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Introduction

The potential to monitor operator states and predict future performance deficits in real-
time using physiological metrics continues to expand. Technological advancements continue to
drive operator state monitoring (OSM) forward in terms of wearable sensors, data
synchronization, and feasibility of use in applied settings. Likewise, advancements in
understanding the relationships between physiological measurements, performance, and
cognitive states are key to the development of a predictive model with acceptable levels of
accuracy and classification. Individual differences, both within- and between-operators,
introduce error into the model and need to be accounted for during computation in order to boost
model performance. The main objective of this study was to identify and control for both stable
(e.g., demographics) and dynamic (e.g., baseline physiology) sources of variance.

Research has long established the brain and body connection, supporting the use of
objective physiological measures as proxies for latent constructs. Much of this work has been
focused on cognitive workload (albeit a variety of definitions) demonstrating generally
consistent trends in physiological response concurrent to changes in workload (Borghini et al.,
2013; Charles & Nixon, 2019) (Table 1).

Table 1. Summary of Physiological Measures and Their Response to High Workload

Physiological Measure Response During High Workload

Increases (Unni et al., 2017;
Hidalgo-Munoz et al., 2019)

Heart rate

Heart rate variability (HRV)

Decreases (Stuiver et al., 2014)

Pupil diameter

Increases (Feng at al., 2018)

Eye fixation duration

Increases (Feng et al., 2018),
Decreases (Schulz et al., 2011)

Theta wave activity —
electroencephalography (EEG)

Increases (Wu et al., 2017)

Alpha wave activity — EEG

Decreases (Van Orden et al., 2001;
Wu et al., 2017)

Beta wave activity — EEG

Increases (Kurimori & Kakizaki,
1995), Decreases (Xiaoli et al.,
2020; Hussain et al., 2021)

Oxygen saturation (rSO2)

Increases (Sassorroli et al., 2008)

Electrodermal activity

Increases (Tarabay et al., 2018)

Cerebral blood flow velocity
(CBFV)

Increases (Warm & Parasuraman,
2007)

Individual differences in baseline physiology, as well as state and trait characteristics,
may confound the utility of models predicting performance using physiological indices of
cognitive state. These confounding variables limit accuracy and interpretability of models to
identify when performance will decline across a range of individuals. The discrepancy in

1



performance between generic and individualized (incorporating baseline physiology) models was
demonstrated with a stress response model utilizing heart rate variability and electrodermal
activity. The addition of baseline or individual physiological variables improved the models’
accuracies drastically (Nkurikiyeyezu et al., 2019). In order to improve the predictive validity, as
well as reliability, of models aimed at diagnosing operator state and predicting performance
deficits, it will be critical to account for individual differences.

A wide range of individual factors can impact cognitive and physiological responses to
stressors (such as changes in task demands). For the purpose of this study, focus is given to
individual differences known to correlate with or impact physiological responses and may further
complicate interpretation of changes in responses concurrent to changes in task demands
(cognitive workload) (Table 2). These are factors that ultimately will need to be accounted for in
OSM algorithms and systems. Broadly, these factors can be categorized as stable, relatively
consistent or unchanging, or dynamic, routinely changing or varying. A comprehensive list of
candidate mediating or moderating variables is unnecessary given the target end-user population
(military aviators). Strict aeromedical standards and routine exams preclude the possibility of
many medications or conditions in rated aviators. Of the applicable individual difference
variable, anxiety is a good example of a construct that can be static or dynamic in nature. Static
levels of anxiety are less likely in military aviators as anxiety disorders are disqualifying
conditions. However, military aviators, like all humans, are susceptible to periods of acute
anxiety, such as those related to one’s home life or work demands. Symptoms resulting from an
acute anxiety period can have implications for not only how one responds to a stressful situation,
but also in how they respond physiologically. For example, Wheelock et al. (2016) found support
for individual differences in self-reported stress and acute anxiety related to activity within the
prefrontal cortex. Identifying which of these factors are important to capture and account for in
an OSM system is the primary purpose of this paper.

Table 2. Examples of Individual Differences That may Confound OSM

Construct or Condition Potential Impact
Treatment for hypertension ~ Some treatments can lower
heart rate
Anxiety and depression Acute experiences can elevate
symptoms heart rate or impact sleep
resulting in daytime
sleepiness

Fatigue/daytime sleepiness  Fatigue impacts multiple
physiological responses

Experience Less experience may increase
psychological stress and
physiological responses

Age Healthy aging may impact
physiological responses
including increased EEG
signal complexity




Individualized approaches to workload monitoring, that account for within- and between-
individual variability, are gaining traction in the literature. Multiple methods and approaches can
be used to individualize models. For instance, Teo et al. (2020) state that individuals show
differences in physiological response sensitivity, with some showing greater differences in one
physiological measure over another in response to changes in task demand. Thus, the model can
be specified to apply weights by sensitivity of any single index. Another method is for the model
to capture measures that show large changes as defined by a criterion threshold (Teo et al.,
2020). Alternatively, Ma et al. (2024) included experience level as a moderating factor between
task demand level and physiological responses to changes in task demands. While these studies
all demonstrate positive findings regarding the relative approaches taken, they were all
conducted in different contexts, none of which included military, rotary-wing aviators. One of
these approaches may translate to this highly specialized subpopulation; however, it is likely that
a model of acceptable reliability and validity will need to be customized to the cockpit, mission
demands, and tailored to user-profiles. Addressing individual variability within an Army aviation
population will require the use of Army aviators as the sample to develop the model, given that
aviators tend to fall within narrow ranges on the spectrums of individual difference measures
already (e.g., intelligence, personality) (Causse et al., 2011). Incorporation of stable and dynamic
sources of variance could enable the development of robust algorithms that are able to predict
and/or identify operator state changes in real-time.

Studies of military aviators tend to have small sample sizes (e.g., 8-10 participants) and
oversample pilots early and late in their careers. This poses a significant barrier to studying
individual differences and identifying which variables need to be factored into any resultant
models. Thus, this study did not limit to aviators, but rather collected a large sample of data from
National Guard Soldiers. Given that the participants were not aviators, a simulated flight was not
appropriate, thus we evaluated performance on a set of tasks adapted for a driving simulator. The
primary objective was to model changes in performance using individual differences and
physiological variables as predictors.

Methods

This study was reviewed and approved prior to execution by the U.S. Army Aeromedical
Research Laboratory (USAARL) Regulatory Compliance Officer as research not involving
human subjects. The data analyzed were collected by Clemson University and provided to
USAARL deidentified under a cooperative research and development agreement. The data
analyzed are a subset of a larger study.

Participants

Participants were 53 South Carolina National Guard Soldiers (9 females, 38 males, 6
missing data). Mean age was 33.10 years (SD = 13.51, 8 missing data). Education levels included
were high school or high school equivalent (n = 12), associate degrees (n = 1), some college
(n =14), bachelor’s degrees (n = 12), some graduate level training (n = 4), and graduate degrees
(n =5) (5 missing data). Majority of participants were White (n = 37) with the remaining
participants (6 missing data) reporting as African American (n = 7), Hispanic (n = 2), and Asian
(n=1).



Materials

Instruments and tasks used in this study are divided in three categories, questionnaires,
physiological measures, and driving simulator tasks.

Questionnaires.

All instruments were administered electronically.

Demographics.

Participants reported age, gender, ethnicity, education level, and, if applicable, flight
hours.

Adult Attention Deficit/Hyperactive Disorder (ADHD) Self Report Scale Symptom
Checklist (ASRS).

The ASRS contains 18 items and requires 2 minutes for completion. It was developed in
conjunction with the World Health Organization (WHO) and the Workgroup on Adult ADHD
(Kessler et al., 2005) and is used as a screening tool with adult patients. The items are consistent
with the Diagnostic and Statistical Manual of Mental Disorders, version IV criteria (American
Psychiatric Association, 2000). Two scores are outputted, hyperactivity and inattentiveness.

Beck Depression Inventory (BDI-II).

Depression symptoms were measured using the Beck Depression Inventory-I11 (BDI-II;
Beck et al., 1996). The BDI-II is a commonly used 21-item, multiple-choice self-report tool that
captures affect, cognition, and physical symptoms of depression over the most recent two-week
period. Higher scores indicate greater endorsement of depression symptoms.

State-Trait Anxiety Inventory (STAI).

Anxiety symptoms were measured using the STAI (Spielberger et al., 1983), which is a
40-item, self-report anxiety inventory rated on a 4-point Likert-type scale that captures two types
of anxiety, state, event-dependent anxiety, and trait, persistent demonstrations of anxiety as a
personal characteristic. The primary outcome measures are state score and trait score, where
higher scores reflect greater endorsement of anxiety symptoms.

NASA Task Load Index (TLX).

Subjective workload was captured using the TLX (Hart & Staveland, 1988). Following
each task and difficulty level, participants rate their experience, using a 100-point scale, on the
following dimensions: mental demand, physical demand, temporal demand, performance, effort,
and frustration. The outcome measures are ratings on each subscale as well as a total score.



Karolinska Sleepiness Scale (KSS).

The KSS is a well-validated single item questionnaire that asks subjects to rate how
sleepy they feel in the moment (Kaida et al., 2006). The KSS measures daytime sleepiness with
higher scores indicating greater daytime sleepiness. Specifically, responses range from 1
“extremely awake” to 9 “extremely sleepy — fighting sleep.” It was administrated after each level
of workload to assess participants’ subjective sleepiness.

Physiological measures.

Both EEG and electrocardiogram (ECG) data were collected using the B-Alert X-24
wireless wet electrode system with 20 channels corresponding to scalp locations according to the
International 10-20 system (frontal channels: Fpl, Fp2, F7, F3, Fz, F4, F8; central channels: C3,
Cz, C4, T3, T4, parietal and occipital channels: P3, POz, Pz, P4, T5, T6, O1, O2). Power spectral
density (PSD) values were computed using the automated algorithms provided through the B-
Alert Live software. Prior to computing PSD values, artifacts were identified and removed using
the Advanced Brain Monitoring (ABM) algorithms for artifacts associated with
electromyography (EMG), eye blinks, excursions, saturations, and spikes.

EEG data processing approach.

A customized data processing pipeline was developed to process the raw EEG data and
compute PSD values. Initially, the raw EEG data were bandpassed between 1 to 40 Hertz (Hz) to
eliminate the power line noise. During the prolonged recording sessions, some channels may
detach or experience increased impedance, which can introduce significant noise and lead to
inaccurate results that do not accurately reflect cognitive processes in the brain. To address this,
the RANdom Sample Consensus (RANSAC) algorithm, a robust statistical method (Fischler &
Bolles, 1981), was employed to detect and remove bad channels from further analysis. After the
removal of these channels, the remaining data were re-referenced using an average reference.

Following the RANSAC step, artifact subspace reconstruction (ASR; Mullen et al., 2013)
was used to remove artifacts such as blinks and muscle activity. ASR is an adaptive method for
online or offline correction of artifacts, particularly effective for cleaning continuous, non-
triggered EEG data (e.g., Bulea et al., 2015; Luu et al., 2017) and is recommended for wireless
EEG systems (Mullen et al., 2015). In brief, the ASR algorithm identifies a clean EEG segment
to compute its statistical properties, such as a covariance matrix. It then applies a sliding window
over the EEG data, performing principal component analysis (PCA) on each window.
Components with variances that exceed a set threshold (based on the clean segment) are
identified as artifacts and removed, with the signal reconstructed using the mixing matrix from
the clean segment.

The clean EEG data was subjected to continuous wavelet transformation (CWT) to
convert the signals into time-frequency data. The resulting data was then averaged in both the
frequency and time domains to generate four PSD values corresponding to each frequency band:
delta, theta, alpha, and beta. The B-Alert software was used to collect baseline data to create the
participant’s individualized workload index profile. The information collected from the baseline
EEG data was then used to make comparisons with the participant’s test data to estimate



workload. The baseline acquisition took place for 10 minutes while participants silently read
nonsense text presented on the center screen of the simulator.

ECG data processing approach.

The raw ECG data were preprocessed to remove high-frequency and powerline noise,
and baseline drift, as well as to eliminate artifacts (Makowski et al., 2021). The quality of the
ECG data was then evaluated using the comprehensive method proposed by Zhao and Zhang
(2018), which involves two steps. First, multiple signal quality indices (SQIs) were calculated,
each reflecting different aspects of ECG data quality. These SQIs were then mathematically
combined into a single index, which were categorized as excellent, barely acceptable, or
unacceptable. ECG data categorized as unacceptable were excluded from further analysis.

Subsequently, ECG features in the time domain were extracted (Makowski et al., 2021),
including heart rate, mean heart rate variability, and the standard deviation of heart rate
variability, for statistical analysis. Those steps were repeated independently for each task and
each level of workload.

Since ECG was recorded using the EEG device, its sampling rate is relatively low
compared to standalone ECG devices (256 Hz vs. 1000 Hz). Additionally, the EEG device is
more susceptible to noise such as motion artifacts, which can significantly impact ECG
recordings. As a result, the ECG data were anticipated to be noisy.

Driving simulator tasks.

Performance was measured on two tasks administered using the CDS-200 Clinical
Driving Simulator (Figure 1) from DriveSafety Inc. The tasks used were developed by the
research team at Clemson University in collaboration with DriveSafety Inc. The interactive tasks
(stoplight and steering, and slider) have been previously demonstrated to effectively titrate task
demand (e.g., Goodenough et al., 2012).

This space is intentionally blank.



Figure 1. DriveSafety CDS-200 simulator.

Stoplight and Steering® task.

In this task, participants respond to symbols presented on the center screen as well as the
outer screens of the simulator. On the center screen, left and right arrows along with green and
red traffic lights are presented. Participants respond by tapping on the appropriate pedal
(corresponding to the traffic light color) and turning the steering wheel to the left or right
(corresponding to the direction of the arrow) (Figure 2). The symbols on the outer screens are an
“E” presented in one of four positions: forward, backward, upward, or downward (Figure 3).
Prior to the onset of the task, participants are shown a reference “E” in one of the four positions.
They are told to remember the position of the reference “E.” Then during the task, target “E”
stimuli are presented on the outer two screens; both the order of “E” positions and location on
the screen are randomized. Participants respond using red buttons on the steering wheel, one on
the right and one on the left. Participants press the red button on the side corresponding to the
outer screen (right or left) on which the target “E” is presented, in the position that matches the
reference “E” position. Reaction times and response accuracies to each symbol presented are
recorded; however, accuracies (in percentage) are included in the analyses. If a participant
misses a target “E” or responds to an incorrect “E,” that information is also recorded. Workload
level is manipulated by the frequency of “E” presentations as well as the duration of time each
“E” is presented (Table 3).

This space is intentionally blank.



Figure 2. Example of symbols used in stoplight and steering task.

3

Backwards E

L

Upwards E

Figure 3. “E” stimuli positions.

Table 3. Parameter Specifications for Each Stoplight and Steering Task Workload Level

Workload Target “E”  Target “E”
Level Presentation Presentation
Duration Frequency

(seconds) (seconds)
Level 1 2.0 20-35
Level 2 1.5 1.0-2.0
Level 3 1.0 0.75-15

Participants control how long each symbol is presented on the screen; as soon as the input
is released, the next symbol is presented. The input is released when the participant’s foot is
lifted from the gas or brake pedal or when the participant returns the steering wheel to the home
(12:00) position. Once that neutral point occurs, the next symbol is presented. If the participant
holds down a pedal or does not return the steering wheel back to the home (12:00) position, then
the next symbol will not be displayed. Given that participants control the length of time the
symbols are displayed, the task is not defined by a set number of trials, but rather lasts for 10

minutes.



Slider® task.

The slider task uses the same symbols as the stoplight and steering task (Figures 2 and 3)
which are presented at a set speed (unlike the stoplight and steering task, which allows
participants to control the speed at which symbols are presented). Symbols are presented by
“entering” the center monitor on the right and then “slide” across the screen to the left (Figure 4).
When a symbol enters the white box, participants respond to it using the same inputs described
in the stoplight and steering task. Once at least half of the symbol is in the response box, the
simulator will “count” the participant’s input. Concurrently, target “E” stimuli are presented on
the outer screens and response inputs are the same as in the stoplight and steering task. This task
is completed after the stoplight and steering task and participants are familiar with the symbols
and respective inputs.

Figure 4. Slider task example screen.

Reaction time and response accuracies to the presented symbols (both the center screen
symbols and target “E” stimuli) are recorded; however, accuracies (in percentages) are included
in the analyses. Workload is manipulated by the speed at which the symbols slide from
appearance at the left edge of the screen to the white response box (Table 4). The task is
performed for 10 minutes.

This space is intentionally blank.



Table 4. Parameter Specifications for Each Slider Task Workload Level

Workload Number of Speed of Symbol From “E” Task
Level Symbols Appearance to Workload
Presented Response Box Level

(seconds) (Table 3)

Level 1 317318 6.8 Level 1

Level 2 628 — 629 3.4 Level 2

Level 3 1054 — 1055 3.0 Level 2

Level 4 1493 — 1494 1.4 Level 3

Procedure

Participants provided written informed consent prior to study enrollment or conduct of
any study procedures. First, participants completed a set of questionnaires (demographics, BDI-
I, STAI, ASRS) on a tablet, then were instrumented with the B-Alert system. Next, participants
were “fit” to the driving simulator (e.g., calibration of pedals and steering wheel, adjustment of
monitor height) prior to completing the baseline EEG recording. Baseline EEG was recorded
while participants, seated at the driving simulator, looked at the center monitor and read the same
nonsense text for 10 minutes. Participants then completed the driving simulator tasks.
Additionally, the TLX and KSS were completed at the end of each workload level within the
tasks. Markers were manually inputted to mark the start and end of each task within the EEG
recordings. This procedure is a subset of the entire study.

Statistical Approach

Physiological data were processed, as described above, prior to analyses. All data were
inspected for impossible values and technical errors in recording. The analyses are divided into
two sections: effects of workload level, and impact of individual differences on performance.
First, to assess the effects of workload level, which also served as a manipulation check for the
tasks, the EEG, ECG, KSS, TLX, and performance outcomes were analyzed using within-
subjects analyses of variance (ANOVAs). Next, individual difference variables (Table 5) were
evaluated for inclusion in a model predicting performance. Correlational matrices were first
calculated to estimate relationships between the variables (Pearson’s r for relationships between
continuous variables, Spearman’s rho for relationships between binary and continuous
variables). In order to mitigate the influence of multicollinearity, a principal components analysis
(PCA) was then used to reduce the variables into factors. Finally, a generalized estimating
equations (GEE) (Liang & Zeger, 1986) was conducted to evaluate the impact of individual
differences on performance. GEEs, an extension of generalized linear models, account for the
correlation between repeated measurements within subjects by specifying a working correlation
structure. Importantly, GEEs do not assume a linear relationship between predictors and
outcomes, nor do they require individual differences to be modeled solely as random effects.
Instead, GEEs focus on estimating population-averaged effects while adjusting for within-
subjects’ correlations, making this analysis approach well-suited to address the study objective.
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Table 5. Individual Differences and Dependent Measures Used in Analyses

Construct

Survey/Instrument Used

Dependent Variable

Sleepiness ratings
Reported workload
levels

Depression symptoms
Anxiety symptoms
Cognitive workload
Heart rate variability
Age

Gender

Education level
ADHD symptoms

Task performance

KSS
TLX

BDI-II
STAI

Theta to beta ratio from
EEG data

ECG data
Demaographics
Demographics

Demographics
ASRS

Slider and stoplight and
steering tasks

Self-reported level of sleepiness
Subscale scores:

Temporal demand

Physical demand

Performance

Mental demand

Frustration

Effort

Total score

State score (event-dependent anxiety)
Trait score (persistent demonstrations of
anxiety)

Workload index: Ratio of theta to beta
frequency band PSD for frontal regions
Heart rate variability

Age in years

Male

Female

Years of education

Hyperactivity score

Inattentiveness score

Accuracy measured in percentage

Results

Effects of Workload Level

EEG.

Of the 53 participants, 31 had complete sets of EEG data (baseline, three workload levels
for the stoplight and steering task, and four workload levels for the slider task). Thus, these 31
participants were included in the analyses. The effects of workload level in each task were
estimated for PSD across all frequency bands within the frontal areas (delta, theta, alpha, beta).
Repeated measures ANOVAs evaluating the main effects of workload level (3 levels for
stoplight and steering task and 4 levels for slider task) and frequency band (delta, theta, alpha,
beta) as well as interaction effects were conducted. Results suggest increases in task workload
elevated PSDs, for both tasks, (stoplight and steering task: F(2, 60) = 11.25, p = 7.11 * 10°;
slider task: F(3,90) = 39.55, p = 2.15 * 10°%%) (Figure 5). Moreover, a significant interaction was
observed between task workload and frequency band (stoplight and steering task: F(6, 180) =
9.97, p = 1.69 * 10°; slider task: F(9, 270) = 19.15, p = 1.15 * 10'%).
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Figure 5. The normalized group PSD results from the frontal regions. Error bars represent
standard error of the mean.

Additionally, a workload index was derived from the EEG data, specifically, the ratio of
theta to alpha band PSD from the frontal regions, which has been shown to be a reliable indicator
of cognitive workload (Raufi & Longo, 2022). A repeated measures ANOVA evaluated the
effect of workload level on the workload index for each task. The analysis shows the increasing
task workload significantly impacts participants’ cognitive workload (Figure 6) (stoplight and
steering task: F(2,60) = 14.73, p = 6 * 10°°; slider task, F(3, 90) = 30.84, p = 8.32 * 10'%). For
the stoplight and steering task, the post-hoc analysis found significant differences in cognitive
workload between workload level 1 vs. level 3 (t(30)= -4.40, p = 3.78 * 103 (corrected)), and
level 2 vs. level 3 (t(30) = -3.5, p = 4.42 * 10 2 (corrected)), with insignificant difference
between level 1 vs. level 2 (t(30) = -2.58, p = 0.045). These findings suggest that workload level
3 is substantially more cognitively demanding than levels 1 and 2.

For the slider task, the post-hoc analysis revealed significant differences in cognitive
workload at a p = 0.01 level across all comparisons, except between workload levels 2 and 3
(t(30) = -2.87, p = 0.044 (corrected)) and between level 3 and level 4 (t(30) =-3.33, p = 0.014
(corrected)). These results suggest that while workload levels 2, 3, and 4 are all more cognitively
demanding than level 1, cognitive workload increased gradually from level 2 to level 4.

This space is intentionally blank.
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Figure 6. Mean workload index values by workload level for each task.

ECG.

Of the 53 participants, 27 completed all ECG recording sessions. Among these, 21
participants had data categorized as barely acceptable or above (see Methods). However, due to
data quality issues, not all 21 participants had useable data for each workload level. For example,
in the stoplight and steering task, usable data was obtained from 13 participants at workload level
1, 15 participants at workload level 2, and 12 participants at workload level 3. Given the
imbalanced data across workload levels, statistical analysis was not performed, and descriptives

are presented.

The outcome variable derived from the ECG data was HRV, which measures the
variation in time between heartbeats and reflects the regularity of the beats. In general, a
decrease in HRV indicates increased stress which matches the pattern of observed data (Figure
7). Specifically, HRV decreases as task workload level increases, with this pattern being more
pronounced for the slider than the stoplight and steering task, suggesting that higher workload
levels may elevate participants’ cognitive workload. This observation is consistent with the EEG

results presented above.

This space is intentionally blank.
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Figure 7. Mean HRV by workload level for both tasks. Error bars represent standard error of the
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KSS and TLX.

Twenty-two participants completed the KSS and TLX survey for both tasks. Workload
level in the stoplight and steering task did not significantly impact the KSS scores (F(2, 34) =
3.8, p = 0.055), while workload level in the slider task had a marginally significant effect on the
KSS scores (F(3, 39) =6.316, p = 0.019). These findings suggest that participants were able to
maintain their alertness across different levels of workload during both tasks.

In contrast, the workload level in the stoplight and steering task did not affect the total
TLX score (F(2, 34) =9.174, p = 0.030) whereas the workload level in the slider task
significantly influenced the total TLX score (F(3, 39) = 58.540, p = 3.44 * 1071). These results

indicate that participants required more effort to perform the slider than the stoplight and steering
task as the workload level increased.

This space is intentionally blank.
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Figure 8. Mean KSS and TLX scores for both tasks. Error bars represent standard error of the
mean.

Task performance.

Performance analysis was not completed on the stoplight and steering task given the lack
of differences in perceived workload between difficulty levels observed with the TLX data.
Forty-five participants completed the slider task and were included in the analysis. Performance
(percentage of accurate responses to center screen stimuli) degraded with increasing workload

levels, F(3, 132) = 612.33, p = 3.10 * 107",

This space is intentionally blank.
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Individual Differences and Dimensionality Reduction
Correlation analyses.

Correlational relationships between individual differences variables and mean slider task
performance (percent accuracy) were calculated (Table 6). The variables included were the
variables measured only once as the repeated variables (KSS, TLX scores) were already
evaluated in relation to the task workload levels. Analyses were also conducted between the
individual differences variables and performance at each workload level to identify inconsistent
patterns, none of which were noted. Correlation analyses were conducted to determine the
relationships between predictor variables (individual differences), specifically, total BDI,
inattentiveness and hyperactivity (from the ADHD measure), and state and trait anxiety
(Table 7). With regard to demographic variables, age and education level were correlated
(r(45) = 0.65, p < 0.001).

Table 6. Correlational Analyses for Individual Differences Variables and Slider Task
Performance

Variable Statistic Correlation Value p

Hyperactivity r -0.25 0.34
Inattentiveness r -0.09 0.74
Beck Depression Inventory r 0.03 0.46
State-anxiety r 0.04 0.87
Trait-anxiety r 0.03 0.89
Gender rho -0.10 0.70
Education level r -0.54" 0.02"
Age r -0.40 0.11

“Indicates significant result.
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Table 7. Correlational Analyses Between Individual Differences Variables

Hyperactivity Inattentiveness Beck State- Trait-

Depression  Anxiety  Anxiety
Inventory

Hyperactivity r 1 758" 305" 451" 465"

Inattentiveness r 758" 1 376 525" 541"

Beck Depression  r 305" 376™ 1 7117 780"

Inventory

State-anxiety r 451" 525" 7117 1 861"

Trait-anxiety r 465" 541" 780" 861" 1

“Correlation is significant at the 0.01 level (2-tailed).
“Correlation is significant at the 0.05 level (2-tailed).

Principal components analysis.

PCA and a Varimax rotation were performed on total BDI, inattentiveness and
hyperactivity (both derived from the ASRS), and state- and trait-anxiety scores (both derived
from the STAI). Suitability of the data for factor analysis was assessed and supported using the
Kaiser-Meyer-Olkin measure of sampling adequacy, with a value of 0.76, and the Bartlett’s Test
of Sphericity (¥*(10) = 206.93, p < 0.001). Two PCA components, collectively explaining
87.23% of the total variance, were extracted with eigenvalues that exceed 1 (Table 8). The first
component, named “depression and anxiety symptoms,” included the BDI total score, and state-
and trait-anxiety scores. The second component, named “ADHD symptoms,” included the
inattentiveness and hyperactivity scores (Table 9).

Table 8. Principal Components Analysis: Total Variance Explained

Component  Eigenvalue Variance (%) Cumulative Variance (%)

1 3.31 66.23 66.23
2 1.05 20.99 87.22
3 0.28 5.53 92.75
4 0.25 4.94 97.69
5 0.12 2.31 100.00

This space is intentionally blank.

17



Table 9. Principal Components Analysis: Varimax Rotated Factor Loadings

Variable Component
1 2
Hyperactivity score 0.18 0.92
Inattentiveness score 0.28 0.89
Total BDI score 0.91 0.10
State-anxiety score 0.87 0.33
Trait-anxiety score 0.90 0.32

Task Performance and Cognitive Workload Models

A GEE was used to evaluate factors predicting performance on the slider task.
Performance was defined as percent accuracy. The variables included in the model as predictors
were the two PCA components (“depression and anxiety symptoms” and “ADHD symptoms”),
KSS score, TLX total score, EEG workload index, workload level, and education level. Data
from 17 participants with complete datasets were included. Given the small number of full
datasets for inclusion, the variables of age, gender, and ethnicity were excluded from the analysis
as they did not correlate with task performance. Multicollinearity was assessed and between
predictors correlations exceeded r = 0.5. The results yielded, unsurprisingly, an effect of
workload level (previously demonstrated), reported workload perception, as well as the EEG
workload index (Table 10). One individual difference variable, education level, was significantly
negatively associated with performance.

This space is intentionally blank.
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Table 10. Performance Model Parameter Estimates

Predictor Coefficient Standard Error Wald ? p
(Intercept) 66.99 8.86 57.11 <0.0001
Depression and anxiety -1.72 211 0.67 0.41
symptoms
ADHD symptoms 0.29 1.20 0.06 0.81
EEG workload index -9.06 4.12 4.84 0.03
TLX score -0.16 0.07 5.04 0.02
Workload level 1 54.78 4.19 171.12 <0.0001
Workload level 2 51.05 2.50 417.39 <0.0001
Workload level 3 19.24 3.06 39.54 <0.0001
KSS -1.06 0.82 1.67 0.19
Education level -2.15 0.94 5.28 0.02

Note. Workload level 4 served as a reference category.

In order to further explore the education level variable and its relationship to
performance, correlational analyses were conducted, specifically with mean values of the TLX
subscale scores. The results showed a significant, positive relationship between frustration and
education level, such that as education level increases, so do reported frustration levels.
Frustration did not correlate with the other TLX subscale components.

This space is intentionally blank.
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Table 11. Correlations Between Education Level and TLX Subscale Scores Averaged Across
Workload Levels on the Slider task. Pearson’s r is Reported in Each Cell

Education Effort Frustration Mental Performance Physical Temporal

Level Workload Workload Demands
Education 1 0.41 0.62" 0.13 0.21 0.36 0.23
level
Effort - 1 0.16 0.82" 0.48 0.76" 0.65"
Frustration - - 1 0.14 0.11 0.30 0.29
Mental - - - 1 0.23 0.82" 0.89"
workload
Performance - - - - 1 0.16 0.05
Physical - - - - - 1 0.75
workload
Temporal - - - - - - 1
demands

“Indicates significance at p < 0.01.
Discussion

OSM is one of the first steps toward adaptive automation. OSM will incorporate
physiological data to predict performance and, subsequently, risks to mission success. A number
of factors confound the relationships between cognitive states, physiological responses, and
performance levels. In order to develop a model that predicts performance deficits with an
acceptable degree of accuracy, consideration must be given to internal and external factors that
influence physiological outcomes as well as interpretation of changes. This study focused on
individual differences previously shown to correlate with workload perception and/or
performance. The findings demonstrated little support for the individual measures included but
did highlight the reliability of some variables. The tasks and workload level manipulations in this
study were demonstrated as successful across all variables.

After accounting for the effect of task difficulty on performance, the EEG workload
index remained a significant predictor of task performance, showing a negative association with
task performance. This indicates that as workload increased, participants’ performance
decreased. Similarly, total TLX score also showed an inverse relationship with task performance.
These findings are consistent with cognitive load theory (e.g., Wickens, 1984), which
hypothesizes that higher mental workloads impair task performance and supports the inclusion of
EEG, specifically the theta-to-beta ratio, in OSM (Raufi & Longo, 2022). Unfortunately, the low
quality of the ECG data precluded its inclusion in any meaningful analyses.

Of the individual differences variables measured, education level was the only one to
significantly impact task performance and the relationship was negative. Further exploration of
education level and the subscale scores on the TLX showed a positive relationship between
education level and frustration, suggesting higher education levels corresponded to higher
reported levels of frustration. It may be that these frustration levels impacted the level of task
performance, thus, lending toward education level as a significant predictor of task performance.
Research on workload and psychological stress in real-world settings has shown that those of
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higher education levels manage task complexity and workload better than those of lower
education levels but conversely are more negatively impacted by psychological stress (Schoger,
2023). In this study, workload was primarily manipulated by throughput of stimuli presentation
(increases in stimuli quantity and speed of presentation) which does not necessarily translate to
the type of workload complexity and psychological stress studied in real-world settings. It is
more likely that, in this study, education level is redundant with the frustration component of the
total TLX scores. Further exploration is needed to confirm the replicability of this finding and its
true nature with regard to task performance. This finding also highlights the importance of clear
definitions in terms of workload manipulations and stressors.

The findings of this study align with the previously published results regarding individual
differences, cognitive workload, and task performance. Specifically, a re-analysis of data from
four separate studies with common data elements found that anxiety and depression symptoms as
well as abstract reasoning capability, correlated with cognitive workload. However, these
relationships were not strong enough to influence the utility of physiological measurements to
detect state changes or performance deficits (Kelley et al., 2023).

The primary limitation of this study was the resultant sample size. Data loss was
underestimated to a large degree, yielding a less than desirable sample size for this type of
analysis approach. The research team at Clemson University continues to collect data and thus a
re-analysis will be conducted when additional data becomes available. An additional limitation is
the lack of medical history information given the impact that medications and medical conditions
have on physiological data. Further analyses on the dataset are warranted to explore longitudinal
changes over the course of the task. These types of analyses will assist in identification of
thresholds to predict when workload (or an element of workload such as frustration) rises to the
point where performance deficits are imminent and detrimental to overall mission success.

Conclusion

The primary objective of this study was to evaluate which individual difference variables
are most critical in predicting performance. The key findings from this study include the support
for use of EEG in predicting changes in cognitive state and performance deficits, the lack of
support for many of the hypothesized confounding individual differences, and the potential
impact of variations in education level on workload perception. In the short-term, this
information translates to refinements to model development that will be able to better predict
how individuals will respond to stressors imposed. In the long-term, this study contributes to the
overall development of OSM algorithms in order to improve predictive validity and reliability
across aviators.
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