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Abstract. The goal of this study was to explore the feasibility of continuous 
neurophysiological assessment of different psychological aspects of a team 
process. The teams consisted of the MBA students who discussed and at-
tempted to solve a case problem dealing with corporate social responsibility 
(i.e. child labor). At the end of the team process, two types of psychological 
metrics (i.e., engagement and leadership) were assessed by team members, both 
at the individual and team levels. These metrics showed significant correlations 
with the team performance scores derived by four trained coders. Two of them 
rated the teams’ solutions in terms of effective problem solving, decisiveness, 
and creativity. The other two coders rated the level of moral reasoning dis-
played in the solutions. The psychological metrics were then estimated based on 
quantitative electroencephalography (qEEG). Different modeling techniques, 
such as linear and quadratic discriminant function analysis (DFA) and linear re-
gression were applied to the processed qEEG data. The models were evaluated 
through auto-validation, but also through cross-validation to test stability of the 
models in the team-independent training setting. The experimental results sug-
gested that qEEG could be effectively used in the team settings as an estimator 
of individual and team engagement, as well as the leadership qualities shown by 
team members. Our findings suggest that qEEG can help in understanding, and 
perhaps building, optimal teams and team processes.  
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1 Introduction 

There is a growing interest in studying different aspects of collaborative teamwork 
such as engagement [1] and leadership [2] due to evolving task demands and the  
necessity of building optimal teams that accomplish the tasks successfully and effec-
tively. Psychological metrics are typically measured using traditional psychometric 
assessment methodologies at the conclusion of a team process. In [3] it has been  
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argued that neuroscience can provide more ecologically-valid assessment of psycho-
logical metrics. Recent advances in the technical design of the qEEG hardware and 
software platforms enable practical application of qEEG in studying team processes. 
The main advantage of the qEEG-based team assessment is that it is continuous, and 
it does not require disruption of the ongoing team process. For example, [4] utilized 
the qEEG data for modeling team dynamics in complex military tasks. 

This paper explores qEEG-based estimation of engagement and leadership at the 
individual and team levels during the team discussion of a social responsibility case 
problem. The proposed approach is not computationally expensive, it accounts for 
individual variability inherent in the qEEG data, and it leverages a general trend of 
qEEG changes to characterize individual and team engagement and leadership. Unlike 
[5], where transformational leaders were classified based on the qEEG data during the 
resting eyes closed session, we focus on the more challenging team setting. 

2 Materials and Methods 

In this section, our study protocol is outlined, the assessed performance and psycho-
logical metrics are introduced, and the qEEG acquisition system is described together 
with signal processing and data analysis.  

2.1 Study Protocol 

The students at a business school in Europe formed 31 teams of either 4 or 5 individ-
uals. The overall sample comprised 146 students with the mean age of 28.7 years. The 
participants were ethnically diverse (61.5% were Caucasian, 20.7% were Asian, and 
15.6% were Hispanic) and gender balanced (64.4% were males). 

Each subject first completed a sustained attention task (3-choice active vigilance 
task - 3CVT) that required subjects to discriminate one primary target (presented 70% 
of the time) from two secondary non-target geometric shapes that were randomly 
interspersed over a 20 min period. Participants were instructed to respond as quickly 
as possible to each stimulus. A brief training period was provided prior to the start of 
the task to minimize the practice effects.  

The problem solving task addressed a corporate social responsibility case of the 
Levi Strauss Company involving child labor issues in Bangladesh [6]. Each team 
member was first given approximately 40 min to read the case individually, consider 
the issues presented in the case, and form initial solutions, which were typed into 
computer files by respective students. Afterwards, the subjects were engaged in the 
team discussion process with the goal to derive a common solution to the case. The 
discussion lasted up to 45 min including time for generating a summary of the solu-
tion into a computer file. The entire team sessions were videotaped and synced to 
qEEG recording for each subject. 



 Neurophysiological Estimation of Team Psychological Metrics 211 

2.2 Performance Metrics 

To derive performance scores, both individual and team solutions were rated by four 
trained coders in terms of: 

• effective problem solving - the extent to which the case was diagnosed thoroughly 
and all relevant information presented in the case and expertise were utilized to 
solve the problem 

• decisiveness - the extent to which one clear and explicit solution to the case was 
derived  

• creativity - the extent to which a new or different and useful approach was devel-
oped that was not explicitly considered or implied in the case 

• moral reasoning - the extent to which advanced ethical principles were used and 
the derived case solution showed concern for the others and the common good. 

The coders worked in two teams: one team of coders rated the teams' solutions in 
terms of effective problem solving, decisiveness and creativity; and the other coder 
team rated the level of moral reasoning displayed in the solutions. The split of coding 
avoided any possible moral bias that may have occurred when only two coders had 
coded all four categories simultaneously. The coders showed high levels of agreement 
and inter-rater reliability in their scoring. 

Furthermore, team process [7] can also be regarded as an outcome of teams in that 
teams with better task and interpersonal processes tend to perform more effectively.  
We assessed team process through survey ratings of respective team members at the 
conclusion of the team discussion. This included a combination of: 

• transition processes - developing an overall strategy to guide the team activities 
• action processes - ensuring that the team was using the right information to  

perform well 
• interpersonal process - sharing a sense of team harmony, togetherness, and  

cohesion. 

2.3 Psychological Metrics 

Two types of psychological constructs (i.e., engagement and leadership) were  
obtained with multi-source psychometrics measurement procedures, both at the indi-
vidual and team levels. The engagement scores relied on self-assessment, and the 
leadership scores involved other team member's assessment (for each respective team 
member) through a survey at the conclusion of the team task.  

Each team member rated both his individual and overall team engagement during 
the task. Engagement was assessed with the scale of 14 items including physical, 
emotional/affective, and cognitive aspects of engagement [1]. 

Leadership scores for each subject were assessed by the other team members in a 
survey that covered the following aspects of leadership: 
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• transformational leadership [8, 9] - intellectual stimulation (i.e., helping  
others to examine and solve problems in new ways) and inspirational motivation 
(i.e., expressing confidence and enthusiasm about goals and what needed to be  
accomplished)  

• emergent leadership [2, 10] - the overall degree to which the team members relied 
on and considered a respective team member to have shown the leadership role 
during the team task.   

All members of a respective team rated the other members (excluding himself). As the 
level of agreement among the subjects was high, these scores were averaged to provide a 
single score for each leadership measure for each subject. These individual scores were 
then aggregated over all team members to attain leadership scores at the team level. 

2.4 qEEG Data Recording and Signal Processing 

The wireless B-Alert sensor headset [11] was used to acquire qEEG data of all sub-
jects during the baseline 3CVT and the team discussion sessions. The qEEG record-
ings during the team process were synchronized with the respective videos. The 
qEEG data from 9 sites (POz, Fz, Cz, C3, C4, F3, F4, P3, and P4) were recorded with 
a sampling rate of 256 samples per second. The qEEG signals were first filtered with 
a band-pass filter (0.5-65Hz) before the analog to digital conversion and then the 
sharp notch filters were applied to remove environmental artifacts from the power 
network. The algorithm [11] was utilized to automatically detect and remove a num-
ber of artifacts in the time-domain qEEG signal, such as spikes caused by tapping or 
bumping of the sensors, amplifier saturation, or excursions that occur during the onset 
or recovery of saturations. Eye blinks and excessive muscle activity were identified 
and decontaminated by an algorithm [12] based on wavelet transformation. 

From the filtered and decontaminated qEEG signal, the absolute and relative power 
spectral densities (PSD) were calculated on an epoch-by-epoch basis for each 1Hz bin 
from 1 to 40 Hz by applying fast Fourier transformation (FFT) to the 50% overlap-
ping 1sec overlays of the qEEG data. In order to reduce the edge effect, the Kaiser 
window was applied to each overlay. Furthermore, the FFT on three successive over-
lays was averaged to decrease epoch-by-epoch variability. The following PSD band-
widths were extracted: theta slow, theta fast, theta total, alpha slow, alpha fast, alpha 
total, beta, and gamma.   

In order to explore the applicability of neurological alertness quantification in es-
timation of the psychological metrics, we also included into the analysis the outputs 
of the B-Alert model [12, 13] that quantifies engagement levels and identifies cogni-
tive state changes. It is an individualized model that selects the most discriminative 
PSD variables, derives coefficients for a discriminant function, and classifies subject's 
cognitive state for each epoch into one of the four levels of alertness (sleep onset, 
distraction/relaxed wakefulness, low engagement, and high engagement).  

As we are dealing with the high-level psychological constructs, both types  
of epoch-by-epoch variables (i.e., PSD bandwidths and B-Alert classification proba-
bilities) were then averaged over a 30sec sliding window in 1sec increments to get a 
general trend of neurological changes over time.  
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To normalize the qEEG data for individual variability, the absolute and relative 
PSD values during the teaming task were z-scored to the qEEG data during the base-
line 3CVT session for each respective subject. Similarly, the B-Alert output engage-
ment probabilities during the team discussion were also calibrated in the same manner 
by z-scoring them with respect to the subject's engagement during the 3CVT task.  

2.5 Data Analysis 

First, correlation analysis was performed to explore if psychological metrics such as 
engagement and leadership relate to the achieved team performance scores in the 
conducted teaming study.  

Second, different modeling approaches were applied to estimate the psychological 
metrics based on the qEEG data. Both individual and team scores of engagement and 
leadership were analyzed and grouped into two classes in the following manner: all 
team scores that were above the overall mean value for all teams were considered as 
"High", and all team scores that were below the mean value were considered as 
"Low". In order to accommodate potential differences among different teams, indi-
vidual scores were first z-scored with respect to the mean value within the respective 
team. Next, such normalized individual scores that were above 0 (i.e. above average 
value for the respective team) were grouped into the "High" class, and the ones that 
were below 0 were assigned to the "Low" class. The most discriminative qEEG va-
riables were selected by step-wise variable selection procedure. Afterwards, the se-
lected variables were used in three different algorithms: linear DFA, quadratic DFA, 
and linear regression. Linear and quadratic DFA classify the data into the two classes 
of interest (i.e., "High" and "Low"). Linear regression algorithm predicts the value of 
psychological variable and then we classify it into one of the two classes based on the 
above defined thresholds for the classes.   

Table 1. Statistically significant correlations between psychological measures and performance 
variables at the individual and team levels 

Individual scores 

Psychological measure Performance Correlation p 
Engagement Decisiveness 0.16 0.03 

Transformational leadership Moral reasoning 0.14 0.05 
Emergent leadership Moral reasoning 0.21 0.01 

Team scores 
Engagement Team process 0.58 0.0002 

Transformational leadership Team process 0.34 0.03 
Emergent leadership Moral reasoning 0.31 0.04 

 
As the goal is to recognize the team members who are highly engaged and/or good 

leaders, the "High" class is assumed to be the positive class and the trained algorithms 
were evaluated in terms of the models' sensitivity, specificity, positive predictive val-
ue (PPV), and negative predictive value (NPV) in two different ways: auto-validation 
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and cross-validation. In the initial model development phase, auto-validation is cru-
cial to test the feasibility of the model by testing the model on the training data. 
Cross-validation assesses the generalization capabilities of the model by testing it on 
the data that was not used for training. In order to examine team independent training, 
we performed leave-one-team-out cross-validation by training the model on the data 
from all teams but one, and testing the trained model on the removed team's data. The 
procedure was repeated for all teams in the study, and the results were averaged 
across all cross-validation rounds.  

3 Results 

In this section the following results are presented: (1) statistically significant correla-
tions between the psychological measures of engagement and leadership at the indi-
vidual and team levels and the corresponding performance scores, (2) classification 
results of the applied algorithms (linear DFA, quadratic DFA, and linear regression), 
and (3) detailed analysis of different experimental settings.   

3.1 Correlations 

Correlation analysis showed that psychological measures, such as engagement and 
leadership are positively correlated with some of the achieved performance scores 
both at the individual and team levels. In Table 1 are shown statistically significant 
correlations (based on the two-tailed t-test). From the table one can observe that en-
gagement is related to the team process and decisiveness, while leadership is corre-
lated with the team process and moral reasoning. On the other hand, performance 
scores such as effective problem solving and creativity were not correlated with the 
analyzed metrics of engagement and leadership.    

3.2 Classification Results 

The auto-validation and leave-one-team-out cross-validation classification results of 
the three evaluated algorithms (i.e., linear DFA, quadratic DFA, and linear regression) 
for engagement, transformational and emergent leadership at the individual and team 
levels are shown in Table 2 and Table 3, respectively. The results are averaged over 
30 teams, as the qEEG data for one team were unusable due to difficulties in captur-
ing qEEG data and synchronization problems between video and qEEG recordings. 

Typically, quadratic DFA achieved the highest auto-validation classification re-
sults. However, leave-one-team-out cross-validation showed that the quadratic DFA 
classifier achieved significantly higher specificity than sensitivity. After investigating 
the confusion matrices in such cases, it turned out that majority of the instances were 
classified as "Low" class in such cases.  
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Table 2. Classification results for the psychological measures at the individual level. Three 
algorithms were evaluated: linear discriminant function analysis (L-DFA), quadratic 
discriminant function analysis (Q-DFA), and linear regression through auto-validation (AV) 
and leave-one-team-out cross-validation (CV). 

Individual level measures 

Engagement 

 Sensitivity Specificity PPV NPV 

Algorithm AV CV AV CV AV CV AV CV 

L-DFA 80.8% 47.0% 79.4% 48.7% 78.4% 45.8% 81.8% 49.9% 

Q-DFA 72.8% 15.5% 99.6% 80.2% 99.4% 41.9% 79.9% 50.7% 

Regression 69.1% 36.8% 79.3% 51.1% 75.5% 41.5% 73.6% 47.2% 

Transformational leadership 

 Sensitivity Specificity PPV NPV 

Algorithm AV CV AV CV AV CV AV CV 

L-DFA 75.6% 40.9% 76.3% 49.9% 76.5% 45.5% 75.4% 45.3% 

Q-DFA 74.8% 10.2% 99.4% 79.1% 99.2% 33.2% 79.4% 46.3% 

Regression 56.8% 32.3% 83.1% 57.6% 77.4% 43.7% 65.5% 45.4% 

Emergent leadership 

 Sensitivity Specificity PPV NPV 

Algorithm AV CV AV CV AV CV AV CV 

L-DFA 75.2% 40.0% 75.8% 46.0% 75.9% 42.9% 75.0% 43.0% 

Q-DFA 77.7% 18.5% 99.3% 75.6% 99.2% 43.5% 81.4% 47.7% 

Regression 58.6% 31.0% 81.0% 52.5% 75.8% 39.8% 65.8% 42.8% 

 
Overall, linear DFA performed well and obtained acceptable results in all settings. 

Even though, in some cases the cross-validation results were below the chance level, 
some metrics such as emergent leadership at the team level were accurately recog-
nized. As this seem to be the most promising classifier, in the next section we further 
analyze its performance in different settings.    

3.3 Analysis of Different Experimental Settings 

Next, we analyze the effects of the qEEG data normalization with respect to the 
baseline 3CVT session and averaging over the sliding window. The classification 
results of the linear DFA classifier for emergent leadership at the team level are 
shown in Table 4 for four different settings:  

• both 3CVT normalization and sliding window are applied 
• only 3CVT normalization is applied 
• only sliding window is applied 
• neither 3CVT nor sliding window is applied 
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Table 3. Classification results for the psychological measures at the team level. Three algorithms 
were evaluated: linear discriminant function analysis (L-DFA), quadratic discriminant function 
analysis (Q-DFA), and linear regression through auto-validation (AV) and leave-one-team-out 
cross-validation (CV). 

Team level measures 

Engagement 

 Sensitivity Specificity PPV NPV 

Algorithm AV CV AV CV AV CV AV CV 

L-DFA 77.0% 53.5% 77.4% 45.4% 71.0% 41.4% 82.3% 57.5% 

Q-DFA 95.3% 28.8% 98.4% 66.2% 97.8% 38.1% 96.6% 56.3% 

Regression 64.5% 45.8% 70.9% 56.4% 61.5% 43.1% 73.4% 59.1% 

Transformational leadership 

 Sensitivity Specificity PPV NPV 

Algorithm AV CV AV CV AV CV AV CV 

L-DFA 81.5% 53.9% 77.5% 46.2% 74.4% 44.5% 84.0% 55.7% 

Q-DFA 99.5% 68.6% 84.5% 39.0% 83.7% 47.3% 99.6% 60.8% 

Regression 79.2% 59.6% 64.2% 42.2% 63.9% 45.2% 79.4% 56.7% 

Emergent leadership 

 Sensitivity Specificity PPV NPV 

Algorithm AV CV AV CV AV CV AV CV 

L-DFA 82.2% 64.2% 81.4% 55.1% 80.6% 57.3% 83.0% 62.2% 

Q-DFA 99.5% 73.0% 87.3% 34.2% 88.1% 51.0% 99.4% 57.4% 

Regression 79.6% 64.9% 69.7% 48.3% 71.1% 54.1% 78.4% 59.5% 

 
From the table, it can be clearly seen that the classifier benefits from both 

normalization and averaging of data. On average, when both normalization and 
averaging were applied the classification results were higher by 24.6% and 13.2% in 
the case of auto-validation and cross-validation, respectively. When looking at the 
improvements that normalization and averaging bring separately, it turned out that 
averaging is more valuable as the results were slightly more improved that way.   

4 Discussion 

The current study aimed at developing a method for estimation of psychological 
measures in the team setting based on the neurophysiological data. In order to achieve 
that goal, the teams were rated in terms of engagement and leadership while solving a 
corporate social responsibility case. The qEEG data were utilized during the team 
discussion to provide insight into brain activity of the team members. The objective 
was to meet the three criteria: (1) The algorithm had to be computationally simple so 
that it could be easily implemented in real-world applications; (2) The approach had 
to accommodate individual variability in the qEEG data; (3) The approach had to 
capture a general trend of the qEEG changes over time in order to address high-level 
psychological constructs. Next, we summarize how each of these criteria was met, 
and discuss the limitations of the algorithm and future work directions. 
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Table 4. Comparison of linear DFA classification results for emergent leadership at the team 
level for different 3CVT normalization and sliding window settings  

Setting Sensitivity Specificity PPV NPV 

3CVT 

normalization 

sliding 

window 
AV CV AV CV AV CV AV CV 

yes yes 82.2% 64.2% 81.4% 55.1% 80.6% 57.3% 83.0% 62.2% 

yes no 68.3% 60.4% 61.7% 51.9% 62.7% 54.2% 67.3% 58.2% 

No yes 66.8% 45.5% 68.4% 48.5% 62.8% 41.4% 72.0% 52.7% 

No no 56.0% 44.9% 58.5% 47.8% 52.0% 40.9% 62.3% 51.9% 

 
Three algorithms were evaluated: linear DFA, quadratic DFA, and linear regres-

sion. These algorithms were chosen as they are relatively simple, but still very effec-
tive in different application scenarios. Based on the experimental results, in our study, 
linear DFA proved to be the most effective in predicting both psychological metrics 
of interest, i.e. engagement and leadership. The algorithm successfully coped with 
individual qEEG data variability by calibrating the data with respect to the baseline 
sustained attention task (i.e., 3CVT). The epoch-by-epoch data variability was re-
duced by averaging the data over a 30sec sliding window. Both data normalization 
and averaging substantially improved the classification results.   

The proposed algorithm demonstrated the feasibility of neurophysiological esti-
mation of team psychological metrics. One of the main findings of our work is that 
the qEEG data carry a wealth of information and can help assessing different aspects 
of team process. This is only a first step towards a broader acceptance of the qEEG-
based psychological assessment. In order to move beyond controlled laboratory  
experiments, a few limitations of our work need to be overcome. First, the psycho-
logical measures were assessed by either the subjects themselves or other team 
members. Such scores might be biased and slightly subjective. We are re-assessing 
the scores by the trained coders. However, as shown in Section 3.1 our psychological 
measures were correlated with the objective team performance scores. Second, the 
cross-validation results were noticeably lower than the auto-validation results. That 
could be altered by team-dependent training which would require longer recordings 
of the team process to acquire sufficient amount of training data to model the com-
plex psychological constructs such as engagement and leadership. Third, parts of the 
qEEG recordings were unusable due to the large amount of noise (i.e., artifacts) in 
the data. In order to enable unobtrusive long-term qEEG recordings in realistic set-
tings, we are streamlining our platform, especially in context of the team settings, by 
further improving the acquisition system, timing accuracy, and the artifact deconta-
mination algorithms. Fourth, the study focused on business students who were solv-
ing particular case of social responsibility. In the future, we plan to extend the study 
to real-world organizations with specific tasks and team roles. Lastly, we will ex-
amine in more details which brain regions might be indicative of engagement and 
leadership. 



218 M. Stikic et al. 

References 

1. Rich, B.L., Lepine, J.A., Crawford, E.R.: Job Engagement: Antecedents and Effects of Job 
Performance. Academy of Management 53, 617–635 (2010) 

2. Carson, J.B., Tesluk, P.E., Marrone, J.A.: Shared Leadership in Teams: An Investigation 
of Antecedent Conditions and Performance. Academy of Management Journal 50, 1217–
1234 (2007) 

3. Waldman, D.A., Balthazard, P.A., Peterson, S.J.: Social Cognitive Neuroscience and Lea-
dership. The Leadership Quarterly 22, 1092–1106 (2011) 

4. Stevens, R., Galloway, T., Wang, P., Berka, C., Tan, V., Wohlgemuth, T., Lamb, J., 
Buckles, R.: Modeling the Neurodynamic Complexity of Submarine Navigation Teams. 
Computational and Mathematical Organization Theory (2012) 

5. Balthazard, P.A., Waldman, D.A., Thatcher, R.W., Hannah, S.T.: Differentiating Trans-
formational and Non-transformational Leaders on the Basis of Neurological Imaging. The 
Leadership Quarterly 23, 244–258 (2012) 

6. Pless, N., Maak, T.: Levi Strauss & Co: Addressing Child Labour in Bangladesh. In: Men-
denhall, M.E., Oddou, G.R., Stahl, G.K. (eds.) Readings and Cases in International Human 
Resource Management and Organizational Behavior, 5th edn., pp. 446–459. Routledge, 
London (2011) 

7. Marks, M.A., Mathieu, J.E., Zaccaro, S.J.: A Temporally Based Framework and Taxono-
my of Team Processes. Academy of Management Review 26, 356–376 (2001) 

8. Balthazard, P.A., Waldman, D.A., Warren, J.E.: Predictors of the Emergence of Transfor-
mational Leadership in Virtual Decision Teams. The Leadership Quarterly 20, 651–663 
(2009) 

9. Bass, B.M., Avolio, B.J.: The Multifactor Leadership Questionnaire. Consulting Psycholo-
gists Press, Palo Alto (1990) 

10. Zhang, Z., Waldman, D.A., Wang, Z.: A Multilevel Investigation of Leader-Member Ex-
change, Informal Leader Emergence, and Individual and Team Performance. Personnel 
Psychology 65, 49–78 (2012) 

11. Berka, C., Levendowski, D.J., Cvetinovic, M.M., Petrovic, M.M., Davis, G., Lumicao, 
M.N., Zivkovic, V.T., Popovic, M.V., Olmstead, R.: Real-Time Analysis of EEG Indexes 
of Alertness, Cognition, and Memory Acquired With a Wireless EEG Headset. Interna-
tional Journal of Human-Computer Interaction 17, 151–170 (2004) 

12. Berka, C., Levendowski, D.J., Lumicao, M.N., Yau, A., Davis, G., Zivkovic, V.T., 
Olmstead, R.E., Tremoulet, P.D., Craven, P.L.: EEG Correlates of Task Engagement and 
Mental Workload in Vigilance, Learning, and Memory Tasks. Aviation Space and Envi-
ronmental Medicine 78, B231–B244 (2007) 

13. Johnson, R.R., Popovic, D.P., Olmstead, R.E., Stikic, M., Levendowski, D.J., Berka, C.: 
Drowsiness/Alertness Algorithm Development and Validation Using Synchronized EEG 
and Cognitive Performance to Individualize a Generalized Model. Biological Psycholo-
gy 87, 241–250 (2011) 


	Neurophysiological Estimation of TeamPsychological Metrics
	1 Introduction
	2 Materials and Methods
	2.1 Study Protocol
	2.2 Performance Metrics
	2.3 Psychological Metrics
	2.4 qEEG Data Recording and Signal Processing
	2.5 Data Analysis

	3 Results
	3.1 Correlations
	3.2 Classification Results
	3.3 Analysis of Different Experimental Settings

	4 Discussion
	References




