a 
convenient shaped y-axis that highlights better the differences in the distributions. In 
this right plot the markers represent the statistical significance of the contrast analysis 
described in Table 2.

Table 3: Post-Hoc Analysis results, significance is flagged as follows:  * p < .05, ** 
p < .01.

    Mean Difference SE df t pholm

Training Easy 0.667 0.139 18 4.798 0.002 **

Hard 0.167 0.071 18 2.358 0.209

SuperHard –0.001 0.058 18 –0.022 1

Sound 0.087 0.063 18 1.392 0.766

Calibration 0.839 0.211 18 3.98 0.011 *

Easy Hard –0.501 0.129 18 –3.888 0.012 *

SuperHard –0.669 0.14 18 –4.764 0.002 **

Sound –0.58 0.149 18 –3.9 0.012 *

Calibration 0.172 0.193 18 0.89 1

Hard SuperHard –0.168 0.076 18 –2.196 0.249

Sound –0.08 0.085 18 –0.94 1

Calibration 0.673 0.22 18 3.061 0.054

SuperHard Sound 0.088 0.059 18 1.491 0.766

Calibration 0.84 0.212 18 3.965 0.011 *

Sound Calibration 0.752 0.231 18 3.251 0.04 *
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Figure 2 illustrates the percentage of time spent in a teamwork state 
(Cooperation Density). The repeated-measures ANOVA revealed a 
statistically significant main effect (F = 8.328, p < 0.001, η²p = 0.305). Post-
hoc comparisons, detailed in Table 4 and visualized in Figure 2, highlight 
significant differences between conditions. Notably, the Training phase 
emerged as the condition characterized not only by the highest magnitude of 
synergy but also by the highest density of cooperation over time.

Figure 2: Repeated measures ANOVA analysis on Teamwork time. In this right plot the 
markers represent the significative post-hoc reported also in Table 5.

Table 4: Teamwork Time percentage Post-Hoc Analysis results, significance is flagged 
as follows:  * p < .05, ** p < .01.

    Mean 
Difference

SE df t pholm 

Training Easy 21.428 4.761 18 4.501 0.003 **

Hard 10.656 2.928 18 3.639 0.015 *

SuperHard 1.733 2.985 18 0.581 0.569

Sound 5.697 2.65 18 2.15 0.272

Easy Hard –10.772 5.068 18 –2.126 0.272

SuperHard –19.695 5.252 18 –3.75 0.013 *

Sound –15.731 5.173 18 –3.041 0.049 *

Hard SuperHard –8.924 4.224 18 –2.112 0.272

Sound –4.959 4.165 18 –1.191 0.499

SuperHard Sound 3.964 2.711 18 1.462 0.483

DISCUSSION 

The primary aim of the present study was to evaluate whether the Group 
Synergy Metric, when applied to EEG power–derived features, is capable of 
quantifying different levels of teamwork in triadic groups. 
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The repeated-measures ANOVA conducted on the GSM values revealed 
a statistically significant main effect of the experimental phase, indicating 
that the proposed metric is sensitive to differences in task structure and 
cooperation demands across conditions. Post-hoc analyses and planned 
contrast comparisons revealed a consistent and meaningful pattern. In 
particular, the contrast analysis showed a significant difference between the 
aggregated Teamwork conditions (Training, Easy, Hard, SuperHard, Sound) 
and the Solo (Calibration) condition. This result represents a key validation of 
the GSM: regardless of task difficulty or external perturbations, cooperative 
scenarios consistently elicited higher group synergy than individual task 
execution. The post-hoc comparisons further refined this picture. The Training 
phase exhibited significantly higher GSM values compared to both the Easy 
Teamwork and Solo conditions. This result suggests that guided interaction, 
supported by expert feedback and shared strategy formation, promotes a 
highly structured form of cooperation, leading to stronger alignment of 
team members’ mental states. Interestingly, the Training condition did not 
significantly differ from the more demanding Teamwork conditions (Hard, 
SuperHard, Sound), indicating that structured guidance may compensate 
for task difficulty by fostering more effective coordination strategies. These 
statements are also supported by the teamwork time analysis that resulted 
in higher density of teamwork over time in the training condition also 
reflecting the same trend observed in Figure 1. Overall, the statistical results 
demonstrate that the GSM is capable of distinguishing between individual 
and cooperative task execution, identifying structured cooperation during 
training, and capturing meaningful modulations in teamwork as a function 
of task difficulty.

This work extends previous findings in which the same information-
theoretic framework was applied directly to raw EEG signals, demonstrating 
a clear distinction between cooperative and individual task conditions. In 
those earlier investigations, significant differences between Teamwork and 
Solo conditions emerged predominantly within the alpha and theta frequency 
bands (de C. Hamilton, 2021). Importantly, these frequency ranges are not 
introduced here as a result of post-hoc optimization but rather emerge naturally 
as a point of convergence between signal-level and feature-level analyses. 
In the present study, the selected features, mental workload and approach–
withdrawal, are grounded in established neurophysiological models and are 
themselves primarily derived from power modulations in the alpha and theta 
bands. Thus, the correspondence between the frequency bands identified in 
the signal-level analysis and those underlying the selected features represents 
a meaningful convergence rather than a circular methodological choice. This 
convergence provides additional support for the hypothesis that cooperative 
processes are strongly associated with modulations in alpha and theta activity. 
Alpha-band dynamics have long been linked to attentional allocation and 
cognitive effort, while theta activity is commonly associated with executive 
control and working memory demands, functions that are critically engaged 
during cooperative problem solving. The fact that the GSM remains sensitive 
to teamwork dynamics when computed on features reflecting these bands 
suggests that the essential information driving group-level synergy is preserved 
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even after feature extraction.  Moreover, previous signal-level analyses 
highlighted that cooperative behaviour was primarily expressed over frontal 
electrode sites. This spatial distribution is particularly relevant in the context 
of the present study, as both workload and approach-withdrawal metrics rely 
heavily on frontal EEG activity. Frontal regions are known to play a key role 
in executive functions, decision-making, and motivational processes, all of 
which are central to effective teamwork. The alignment between the spatial 
patterns observed in raw EEG analyses and the neuroanatomical focus of 
the extracted features further strengthens the interpretability of the GSM 
in its feature-based implementation. At the same time, caution is warranted 
before claiming full equivalence between the two implementations. The 
feature-based approach is inherently more sensitive to limitations in entropy 
estimation, feature dimensionality, and estimator choice. Consequently, 
future works should further investigate the robustness and generalizability of 
the feature-based GSM across methodological and experimental dimensions. 
In particular, systematic comparisons between different entropy estimators, 
including bias-corrected and multivariate formulations, may help clarify 
the sensitivity of the feature-level implementation to estimator choice and 
data dimensionality. Additionally, extending the validation to independent 
datasets collected under different task demands, group sizes, and operational 
contexts will be essential to assess the stability of the observed cooperative 
signatures.

CONCLUSION

Taken together, these findings suggest that the GSM captures a stable and 
physiologically meaningful signature of teamwork. The feature-based 
implementation tested in the present study exhibits patterns that are 
coherent with those obtained using the signal-level formulation, which is 
known to provide higher statistical robustness. This consistency indicates 
that, despite the reduction in information inherent to feature extraction, 
the core cooperative dynamics captured by the GSM are preserved.  
Nevertheless, the feature-based GSM offers a substantial advantage in terms 
of psychological interpretability, as it enables group synergy to be explicitly 
linked to well-established cognitive and motivational constructs. From this 
perspective, the parallel use of signal-level and feature-level implementations, 
although partially redundant in terms of results and information, represents 
a methodological strength: by combining statistical robustness with 
interpretability, this dual-level approach provides a more comprehensive and 
explainable characterization of cooperative behaviour in triadic teams.
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