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R e s e a r c h  Ar  t i c l e 	

Physiological and Subjective Assessment of Fighter 
Pilot Mental Workload
Anna J. C. Reuten; Juliette Bruin; Wietse D. Ledegang; Eric L. Groen; Mark M. J. Houben;  
Erik-Jan Cornelisse; Charelle Bottenheft

	 INTRODUCTION:	 Next-generation air force operations increasingly depend on advanced flight systems, which raises questions 
about their impact on aircrew workload. Physiological measures enable continuous, objective, and unobtrusive 
assessments, overcoming some limitations of self-report measures. We investigated whether electroencephalogram, 
electrocardiogram, and electrodermal activity predicted subjective Rating Scale of Mental Effort (RSME) ratings of 
fighter pilots during an operationally relevant mission in an F-16 simulator.

	 METHODS:	T he mission included three flight segments expected to induce increasingly higher workload, with a mathematical task 
of two arithmetic difficulty levels added to each segment. This approach allowed us to explore whether physiology 
distinguished workload both across and within flight segments.

	 RESULTS:	S ubjective ratings confirmed an increase in workload throughout the mission (ΔRSME = 22). However, our manipulation 
of arithmetic difficulty was less effective: neither subjective ratings nor arithmetic performance significantly 
differentiated simple and complex calculations (ΔRSME = 5; Δreaction time = 0.02 s, Δunsuccessful trials = 0.5). None 
of our physiological measures—frontal theta power (Δ0.08, Δ−0.07 mV), parietal alpha power (Δ−0.16, Δ0.14 mV), 
heart rate (Δ0.01, Δ−0.02 bpm), skin conductance response (Δ0.0, Δ0.0 mS), and skin conductance peaks (Δ0.3, Δ0.2)—
systematically distinguished flight segments or arithmetic difficulty, respectively. Physiology also did not significantly 
predict subjective workload (R2 = 2.2%).

	 DISCUSSION:	L arge interindividual variability, use of workload management strategies, and relatively small task demand differences 
may explain the null results. Our study underscores the complexity of workload assessment in an operational setting 
and offers methodological insights that may inform future ecologically valid research.
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 The next generation air force is characterized by incre-
mental usage of advanced communication, navigation, 
surveillance, and defense flight systems. 1﻿,﻿ 2  These (auto-

mated) systems can benefit aircrew performance by providing 
critical information about threats, engagements, and friendly 
forces. However, they also introduce potential risks that may 
threaten flight safety, operational efficiency, and performance. 
For example, the abundance of available support systems could 
overload aircrew with information or system handling. 1﻿,﻿ 3  Also, 
when these systems take over substantial aspects of the work-
load, vigilance might deteriorate, which could lead to missing 
of critical information and reduced situational awareness. 4  
These challenges are closely related to the concept of “mental 
workload.”

 Mental workload has been the topic of ergonomic research 
for several decades, with applications not only in the field of 
aviation, but also in many other branches of transport ergo-
nomics. 5  There is no single agreed upon definition of it. We 
interpret mental workload as the subjective experience of task 
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demands, influenced by factors such as time pressure, contex-
tual factors, and experience. 5﻿,﻿ 6  Previous research has proposed 
an inverted U-shaped relationship between mental workload 
and task performance. 5﻿,﻿ 7  According to this model, optimal per-
formance is characterized by a situation in which there is nei-
ther overload nor underload; in other words, when an optimum 
is achieved between task demands and the operator’s resources.

 Mental effort is a key component of mental workload, repre-
senting the amount of invested cognitive resources during a 
task. If a person chooses not to invest effort in a task with high 
demands, the experienced workload may be low, despite its 
objective load. Effort thus plays a crucial role in maintaining 
performance, as individuals can increase their effort to com-
pensate for increasing task demands. 8   –﻿ 10  In such cases, perfor-
mance may remain stable, masking the underlying cognitive 
strain. Therefore, performance alone is not a sufficient indica-
tor of workload. To gain a more accurate understanding of 
mental workload and the invested effort, subjective assessments 
are collected via self-report rating scales such as the Rating 
Scale of Mental Effort (RSME) 11  or NASA Task Load Index. 12  
However, such assessments are limited to discrete time points, 
prone to response biases, and may interfere with task execution. 
Therefore, it may be useful to estimate mental workload contin-
uously, objectively, and unobtrusively. 2  Physiological responses 
can provide insight in brain activity and activation or suppres-
sion of the sympathetic and parasympathetic nervous system, 
all expected to vary with mental workload. 13﻿,﻿ 14  Prior studies 
have successfully used psychophysiology to estimate levels of 
mental workload in the laboratory. 6﻿,﻿ 15  The main aim of our 
study is to investigate the potential of physiology to predict sub-
jective mental workload during a semicontrolled simulated 
flight mission.

 Previous studies on physiological measurements of mental 
workload in pilots often used a limited set of physiological mea-
sures, primarily focusing on cardiovascular responses. 3﻿,﻿ 6﻿,﻿ 16  
These responses are relatively easy to obtain and provide mini-
mal interference for the subject. However, they may not be sen-
sitive enough to distinguish between flight tasks expected to 
evoke different levels of mental workload. 17  Here we will extend 
cardiovascular responses with measurements of skin conduc-
tance and brain activity. Furthermore, prior studies did not 
always include subjective assessments to benchmark the inter-
pretation of physiological responses. 18   –﻿ 20  This can be problem-
atic as flight tasks with higher workload may be confounded 
with increased muscle activity, which affects physiology. 21  We 
therefore complement physiological recordings with subjective 
workload ratings to examine whether both indicators show 
comparable patterns. Moreover, we will investigate whether our 
measures can distinguish between different levels of workload 
across flight segments, as well as within individual segments. 
We will do so by adding a secondary mathematical task to each 
segment, consisting of audio recordings of simple and complex 
arithmetic calculations. Using this methodology allows us to 
investigate whether possible differences in physiology between 
segments reflect true variations in mental workload rather than 
confounding factors such as task-related artifacts.

 Our study focuses on answering three research questions.  
We first investigate whether the flight segments and arithmetic 
difficulty levels within each segment induced differing levels of 
mental workload as indicated by subjective ratings and arithme-
tic performance. Secondly, we investigate whether the segments 
and arithmetic difficulty levels elicited different physiological 
responses. Lastly, we investigate whether our physiological mea-
sures can predict subjective mental workload. 

METHODS

 Subjects performed a flight mission in which they were tasked 
with detecting, intercepting, and eliminating a target within 
hostile territory while they performed secondary easy or  
complex arithmetic calculations. Throughout the mission, 
we recorded electroencephalogram (EEG), electrocardiogram 
(ECG), and electrodermal activity (EDA). At regular intervals, 
we asked subjects to provide a rating of mental workload using 
the RSME. We quantified arithmetic performance based on 
reaction time and the number of unsuccessful trials.    

 Subjects
 Due to the specialized sample of F-16 pilots, we were restricted 
in the number and gender of subjects that we could include. 
Our sample consisted of 14 male pilots with an average of 
2059 (SD = 699) flight hours in an F-16. All pilots except for 
three had flown an aircraft in the prior 10 d. Subjects were 
currently employed as a military fighter pilot or instructor  
(N  = 4), air force brigadier general (N  = 1), civil pilot or 
instructor (N  = 6), other (N  = 1), or were retired (N  = 2). Their 
average age was 52 yr (SD = 9). We asked subjects to refrain 
from drinking alcohol or using drugs 12 h prior to the exper-
iment. Approval for this study was granted by TNO’s Institu-
tional Review Board (reference number: 2024-072). All 
subjects provided written informed consent.  

 Equipment and Materials
 We conducted the experiment using a fixed-base simulator of a 
Lockheed Martin F-16 Flying Falcon with an F-16 aerodynamic 
model ( Fig. 1  ; multiSIM BV, Soesterberg, Netherlands). The 
interior of the simulator consisted of an original F-16 cockpit 
equipped with standard information displays, instrument pan-
els, and HOTAS controls. The high-fidelity F-16 flight simula-
tion model was created in D-SIM (multiSIM BV) and projected 
via a 240° × 140° vertical projection dome. Head-up display 
symbology was projected as an overlay in the out-the-window 
visual. Subjects used the trim button on the control stick to 
respond to the mathematical task (described below). 

 The mission scenario was designed by a veteran F-16 
weapon school instructor and experimental test pilot. It fol-
lowed a semiscripted structure, starting with a “holding” seg-
ment (waiting in allied territory before crossing the Forward 
Line of Own Troops), followed by an “intercept” segment 
(crossing the Forward Line of Own Troops and monitoring a 
hostile aircraft via radar), and ending after an “engagement” 
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segment (eliminating the hostile aircraft and locating a ground 
target). The veteran pilot anticipated mental workload to 
increase throughout the mission, with the lowest levels expected 
during the holding segment and highest during the engage-
ment segment.

To account for possible confounding factors associated with 
higher workload (e.g., muscle activity), we added a secondary 
auditory mathematical task with two difficulty levels to each 
flight segment, allowing us to compare workload under similar 
task conditions. The task consisted of simple vs. (more) com-
plex arithmetic calculations alternated in four blocks of 30 s. 
Each block included six calculations with a maximum allowed 
response duration of 2 s. The task of subjects was to indicate 
whether the value of a two-operator calculation was higher or 
lower than 5 using a button press. The difficulty level of the 
calculations was manipulated by: 1) the number of digits that 
needed to be processed; and 2) the sign of the operators. Simple 
calculations always started with 0, meaning that subjects only 
needed to process the last two digits (e.g., 0 + 7 − 1). Additionally, 
the first operator in the simple calculations was always a plus 
sign. Complex calculations consisted of three nonzero digits, 
with each calculation containing one plus and one minus oper-
ator in pseudorandom order, such that subjects could not pre-
dict the result before hearing the full equation. For both 
difficulty levels, restrictions ensured that the result of the calcu-
lations ranged from 1 up to 9 and was never equal to 5. No cal-
culations were repeated (see Appendix A in the online version 
of this article for further details). We expressed performance on 
the mathematical task in two outcome variables: average reac-
tion time in seconds and the number of unsuccessful calcula-
tions. Unsuccessful calculations are defined as the sum of 
incorrect and missing trials. In our calculation of reaction time, 
we imputed the maximum response time (2 s) for missing trials.

 After each 30-s block within the mathematical task, subjects 
rated their perceived mental effort using the RSME.11 The 
RSME scores range from 0–150, with higher scores indicating 
greater perceived workload or mental effort. The scale includes 
nine descriptors along the axis, such as “not effortful” at value 2 

and “rather effortful” at value 58. We interpret this measure as a 
proxy for subjective mental workload.

Physiological assessments of workload were based on the 
data recorded during execution of the mathematical task. We 
recorded EEG, ECG, and EDA using the ActiveTwo AD-box 
(BioSemi BV, Amsterdam, Netherlands). For EEG, we used a 
32-channel wet electrode cap. For ECG, we used one electrode 
positioned on the right clavicle and another on the lowest float-
ing left rib. For EDA, we placed the electrodes on the middle 
and index finger of the right hand as it was least dominant for 
task execution. For each flight segment, we pooled the data 
from the two 30-s blocks of each mathematical difficulty level, 
yielding 60-s epochs from which all parameters described 
below were extracted.

For EEG, we first bandpass filtered the raw data with a 
Hamming windowed Sinc FIR filter (3–100 Hz) and removed 
powerline noise (50 Hz). To detect bad channels, we used  
the Python PyPREP package. 22  We then fitted an Artifact 
Subspace Reconstruction algorithm to a (5-min) baseline 
recording taken at the beginning of the experiment. Artifact 
Subspace Reconstruction is a method that removes artifacts 
from EEG by comparing the data to a clean baseline. It detects 
unusual activity and replaces it with a cleaned version based 
on clean (i.e., baseline) brain patterns. Lastly, we performed 
an independent component analysis using MNE-Python’s 
implementation23 to identify signal sources. The resulting 
components were automatically classified with the ICLabel 
algorithm, which assigns labels such as “brain”, “eye blink”, 
and “muscle” based on their spatial, spectral, and temporal 
features.24 Because of the noisy nature of the experiment 
(e.g., lesser control of task manipulation, more muscle activ-
ity compared to a laboratory setting, and a large amount of 
equipment in close proximity), we selected only the data with 
the label “brain” for further analysis. Based on visual inspec-
tion, all data was of reasonable to good quality, which meant 
that no excessively noisy channels were identified after pre-
processing. To analyze power bands, we transformed the data 
for each channel into power spectral density estimates with 
use of MNE-Python. 23  Our frequency bands of interest were 
theta (4–7 Hz) and alpha (8–12 Hz) in the frontal (AF3, F3, 
Fz, F4, AF4) and parietal (P3, Pz, P4) channels, respectively. 
We restricted our analyses to these two frequency bands to 
reduce the number of statistical comparisons, given prior evi-
dence of their particular sensitivity to indices of mental 
workload. 25  We used an average of alpha and theta power 
across the respective channels as our outcome variables.

For ECG, we retrieved heart rate from the signal using the 
peak detection algorithm by Pan and Tompkins.26 This algo-
rithm applies a third order Butterworth bandpass filter to 
smooth the signal. We discarded data points above 200 and 
below 30 bpm and those deviating by more than 2 SDs from the 
mean. Three subjects with excessively noisy signals were omit-
ted from analysis. We used the average heart rate as our out-
come variable.

 For EDA, we applied a third order Savitsky-Golay filter  
to the raw signal to filter out noise. To retrieve phasic and  

Fig. 1.  The experimental set-up of the fixed-based F-16 cockpit, its  
projection dome, with a subject (left) and experiment leader sitting at the 
control station (right).
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tonic components, we used the Ledapy 1.2.1 package (Python 
Software Foundation, Beaverton, OR). For one subject (differ-
ent from the three subjects excluded in the ECG analysis), 
excessively noisy data was identified, whom we therefore 
excluded from further analysis. We used the mean amplitude of 
the phasic component, the skin conductance response, and the 
number of significant skin conductance response peaks (ampli-
tude threshold of 0.01 µS) as outcome variables.

While visualizing the results for the physiological measures, 
we observed a data pattern that was in the opposite direction 
from our expectation: heart rate decreased rather than increased 
throughout the course of the experiment (Fig. A1, found in the 
online version of this article). We assume that this effect might 
reflect increased familiarity with the laboratory setting or sim-
ulator. Such time-on-task effects could camouflage changes in 
physiology that are related to differences in mental workload, 
especially when these differences are expected to be small. To 
account for this, we normalized our physiological measures rel-
ative to a measurement of 15 s taken prior to the start of each 
new flight segment (i.e., the end of the prior segment). We 
could not apply this procedure to the EDA measures due to its 
low signal frequency and the short baseline period (e.g., no sig-
nificant skin conductance peaks). Moreover, separating the 
tonic component from the phasic signal effectively normalizes 
the phasic component already.

Procedure
The veteran pilot, here acting as an instructor pilot, briefed the 
subjects about the flight objective and tasks. They then received 
instructions on rating their mental workload using the RSME, 
of which a printed version remained available throughout the 
mission on their knee pad. After the briefing, we equipped sub-
jects with all physiological sensors. Subjects were then seated 
inside the simulator and given 10–15 min to familiarize them-
selves with the simulator controls. They shortly practiced all 
elements of the mission with assistance from the instructor 
pilot. At the end of the familiarization period, subjects prac-
ticed performing the simple and complex mathematical task 
(two blocks of 30 s). We explained that they could not neglect 
the mathematical task, even if workload increased incremen-
tally from the flight task. They then started the mission, which 
had a total duration of approximately 10–15 min. After each 
30-s block of the mathematical task, subjects verbally rated 
their mental workload using the RSME without pausing the 
scenario (Fig. 2). The instructor pilot acted as the observer 
during the scenario and provided a debrief afterwards.

Statistical Analysis
 To answer our first research question, we focused on the RSME 
and on the reaction time and number of unsuccessful calcula-
tions on the mathematical task. For each of these three outcome 
variables, we first investigated the effect of flight segment (hold-
ing, intercept, and engagement) using a multilevel linear regres-
sion analysis. Herein we can include subject and arithmetic 
difficulty of the mathematical task as random effect variables to 
account for individual differences and task-related variability. 

This approach allows for more accurate estimation of fixed 
effects, better generalization of results beyond our study sample, 
and is robust to assumption violations required by repeated mea-
sures ANOVA, such as sphericity. We compared the difference 
between the holding and intercept, the holding and engagement, 
and intercept and engagement segments. Secondly, we investi-
gated whether arithmetic difficulty (simple vs. complex) influ-
enced the three outcome variables within each flight segment. 
Therefore, we repeated the tests but included both segment and 
arithmetic difficulty as predictor variables. Here we included 
only subject as random effect variable. Out of all resulting pair-
wise comparisons, we were most interested in a comparison of 
the two arithmetic difficulty levels within each flight segment. 
We selected the holding segment as the reference for flight seg-
ment in both analyses, and the simple arithmetic calculations as 
reference for arithmetic difficulty in the second analysis. We 
used post hoc analysis to investigate a possible difference between 
the intercept and engagement segment in our first analysis.

 To answer our second research question, we focused on five 
physiological outcome variables: frontal theta power (θ  frontal ), 
parietal alpha power (αparietal ), heart rate, skin conductance 
response, and significant skin conductance peaks. For each of 
these variables, we performed the same analyses as for answer-
ing our first research question.

To answer our last research question, we performed a multi-
level linear regression model with the RSME scores as outcome 
variable and all physiological measures as predictor variables. 
Here we implemented subject, segment, and arithmetic diffi-
culty as random effect variables. For all analyses, we denoted 
significant effects as <0.05.

RESULTS

 First, we investigated whether the flight segments and arith-
metic difficulty levels within each segment induced different 
levels of mental workload as indicated by subjective ratings 
and arithmetic performance. The pattern of results in  Fig. 3A   
suggests that our manipulation of workload across segments 
was successful: on average, subjects (N  = 14) provided increas-
ingly higher RSME ratings throughout the flight mission. 
Workload increased from ratings reflecting “some effort” to 

Fig. 2.  Temporal overview of the flight segments and mathematical task. 
Subjects verbally provided a Rating Scale of Mental Effort (RSME) rating of 
subjectively experienced workload after each block of the auditory math-
ematical task. We analyzed the EEG, ECG, and EDA recordings taken during 
completion of the mathematical task. The order of flight segments was fixed; 
the order of the simple and complex arithmetic calculations was counterbal-
anced across subjects.
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about “great effort”. The results of the regression with flight 
segment as a predictor confirmed that the intercept [B  = 10.7, 
﻿t (54) = 3.2, P  = 0.002] and engagement [B  = 22.4, t (54) = 6.7, 
﻿P  < 0.001] segments evoked higher RSME ratings on average 
compared to the holding segment ( Table AI  , found in the 
online version of this article). The engagement segment also 
induced higher average RSME ratings than the intercept seg-
ment [B  = 11.7, t (54) = 3.5, P  = 0.001]. Our manipulation  
of the difficulty of the mathematical task was less effective. 
 Fig. 3A  shows that most subjects did provide higher RSME 
ratings for the complex relative to simple calculations within 
each flight segment. However, these differences were small 
and did not reach statistical significance in our regression 
with flight segment and arithmetic difficulty as predictors 
( Table AII  , found in the online version of this article). 

 On average (N  = 14), reaction time on the mathematical 
task slightly increased throughout the flight mission ( Fig. 3B  ).  
The regression with flight segment as a predictor confirmed 
that the average reaction time significantly increased from  
the holding to the engagement flight segment [B  = 0.12, t (54) 
= 2.1, P  = 0.041]. The other two flight segment comparisons 
did not yield a significant difference ( Table AIII  , found in the 
online version of this article). The results of the regression 
with both flight segment and arithmetic difficulty as predic-
tors suggest that the reaction time difference between the 
holding and engagement segments was driven by differences 
during the simple arithmetic task [ Fig. 3B ; B  = 0.5, t (65) = 2.3, 
﻿P  = 0.026]. There was also a marginally significant difference 
between the holding and intercept segments for the simple 
calculations [B  = 0.4, t (65) = 2.0, P  = 0.049]. The pairwise 
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Fig. 3.  Subjective and behavioral measures of mental workload. A) The self-reported workload based on the Rating Scale of Mental Effort (RSME). B) The  
reaction time for responding to one arithmetic calculation. C) The number of unsuccessful, either incorrect or missed (reaction time >2 s), arithmetic  
calculations. In each panel, the solid data points represent an average across subjects and semitransparent data points the individual responses. Orange is for 
simple arithmetic calculations and pink for complex calculations. Error bars represent 95% confidence intervals.
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comparisons between arithmetic levels within each flight seg-
ment were not statistically significant ( Table AIV  , found in 
the online version of this article).

  Fig. 3C   (N  = 14) demonstrates a small increase in the aver-
age number of unsuccessful calculations for the engagement 
compared to the holding and intercept flight segments. The 
results of the regression with flight segment as predictor partly 
confirmed this observation, with a significant difference 
between the engagement and holding segments [B  = 0.6, t (54) 
= 2.4, P  = 0.022]. Differences between the other flight segment 
comparisons did not reach significance ( Table AV  , found in the 
online version of this article). No systematic effect can be 
observed for the arithmetic difficulty levels within each flight 
segment ( Fig. 3C ). Indeed, the results of the regression with 
flight segment and arithmetic difficulty as predictors yielded no 
significant differences ( Table AVI  , found in the online version 
of this article).

Second, we investigated whether the flight segments and 
arithmetic difficulty levels elicited different physiological 
responses. The pattern of results in  Fig. 4A   (N  = 14) suggests 
that average frontal theta power slightly increased from its 
baseline during the intercept segment, whereas it did not during 
the holding and engagement segments. The regression with 
flight segment as a predictor indicated a significant difference 
between the intercept and holding segments [B  = 0.2, t (54) = 
2.4, P  = 0.018]. There were no significant differences in average 
theta power between the other two flight segment comparisons 
( Table AVII  , found in the online version of this article). Further 
inspection of  Fig. 4A  suggests that theta power was comparable, 
though systematically higher on average, for the simple vs. 
complex arithmetic calculations within each flight segment. 
The regression with flight segment and arithmetic difficulty  
as predictors did not indicate any significant differences 
( Table AVIII  , found in the online version of this article). 

  Fig. 4B   (N  = 14) suggests a marginal increase in the average 
parietal alpha power relative to the respective baselines of each 
flight segment throughout the flight mission. The results of the 
regression with flight segment as predictor indicated that alpha 
power was, on average, significantly lower in the engagement 
relative to holding flight segment [B  = −  0.2, t (54) = −  2.2, P  = 
0.032]. Other pairwise comparisons were not significant 
( Table AIX  , found in the online version of this article). The dif-
ferences between simple and complex arithmetic calculations 
within each flight segment were small ( Fig. 4B ). None of the 
pairwise comparisons in the regression with flight segment and 
arithmetic difficulty as predictors yielded a significant differ-
ence ( Table AX  , found in the online version of this article).

 Consistent with theta power, we also observed an increase in 
heart rate relative to its baseline for the intercept segment,  
but not for the holding and engagement segments ( Fig. 4C  ;  
﻿N  = 11). The regression with flight segment as a predictor con-
firmed that average heart rate was significantly higher during 
the intercept compared to the holding segment [B  = 0.03, t (42) 
= 2.9, P  = 0.005] and showed a trend for an increase relative to 
the engagement segment [B  = 0.02, t (42) = 2.0, P  = 0.057]. 
There was no significant difference between the holding and 

engagement segments ( Table AXI  , found in the online version 
of this article). Within each flight segment, we can observe that 
the average heart rate was systematically higher for the simple 
compared to complex calculations ( Fig. 4C ). However, the 
regression with flight segment and arithmetic difficulty as pre-
dictors indicated that these differences were small, not reaching 
statistical significance ( Table AXII  , found in the online version 
of this article).

The pattern of results in Fig. 4D (N = 13) does not suggest a 
systematic effect for the skin conductance response across flight 
segments or between the difficulty levels of the mathematical 
task within each segment. Neither regression analysis indicated 
significant effects (Table AXIII and Table AXIV, found in the 
online version of this article).

 The number of average skin conductance peaks throughout 
the mission was about constant ( Fig. 4E  ; N  = 13). The regres-
sion with flight segment as a predictor indicated that none of 
the differences between flight segments reached significance 
( Table AXV  , found in the online version of this article). Within 
each flight segment, the average number of skin conductance 
responses was comparable between the simple and complex 
arithmetic calculations ( Fig. 4E ). Accordingly, the regression 
analysis with segment and arithmetic difficulty as predictors 
yielded no significant effects ( Table AXVI  , found in the online 
version of this article).

Lastly, we investigated whether physiological responses pre-
dicted the subjectively rated mental workload. The results from 
the regression (N = 10) indicate that none of our physiological 
measures significantly contributed to predicting the RSME 
(Table AXVII, found in the online version of this article). In 
fact, collectively they explained only 2.2% of the variance in the 
provided RSME ratings.

DISCUSSION

Continuous, objective, and unobtrusive assessment of mental 
workload is relevant to individuals with safety-critical occupa-
tions such as aircrew. We here investigated whether EEG, ECG, 
and EDA can predict subjective mental workload during simu-
lated flight. The mission scenario included three flight seg-
ments, with an additional mathematical task of two arithmetic 
difficulty levels added to each segment. Subjective ratings con-
firmed an a priori expected increase in mental workload 
throughout the flight mission. However, our manipulation of 
the difficulty level of the mathematical task did not significantly 
affect subjective ratings and arithmetic performance measures. 
None of our physiological measures—frontal theta power,  
parietal alpha power, heart rate, skin conductance response, 
and skin conductance response peaks—systematically distin-
guished flight segments or arithmetic difficulty. They also did 
not significantly predict the subjectively rated mental workload.

 Considering that subjective workload and arithmetic per-
formance did not significantly differ between the easy and 
complex arithmetic calculations, it is not that surprising that 
our physiological measures also failed to make this distinction. 
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Fig. 4.  In each panel, the solid data points represent an average of A) frontal theta power, B) parietal alpha power, C) heart rate, D) skin conductance response, 
and E) skin conductance peaks across subjects. The data presented in panels A-C are normalized relative to a baseline period taken directly prior to the start of 
each flight segment. See Fig. 3 for further details.
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However, in contrast to previous studies, 6﻿,﻿ 27﻿,﻿ 28  our physiological 
measures also did not vary with subjective ratings of workload 
across flight segments. This raises the question: how should we 
interpret this lack of an effect?

First of all, studies typically succeeded in distinguishing 
flight segments only in cases when task demands varied sub-
stantially. For example, cardiovascular measures differentiated 
takeoff and landing from midflight, but not takeoff from land-
ing, considered only slightly more cognitively demanding.27,28 
Similarly, Veltman17 reported that physiological measures 
could differentiate passive baseline from active flying, but could 
not differentiate between flight segments of expected different 
difficulty such as straight flight, complex turns, or responder 
tasks. Hogervorst et al. 15  reported that the performance accu-
racy of classifier algorithms trained on (a combination of) 
physiological measures decreased when distinguishing between 
working memory tasks with more similar difficulty levels 
(2-back vs. 1-back or 1-back vs. 0-back) compared to more dis-
tinct ones (2-back vs. 0-back), and when using shorter data seg-
ments (30 s vs. 120 s). Differentiating subtle differences in levels 
of mental workload using physiological measures is challeng-
ing, particularly when relying on short measurement periods in 
an operational context. This challenge was compounded by the 
small sample size of our study due to using a highly specialized 
population of F-16 pilots. This increased the chance of making 
a type II error (i.e., false negative). However, studies that 
reported significant physiological differences across flight seg-
ments that varied substantially in task demands used similarly 
small samples (≤12 subjects). 18﻿,﻿ 27﻿,﻿ 28  Nevertheless, we did not 
observe systematic patterns in the physiological data that 
pointed at insufficient statistical power. Our findings suggest 
that physiological measures may be less sensitive to variations 
in workload than subjective ratings, which did differ signifi-
cantly across flight segments.

Second, pilots are trained in mental workload management 
to maintain stable performance levels under periods of high 
task demands.29 Strategies such as task prioritization, automa-
tion, and externalization of memory cues are used to mitigate 
the risk of cognitive overload in critical situations such as 
close-range aerial combat or emergencies.1 Less prioritized 
tasks are omitted and delayed until during periods of low work-
load, along with other preparatory tasks as to minimize under-
load.1 Pilots should keep their workload below their maximum 
capacity, leaving spare resources to deal with unexpected situa-
tions such as unforeseen threats or system failures. Ayala et al.30 
reported that a secondary auditory oddball task did not affect 
flight performance of low-hour pilots during simulated flight, 
even though subjective and behavioral measures did suggest an 
increase in workload. While this self-regulation of mental 
workload is desirable and crucial for operational effectiveness 
and preserving flight safety, it may have obscured physiological 
markers of mental workload in our study. Subjective ratings did 
significantly differ across flight segments, which might be 
interpreted to reflect invested mental effort rather than the level 
of experienced workload when assuming efficient use of work-
load management strategies. The absence of a ground truth 

makes it difficult to interpret the absence of significant differ-
ences in physiological measures as it could reflect a true lack in 
workload differences or be the result of insufficient sensitivity 
and measurement noise.

 Lastly, the aspects raised bring us to consider a fundamental 
aspect: what component of workload is it we measure when 
assessing physiology? For example, Brouwer et al. 9  demonstrated 
that physiological measures did not reflect reduced mental effort 
associated with learning to master a task, while at the same time 
they could differentiate between levels of task difficulty. In other 
words, physiology was sensitive to the overall level of task 
demands (i.e., a main effect of n-back load) but could not capture 
decreases in invested effort of the n-back task due to practice 
(i.e., no interaction of n-back load across learning blocks). This 
highlights the complex relationship between physiology and 
workload. In our study, subjective ratings pointed to the engage-
ment segment as the most demanding part of the flight mission. 
However, for frontal theta power and heart rate we observed a 
pattern of results that suggested highest workload for the inter-
cept segment. This apparent contradiction suggests that physio-
logical responses may be driven by factors beyond perceived task 
demands. Post hoc interviews indicated that the intercept seg-
ment was associated with greater uncertainty about upcoming 
threats and a reduced sense of control compared to the engage-
ment. Additionally, there is the anticipation of high workload for 
the engagement segment. Such factors may reflect “affective” 
rather than cognitive aspects of workload. 31  These consider-
ations highlight the complexity of predicting mental workload in 
an operational context: it is a multidimensional construct that 
yields noisy measurements. At the same time, physiology reflects 
a wide range of mental and bodily states that are linked to (non-
specific) differences in neural activity (i.e., mainly EEG) and 
arousal (i.e., mainly ECG and EDA).

 Even though we could not confirm the value of physiologi-
cal measures for predicting subjective workload, our study had 
several strengths. We used an experimental design which 
included representative end users in an operationally relevant 
setting. Additionally, we included a secondary task with the aim 
of separating cognitive from physical components of workload, 
as to help isolate task-related confounds (e.g., muscle activity) 
that have been overlooked in prior studies. Furthermore, com-
bining multiple physiological measures provided a more com-
prehensive approach to assessing mental workload since they 
reflect different underlying processes (i.e., neural activity vs. 
arousal). However, large interindividual variability in perceived 
workload and physiology, usage of workload management 
strategies to minimize the risk of cognitive over- and under-
load, relatively small differences in task demands, and nonspe-
cificity of physiological responses have likely all contributed to 
a null result. This implies that studies require more statistical 
power to detect significant effects, which asks for strong exper-
imental manipulations, large sample sizes, and long measure-
ment periods. At the same time, this presents a clear challenge 
for real-time monitoring of workload using physiology; for 
example, to adjust training difficulty in simulated flight or to 
tailor information delivery and automation level in real flight. 
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Such applications might become feasible with the development 
of personalized models that are trained on large datasets. In 
conclusion, our study underscores the complexity of workload 
assessment in an operational setting and offers methodological 
insights that may inform future ecologically valid research.    
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