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Highlights

What are the main findings?

• This pilot study shows that body movement trajectories predict acute stress with
moderate-to-high accuracy; workload and uncertainty were not reliably classified.

• The most informative movement-related features were primarily linear spectral and
statistical measures, rather than non-linear chaos/complexity metrics.

What is the implication of the main finding?

• Whole-body movement sensing can serve as a low-burden indicator of acute stress for
real-time sensing in the context of adaptive human–machine systems.

• Effective monitoring of workload and uncertainty may require larger training samples
or multimodal fusion such as pairing with eye, voice, or peripheral physiology.

Abstract

Stress, workload, and uncertainty characterize occupational tasks across sports, healthcare,
military, and transportation domains. Emerging theory and empirical research suggest that
coordinated whole-body movements may reflect these transient mental states. Wearable
sensors and optical motion capture offer opportunities to quantify such movement dynam-
ics and classify mental states that influence occupational performance and human–machine
interaction. We tested this possibility in a small pilot study (N = 10) designed to test
feasibility and identify preliminary movement features linked to mental states. Participants
performed a perceptual decision-making task involving facial emotion recognition (i.e.,
deciding whether depicted faces were happy versus angry) with variable levels of stress
(via a risk of electric shock), workload (via time pressure), and uncertainty (via visual
degradation of task stimuli). The time series of movement trajectories was analyzed both
holistically (full trajectory) and by phase: lowered (early), raising (middle), aiming (late),
and face-to-face (sequential). For each epoch, up to 3844 linear and non-linear features were
extracted across temporal, spectral, probability, divergence, and fractal domains. Features
were entered into a repeated 10-fold cross-validation procedure using 80/20 train/test
splits. Feature selection was conducted with the T-Rex Selector, and selected features were
used to train a scikit-learn pipeline with a Robust Scaler and a Logistic Regression classifier.
Models achieved mean ROC AUC scores as high as 0.76 for stress classification, with the
highest sensitivity during the full movement trajectory and middle (raise) phases. Classifi-
cation of workload and uncertainty states was less successful. These findings demonstrate
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the potential of movement-based sensing to infer stress states in applied settings and inform
future human–machine interface development.

Keywords: inertial measurement units; optical motion capture; cognitive state estimation;
workload; uncertainty; machine learning; movement dynamics

1. Introduction
Across occupational domains, ranging from sports to healthcare, military, and trans-

portation, individuals operate in dynamic environments that frequently induce states of
stress, variable workloads, and moments of uncertainty [1–3]. Stress often arises from
threats or risks and can trigger heightened arousal, narrowed attentional focus, and im-
paired learning and memory [4–6]. Workload reflects the cognitive demands imposed by
a task relative to an individual’s available resources, and excessive workload can impair
performance (increasing errors and response latencies) by overwhelming attentional and
executive systems [7–9]. Uncertainty occurs when information is ambiguous, incomplete,
or conflicting, and it is associated with slower decision-making, reduced confidence, and
strategic hesitation [10–12]. Due to these transient cognitive and affective states negatively
influencing cognitive function and task execution [9,13–17], the accurate, real-time detection
of these mental states can support adaptive systems that enhance safety, training, and per-
formance under pressure. Such systems may include artificial intelligence (AI)-enhanced
training simulators, stress- and workload-aware decision aids, or cognitive monitoring
modules in occupational settings.

Traditional methods for cognitive state estimation, including sensors such as electroen-
cephalography (EEG), functional near-infrared spectroscopy (fNIRS), and pupillometry,
can offer valuable insights but often require instrumentation that can be cumbersome
and sensitive to motion artifacts, limiting their applicability in naturalistic or mobile en-
vironments [18–20]. Increasingly, attention has turned to human movement sensing as
a promising alternative for assessing cognitive states. Movement-based sensing offers a
scalable and minimally intrusive alternative to conventional psychophysiological measures,
enabling cognitive-state estimation in naturalistic, mobile settings. Rooted in embodied
cognition, this approach assumes that mental states are not merely internal processes but
are expressed through and shaped by the body. Behavioral cues, such as erratic gestures
during confusion, postural stiffening under stress, or coordination shifts under cognitive
load, reflect this link [21–28].

Sensor technologies, particularly optical motion capture (OMC) and inertial measure-
ment units (IMUs), enable the high-resolution tracking of body or object movement. OMC
systems use synchronized camera arrays to track markers in 3D space with sub-millimeter
precision, ideal for simulated or constrained environments. IMUs offer mobile, lower-cost
alternatives for field use, using accelerometers, gyroscopes, and magnetometers to track
linear and angular motion. These sensing modalities enable the extraction of both linear
features (such as velocity, acceleration, and positional displacement), and non-linear fea-
tures that quantify signal complexity, predictability, and structure across time. Non-linear
metrics such as entropy, fractal dimension, and Lyapunov exponents can capture chaotic
or unstable movement patterns that may signal underlying changes in cognitive state.
Together, linear and non-linear features offer a complementary view: linear metrics capture
overt movement dynamics, while non-linear metrics may reveal subtle irregularities or
fluctuations linked to mental processes. For example, recent research has demonstrated
that non-linear features of walking, running, eye movements, brain activity, and heart rate
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have been useful for characterizing mental and physical states such as stress, workload,
uncertainty, task competence, and postural stability [29–38]. Together, linear and non-linear
features may provide unique value for mental state classification. Prioritizing these features
is critical, affording input into machine learning pipelines that classify mental states with
high temporal resolution and without the need for intrusive physiological instrumentation.

In occupational contexts, movement sensing can be used to quantify training progress,
assess coordination, and analyze task performance [39,40]. However, few studies have
examined whether dynamic whole-body movements, captured during task performance,
can serve as a real-time proxy for evolving cognitive states such as stress, uncertainty, or
workload [38]. Related work includes demonstrating postural immobility [41], posterior
sway [42,43], or increased overall postural sway [44] when encountering aversive stimuli,
and anterior sway when encountering positive or appealing stimuli [43,45]. Whereas
this prior work focuses primarily on whole-body postural sway related to emotional
experiences, herein we focus on the movement of occupational tools in response to three
additional cognitive and affective states: stress, workload, and uncertainty. Identifying
such movement-based indicators could enable early detection of cognitive strain, support
adaptive training systems, and inform the development of human–machine interfaces for
performance augmentation. These insights may also guide future integration of IMU-based
sensing in wearable systems for occupational use.

The present pilot study addresses this gap by leveraging OMC to track movement
trajectories while participants perform a decision-making task. Given the exploratory
nature and small sample size (N = 10), the study was intended to establish feasibility
and identify promising analytic approaches for future, larger-scale investigations. Partici-
pants experienced controlled manipulations of stress (via risk of electric shock), workload
(via time pressure), and uncertainty (via stimulus clarity). Movement trajectories were
segmented into task-relevant temporal phases, and several high-dimensional linear and
non-linear features were extracted across temporal, spectral, probability, divergence, and
fractal domains. Trajectory features were extracted using established Python libraries, and
predictive models were evaluated using repeated cross-validation.

We had three main hypotheses. First, that stress would be most reliably classified
from movement dynamics, relative to workload and uncertainty. Second, that predic-
tive sensitivity would peak during the controller-raising phase, reflecting anticipatory
arousal. And third, that both linear and non-linear features would contribute meaningfully
to classification.

2. Materials and Methods
We conducted a human subjects experiment to test whether features quantified from

movement dynamics afford classification of varied mental states. The study was approved
by the institutional review boards at Tufts University and the U.S. Army Combat Capabili-
ties, Army Research Laboratory (APPROVALS #24-089 and STUDY00005440).

2.1. Participants, Design & Procedure

A total of 18 (15 male, 3 female; Mean age 22.5) active duty military participants
volunteered after providing written informed consent. Ten participants had complete
datasets for analysis (8 male, 2 female; Mean age 23.3); data from eight participants were
excluded due to incomplete motion capture records or missing behavioral data, resulting
in 10 complete datasets suitable for analysis. Each participant completed two sessions on
separate days, providing 20 sessions for analysis; during each session, they completed a
perceptual decision-making task. Stress was manipulated in a within-participants manner:
one session involved an acute stress induction, while the other did not, with the order
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counterbalanced across participants. During each session, participants experienced four
conditions corresponding to the 2 × 2 within-participants design, with low versus high
workload, and low versus high uncertainty conditions.

In the stress session, participants wore a StressX Pro Belt (SETCAN Corporation,
Winnipeg, MB, Canada) that randomly administered 4–8 electric torso shocks. Shocks
were delivered using a current-limited stimulator (compliance up to 4.5 kV), with pulses of
≤150 ms, peak current limited to 1 mA, and mean delivered energy of 55 mJ per pulse. In the
no-stress session, the belt instead delivered innocuous tactile vibrations. This level of torso
shock is commonly used in research settings, is considered uncomfortable but not painful,
and carries minimal risk to participant health and safety; however, it is sufficient to increase
physiological stress responses [4,46,47]. During each session, participants performed
four testing blocks of a task involving the discrimination of happy versus angry facial
expressions (i.e., a perceptual decision-making task involving facial emotion recognition); a
total of 200 white male faces were generated with the FaceGen Modeller software (v. 3.5;
Singular Inversions, Inc., Toronto, ON, Canada). Note that we used only white male faces to
limit potential influences of sex, race, and ethnicity on emotional decision-making; intensity
of facial expressions was pilot tested to ensure reliable perceptual discrimination between
the two classes (happy, angry), even under conditions of clarity masking. Example faces
are provided in Figure 1. The four blocks corresponded to the 2 × 2 matrix of workload
(low, high) and uncertainty (low, high) conditions. Condition order was randomized for
each session.

 
Figure 1. Two example faces with happy (panels (a,c)) versus angry (panels (b,d)) facial expressions.

Each block of the perceptual decision-making task included five minutes of trials, with
each trial including a sequence of five faces. In a single trial, each of the five faces would
appear sequentially from either left-to-right or right-to-left, on a large Cave Automatic
Virtual Environment (CAVE) screen measuring 14′ wide by 8′ tall and running at 8K
resolution (with the Unity engine [48]). Based on which of the four blocks the participant
was experiencing, the faces appeared at different timing intervals corresponding to low (6 s)
or high (3.6 s) workload, and at different visual clarities corresponding to low (50% clarity)
or high (35% clarity) uncertainty. Timing intervals, clarities, and facial emotion intensities
were determined via pilot study to ensure they similarly modulated accuracy across low
versus high conditions. During trials, participants were instructed to classify each face as
happy or angry and respond by aiming a controller (KWA PTS Centurion CM4 C4-10) at
the face and either pressing a button (in response to a happy face) or pulling the trigger
(in response to an angry face). Within a trial, faces needed to be responded to in order
of appearance.

During each trial, participants would begin with the controller lowered, raise it in
response to the first face appearing, and then move it laterally to aim at and respond to each
face. The accuracy of each response was recorded alongside movements tracked with 6DOF
(roll, pitch, yaw, and x, y, z position) at 20–25 Hz via OMC (TRACKPACK/E, Advanced
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Realtime Tracking, GmbH, Weilheim, Germany). Retroreflective markers were affixed
along the longitudinal axis of the controller to capture translational and rotational motion,
with two additional off-axis markers mounted at the end of the controller at distinct lateral
offsets to disambiguate orientation. Trigger pulls were recorded by detecting a discrete
pulse emitted from an IR laser integrated into the controller (Flash Kit distributed by Laser
Ammo USA, Inc., Great Neck, NY, USA).

As manipulation checks, we measured three specific outcomes. First, we assessed the
effectiveness of our stress induction by administering the state-trait anxiety inventory (STAI-
S, [49]) before, during, and after task performance. Second, we evaluated task accuracy
under the varied workload and uncertainty conditions (i.e., low, high) to determine if task
performance was effectively degraded under high workload and uncertainty. The timeline
of the overall procedure is depicted in Figure 2.

Figure 2. Summarized timeline of the overall experimental procedure, beginning with consenting and
ending with dismissal. WL = workload, UC = uncertainty. Note that whether participants received
shock or not was balanced across sessions, and block/condition pair order was randomized.

Additional research instruments were used but not analyzed or reported herein.
These included eye-tracking glasses manufactured by SensoriMotoric Instruments (SMI;
model SMI ETG2, Boston, MA, USA), a Zephyr Bioharness (Medtronic Healthcare,
Boulder, CO, USA), the positive and negative affect schedule (PANAS, [50]), a custom
fatigue scale, a virtual reality simulator sickness questionnaire (VRSQ, [51]), and sali-
vary biosamples.

2.2. Data Processing

Data were collected from a total of 1649 trials. Each began with a lowered controller
and proceeded with decisions being made for the sequence of five faces. Each trial’s time
series of movement data was divided into multiple temporal epochs: an early lowered
epoch, a middle raising epoch, a late aiming epoch, and face-to-face decision-making
epochs (i.e., from face 1 to face 2, from face 2 to face 3, and so forth). This resulted in a total
of 7773 epochs for analysis. From these, we removed 467 epochs (i.e., 6%) with data loss
due to tracking error, and 63 trials (i.e., <1%) after manual visual inspection of trajectories
for artifacts of body repositioning, scenario pauses, or other rare events. This resulted in a
total of 7243 epochs for analysis.

To parse raise phases from the time series, we took a 6-s period before the first
decision (i.e., button press or trigger pull). To parse the raise phase into early, middle, and
late epochs, a dynamically set velocity threshold was applied per trial using a k-Means
clustering algorithm (from scikit-learn) on the velocity magnitude with two clusters for
movement and stillness. We then split each raise trial trajectory from the beginning of the
first movement to the end of the final movement as the ‘raising’ period. This allowed us
to capture the full raise segment, including any hesitations that may be present. Example
raise trial movement trajectories are depicted in Figure 3.



Sensors 2025, 25, 6990 6 of 16

  
(a) (b) 

  
(c) (d) 

Figure 3. (a–d) Example time-series raise trial movement data, demonstrating the inherent variability
of movement trajectories during raise trials, and parsed into early, middle, and late epochs.

To parse face-to-face epochs from the time series (i.e., Face 1 to Face 2, and so forth), we
used the 3-s periods before each decision was made for faces 2–5 (note that the trajectory
preceding Face 1 is included in the late aiming epoch). These inter-face epochs were
collapsed into a single face-to-face epoch for analysis; if decisions were not made (e.g., trial
timeout), these epochs were not used. Example face-to-face epoch movement trajectories
are depicted in Figure 4.

Figure 4. Example time-series face-to-face trial movement data for one consecutive set of faces.
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These four raise and face-to-face epochs were carried forward for pre-processing move-
ment trajectories. We did not analyze any trials where the participant did not respond to
the stimulus given the lack of appreciable controller movement. Upon visual inspection of
our data, all trials showed primarily translational rather than rotational movement (i.e., x-,
y-, z-axes; predominately upward or lateral). Thus, analyses are restricted to the former.

To derive features from the 7243 epoch trajectories, we leveraged three Python (v3.12)
packages: the Time Series Feature Extraction Library (TSFEL v0.2.0 [52]), the Time Series
FeatuRe Extraction on basis of Scalable Hypothesis tests library (TSFRESH v0.21.1 [53])
and the Nonlinear Analysis Core’s NONANLibrary (v2.2.0.0 [54]). Together, these pack-
ages calculate features across the probability, temporal, divergence, spectral, and fractal
domains. Parameters followed default implementations from each library’s documenta-
tion [52–54]. For example, TSFEL features were extracted with a 256-sample window and
50% overlap, and TSFRESH used standard hypothesis-testing parameters for relevance
filtering. NONAN features were computed using established chaos and fractal estimators
(e.g., Lyapunov exponent, approximate entropy). The corresponding GitHub pages of
each package contain full feature lists. Features were calculated using velocity (V) and
each of the X, Y, and Z translational axes, resulting in a maximum of 3844 features per
temporal segment (i.e., early raise, middle raise, late raise, and face-to-face). For clarity,
the Y axis reflects up/down (superior-inferior) movement, the X axis reflects left/right
(medial-lateral) movement, and the Z axis reflects forward/backward (anterior–posterior)
movement, all relative to the participant’s perspective.

Data analysis tested whether levels of stress (via threat of electric shock), workload
(via time pressure), and/or uncertainty (via visual degradation) could be reliably classified
from movement epoch features.

2.3. Data Analysis

Data analysis used a repeated (10 times) 10-fold cross-validation (i.e., 100 iterations),
using 80% of the data for training and 20% for testing in each fold. We then used the
Terminating Random Experiments Selector (T-Rex Selector) [55] for feature selection on the
training set; this selector uses dummy variables to [38,56] control the false discovery rate
(FDR), which was set at 0.05.

The features selected from the training set were used to construct a scikit-learn
(version 1.4.0) pipeline consisting of a Robust Scaler followed by a Logistic Regression
model. Using these selected features, predictions were generated with the trained pipeline.
The logistic regression classifier used an L2 penalty with the ‘lbfgs’ solver, maximum
1000 iterations, and class-balanced weighting to account for any minor label imbalance.
Parameters were selected based on conventional defaults in sci-kit-learn and validate in
prior cognitive state classification studies using similar data scales [38,56]. To prevent data
leakage across folds, all epochs from a given participant were assigned to a single partition
within each iteration such that no participant contributed data to both training and testing
sets, ensuring independence between training and test samples.

We selected logistic regression as our primary classifier due to its interpretability,
stability in small-sample contexts, and reduced risk of overfitting relative to more complex
algorithms. Given the modest size of our dataset, we did not compare multiple models, as
doing so could yield inflated performance estimates from limited data. Future work with
larger datasets will enable systematic benchmarking of alternative classifiers (e.g., SVM,
random forest, or ensemble methods) to evaluate potential performance gains.
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3. Results
Data from the three manipulation checks demonstrated generally successful stress

and uncertainty manipulations. As a pilot study with a limited sample size, results should
be interpreted cautiously and viewed as preliminary indicators of potential signal strength.
The high stress condition increased STAI scores (M = 38.4, SD = 10.6) during the task,
relative to the low stress condition (M = 33.2, SD = 7.72), with marginal significance,
F(1, 9) = 3.13, p = 0.10. The uncertainty manipulation was effective, with high uncertainty
conditions associated with significantly lower accuracy (M = 0.71, SD = 0.14) relative to
low uncertainty conditions (M = 0.84, SD = 0.11), F(1, 9) = 63.19, p < 0.001. Finally, the
workload manipulation led to numerically lower accuracy in the high (M = 0.76, SD = 0.14)
versus low (M = 0.78, SD = 0.14) workload conditions, but this difference did not reach
significance, F(1, 9) = 2.24, p < 0.17. A post hoc power analysis was conducted for the three
manipulation check ANOVAs, is detailed in Table 1. Given the small sample size of this
pilot study, the stress and workload manipulations were likely underpowered to detect
medium effects, whereas the uncertainty manipulation achieved high power.

Table 1. Results of post hoc power analyses conducted for the manipulation check ANOVAs (α = 0.05,
N = 10), including partial eta-squared values and statistical power.

F(1, 9) ηp
2 f Power

Stress 3.13 0.26 0.59 0.46
Uncertainty 63.19 0.88 2.71 0.99
Workload 2.24 0.20 0.05 0.35

ROC AUC scores are provided in Table 2. For Stress, predictive models built on
the full 6-s window of movement trajectory data achieved an average ROC AUC score
of 0.76, indicating that trajectory information captured up to six seconds prior to the
decision is effective for predicting stress levels. This predictive capability appears to be
primarily driven by the lowered (early epoch) and raise (middle epoch) movements, which
individually reached ROC AUC scores of 0.66 and 0.70, respectively.

Table 2. Mean ROC AUC scores for stress, uncertainty, and workload classification across movement
epochs. AUC (area under the ROC curve) values reflect model discriminability, where 0.5 is chance
and 1.0 is perfect classification. N/A indicates that the feature selector identified no discriminative
features, which occurs when no voting level meets the requirement that the estimated false discovery
proportion (FDP) remains below the target false discovery rate (FDR), suggesting either weak signals
or true null conditions. * = this result is due only to task demands, which necessitates faster face-to-
face responding in the high workload condition.

Full Raise Early Raise Middle Raise Late Raise Face-to-Face

Stress 0.76 0.66 0.70 0.58 0.69
Uncertainty 0.57 0.55 N/A 0.53 0.56
Workload 0.54 0.50 N/A 0.53 0.94 *

F1 scores from the 100 cross-validation iterations are depicted in Figure 5. The spread
of scores indicates consistent model reliability, with limited outliers and a median that aligns
with the overall mean. This stability suggests that the predictive model is generalizable
across different subsamples of the data, rather than overfitting to any specific partition.
Across iterations, classification metrics for stress averaged approximately 0.70–0.75 accuracy,
0.72 precision, and 0.70 recall, consistent with the observed ROC AUC of 0.76 and indicating
overall balanced sensitivity and specificity across folds.
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Figure 5. F1 scores from the 100 (10 repeated 10-fold) cross-validation iterations. Dots indicate outliers.

To illustrate model performance consistency, Figure 6 presents a representative confu-
sion matrix from a cross-validation iteration, normalized over the true labels. This iteration
achieved a notably strong ROC AUC score of 0.84, reflecting a particularly high discrimina-
tive capability. Of course, not all confusion matrices were this strong, as evidenced by the
overall mean ROC AUC score of 0.76.

Figure 6. Confusion matrix from a sample cross-validation iteration, normalized over the true labels.
The predictions from this iteration achieve an ROC AUC score of 0.84.

The most frequently selected features, from all iterations, are listed in Table 3; all
the tabulated features were selected in 100% of iterations. Note that the most frequently
selected features are derived from linear spectral analysis or basic statistical operations on
the time series. While some involve non-linear mathematical transforms (e.g., mel scaling,
absolute values), none are non-linear dynamical features in the sense of chaos or complexity
metrics such as entropy or Lyapunov exponents.

A key feature emerging across all iterations is the Spectrogram mean coefficient at
7.26 Hz, extracted from the velocity magnitude signal using the TSFEL package. This feature
consistently exhibited a positive coefficient in the Logistic Regression model, indicating
that elevated values at this frequency are predictive of increased stress. Note that other
consistently selected features (Table 3) showed variably positive or negative coefficients,
making them less straightforward to explain.
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Table 3. The most frequently selected features (selected in 100% of iterations), alongside a brief
description of feature characteristics.

Feature Analysis Package Description

Spectrogram Mean Coefficient (7.26 Hz) TSFEL The mean spectral amplitude (at 7.26 Hz) for the
velocity magnitude signal.

Spectral Amplitude Decrease TSFEL The average rate at which spectral amplitude
declines from lower to higher frequencies.

Mel-Frequency Cepstral Coefficient TSFEL The 10th mel-frequency cepstral coefficient
reflecting spectral envelope shape.

84th FFT Frequency (14 Hz) Magnitude TSFRESH
Magnitude of the 84th discrete Fourier transform

(FFT) coefficient (14 Hz) from the velocity
magnitude signal.

Minimum of X-axis Value TSFEL Minimum observed value along the X-axis signal.

53rd FFT Frequency (8.83 Hz) Magnitude TSFRESH Magnitude of the 53rd discrete FFT coefficient
(8.83 Hz) from the velocity magnitude signal.

Figure 7 presents a boxplot comparing the distributions of this key feature across
stress and no-stress conditions. The figure includes 95% confidence intervals and highlights
statistical significance at the p < 0.001 level. The clear separation between the two groups
reinforces the feature’s utility as a discriminative marker of stress. Physiologically, this
may correspond to subtle muscular tremors associated with posture maintenance, which
are known to intensify under stress conditions. While speculative, this interpretation is
supported by existing literature and aligns with prior work demonstrating the impacts of
acute stress on motor control and tremors [57–60].

Figure 7. Box plot distinguishing stress and no-stress conditions for a notable feature. Including
95% confidence intervals and an indication of pairwise statistical significance (** p < 0.001). Dots
indicate outliers.

In contrast, models predicting Uncertainty and Workload did not yield significant per-
formance. As shown in Table 2, ROC AUC scores for these conditions rarely exceeded 0.57,
and in some cases, feature selection failed entirely, suggesting either a lack of distinguish-
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able signal within the movement data or limitations in capturing these psychological states
through trajectory-based features alone.

4. Discussion
Results of this initial pilot study demonstrate that high-resolution movement dynam-

ics, captured via OMC, can serve as reliable indicators of acute stress during a simulated
perceptual decision-making task involving facial emotion recognition. Given the modest pi-
lot sample size (N = 10) and power analysis outcomes, these findings should be interpreted
as preliminary and hypothesis-generating. Larger samples will be required to confirm
the reliability of the observed stress-related movement patterns. Using a rich set of linear
and non-linear features extracted from temporally segmented trajectories, we were able
to classify stress states with moderate to high accuracy (ROC AUC = 0.76), particularly
during the early and middle epochs. In contrast, classification models for uncertainty and
workload failed to reach meaningful predictive performance; this was not particularly sur-
prising given that these two variables were not robustly manipulated. That limitation aside,
this pattern could suggest that movement-based indicators are more tightly coupled with
stress-related arousal than with task-related ambiguity or cognitive demand in this context.

The finding that movement trajectories, particularly during the early and middle
stages of the controller raise, were predictive of stress aligns with the embodied cognition
framework, which posits that mental states are reflected in motor behavior [26,61,62]. The
consistent emergence of a velocity-domain feature (Spectrogram mean coefficient at 7.26 Hz)
as a reliable stress marker may point to subtle oscillatory dynamics or microtremors induced
by heightened neuromuscular tension under stress. Such stress-related movement variabil-
ity likely reflects increased sympathetic activation affecting fine motor stability, consistent
with prior evidence linking arousal to motor jitter and co-contraction patterns [13,21,57,60].
The spectrogram mean coefficient reflects average signal power within a narrow frequency
band, and elevated power near 7 Hz may indicate transient oscillatory instabilities or
micromovements during posture transitions [58,60]. These frequency components may be
linked to increased co-contraction of muscle groups or involuntary motor unit firing under
stress, consistent with prior research showing that stress alters neuromuscular control
strategies [63]. In the context of the raising phase, such perturbations could represent subtle
tremor-like dynamics superimposed on otherwise smooth movement, offering a physiolog-
ically plausible marker of acute stress. These findings build upon prior work linking gross
motor variability to stress and extend this literature by demonstrating sensitivity within
a tightly controlled, goal-directed, upper-body movement context [21,22]. Notably, the
stress signal was strongest during the raising phase, likely reflecting anticipatory arousal
and preparatory control, rather than stimulus-driven decision-making [13,64]; it is also the
longest continuous movement epoch, providing a rich time series that extended across
vertical space. Early movement phases during perceptual decision-making tasks may be a
window into pre-conscious motoric stress responses.

Contrary to our hypotheses, movement trajectories failed to yield reliable classifiers for
workload and uncertainty. This likely reflects that the time-pressure manipulation, while
effective in pilot testing, did not elicit a significant behavioral change in accuracy. Future
studies should employ more immersive or sustained workload demands; for example,
multitasking, dual-task tracking, or resource-sharing paradigms, which may evoke stronger
workload effects, with downstream consequences for movement dynamics. This may re-
flect either limitations in how these mental states manifest behaviorally or inadequacies in
the current sensing or feature extraction approach. While stress is known to elicit global
changes in muscular tension, posture, and movement vigor, workload and uncertainty may
influence more internal cognitive operations (such as attentional allocation, executive con-
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trol, or decision latency) that are not readily detectable through pre-decisional gross motor
features alone. Alternatively, the lack of predictive power could reflect the constrained
movement space inherent in the controller-based task, which may have limited expression
of compensatory strategies or behavioral adaptations to cognitive strain. It is also possible
that workload and uncertainty modulate movement dynamics only under more prolonged,
intense, or ecologically complex task settings, or that individual differences in working
memory capacity or strategy use attenuated consistent expression of movement-based
markers. Indeed, whereas our manipulation checks demonstrated the success of our stress
and uncertainty manipulations, our workload manipulation numerically altered task accu-
racy but this difference was non-significant. More intense workload manipulations may
lead to different results.

This study contributes to a growing body of work suggesting that whole-body
or object-based movement trajectories can be used to infer internal cognitive-affective
states [38,56,65–67]. Unlike traditional psychophysiological methods, movement tracking
(particularly with IMUs) offers a scalable and minimally intrusive means of state assess-
ment, particularly valuable in real-world occupational settings where other state sensing
modalities may prove impractical. Our results highlight the utility of combining temporal
segmentation with a broad feature extraction approach to capture both overt movement
dynamics and hidden non-linear patterns. Importantly, our use of repeated cross-validation
and a conservative feature selection approach (T-Rex Selector) reduces the risk of over-
fitting and provides confidence in the generalizability of findings across individuals and
over time.

The specificity of movement-based features to stress, rather than workload or uncer-
tainty, highlights the need to consider the phenomenology of each mental state and its
likely behavioral correlates. Stress, as a physiological and psychological response to threat,
appears more likely to manifest in muscle activation and subtle movement jitter than are
states like uncertainty, which may involve more covert deliberative processes [10,17,38,60].
Future studies may benefit from multimodal approaches that pair movement data with eye
tracking, voice analysis, or peripheral physiological signals to capture a broader array of
cognitive-affective states [19,20,38].

Several limitations warrant caution in interpreting these findings. First, as a pilot study,
the modest sample size and homogeneity of the participant pool may limit generalizability.
The study was designed only to test analytic feasibility and identify candidate movement
features for follow-on validation. Future work should increase participant numbers using
high-throughput IMU-based data collection or multi-site collaborations to improve sample
diversity (e.g., to balance male/female ratio, increase age range) and increase statistical
power. Replication in larger, more diverse cohorts will be important for confirming ro-
bustness of our findings and population-level generalizability. Second, while the task was
well-controlled, it may not reflect the full complexity of real-world contexts where stress,
workload, and uncertainty co-occur dynamically and vary over longer timescales wherein
neuromuscular fatigue may cooccur. Third, our labels for stress, workload, and uncertainty
were derived from experimental manipulations rather than subjective or continuous self-
reports, potentially limiting granularity and relevance to phenomenological expressions
of these states. Integrating concurrent subjective or physiological measures would allow
calibration between experimentally imposed and self-experienced stress, workload, and
uncertainty. Fourth, although the predictive model performed well for stress, it remains
correlational in nature, and the underlying mechanisms linking specific movement patterns
to internal states require further elucidation, potentially via neurophysiological validation.
Finally, our use of logistic regression prioritized model interpretability and stability over
marginal accuracy gains from more complex algorithms. Future work with larger, more
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balanced datasets could explore ensemble and kernel-based methods to assess potential
performance improvements.

Although the facial emotion recognition task provided precise experimental control,
it represents a simplified abstraction of occupational performance. Translating these find-
ings to dynamic, real-world settings will require adapting movement-sensing systems to
unconstrained environments and integrating with context-aware data streams. Future
work should explore how movement-related features interact with other sensor modali-
ties, examine generalizability across tasks and populations, and evaluate the feasibility of
real-time state detection in training settings and field-deployable systems using IMUs or
camera-based systems. There is also promise in applying deep learning approaches capable
of learning latent features from raw time series, although care must be taken to ensure
interpretability and avoid overfitting. Indeed, the current analytic approach provides
relatively high transparency and interpretability, identifying concrete linear and non-linear
features that can be explored in future work.

5. Conclusions
In conclusion, this pilot study provides preliminary evidence that some cognitive states

may be inferable from fine-grained features of movement during a stressful perceptual
decision-making task. These findings support the potential of movement-based sensing as
a low-burden method for real-time cognitive state monitoring and inspire future sensor
integration into adaptive training or performance augmentation systems. The failure to
classify workload and uncertainty points to the complexity of behavioral correlates of
cognition and suggests the need for multimodal and task-specific sensing approaches.
Overall, this work contributes to the development of next-generation human–machine
systems that are sensitive to the fluctuating cognitive state of the user.

Author Contributions: Conceptualization, T.T.B. and G.I.H.; methodology, T.T.B., L.N.T., G.I.H.
and K.O.; formal analysis, J.M.; data curation, T.T.B., K.O., M.K.S., M.M.L., M.S. and G.I.H.;
writing—original draft preparation, T.T.B., M.K.S. and J.M.; writing—review and editing, K.O.,
L.N.T., M.M.L., M.S. and G.I.H.; visualization, J.M.; supervision, T.T.B.; funding acquisition, T.T.B.
and G.I.H. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the U.S. Army DEVCOM Soldier Center, grant number
W911-QY-19-R-0003 (awarded to Tufts University). The views expressed in this article are solely
those of the authors and do not reflect the official policies or positions of the Department of Army,
the Department of Defense, or any other department or agency of the U.S. government.

Institutional Review Board Statement: This study was conducted in accordance with the Declaration
of Helsinki and approved by the Institutional Review Board of the U.S. Army Combat Capabilities
Command Army Research Laboratory (protocol code #24-089, approved 10 October 2024) and Tufts
University (protocol code STUDY00005440, approved 13 December 2024).

Informed Consent Statement: Informed consent was obtained from all subjects involved in this study.

Data Availability Statement: Given the highly specialized and potentially sensitive nature of partic-
ipants (i.e., military personnel) and the relatively small sample size that can lead to unintentional
identity ascertainment, deidentified data are only available by request to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest. Staff from the funding agency
(T.T.B., G.I.H., and L.N.T.) played a role in the design of the study; in the collection, analyses, and
interpretation of data; in the writing of the manuscript; and in the decision to publish the results.



Sensors 2025, 25, 6990 14 of 16

Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
CAVE Cave Automatic Virtual Environment
EEG Electroencephalography
DEVCOM Combat Capabilities Development Command
fNIRS Functional Near-Infrared Spectroscopy
FDP False Discovery Proportion
FDR False Discovery Rate
FFT Fast Fourier Transform
IMU Inertial Measurement Unit
IR Infrared
NONAN Nonlinear Analysis Core
OMC Optical Motion Capture
PANAS Positive and Negative Affect Schedule
ROC Receiver Operating Characteristic
AUC Area Under the Curve
SMI SensoMotoric Instruments
STAI State-Trait Anxiety Inventory
TSFEL Time Series Feature Extraction Library
TSFRESH Time Series Feature Extraction on basis of Scalable Hypothesis tests
VRSQ Virtual Reality Sickness Questionnaire
6DOFs Six Degrees of Freedom

References
1. MacDonald, W. The Impact of Job Demands and Workload on Stress and Fatigue|EBSCOhost. Available online:

https://openurl.ebsco.com/contentitem/doi:10.1080%2F00050060310001707107?sid=ebsco:plink:crawler&id=ebsco:doi:10.1080%
2F00050060310001707107 (accessed on 11 August 2025).

2. Liu, D.; Peterson, T.; Vincenzi, D.; Doherty, S. Effect of Time Pressure and Target Uncertainty on Human Operator Performance
and Workload for Autonomous Unmanned Aerial System. Int. J. Ind. Ergon. 2016, 51, 52–58. [CrossRef]

3. Phillips-Wren, G.; Adya, M. Decision Making under Stress: The Role of Information Overload, Time Pressure, Complexity, and
Uncertainty. J. Decis. Syst. 2020, 29, 213–225. [CrossRef]

4. Brunyé, T.T.; Goring, S.A.; Navarro, E.; Hart-Pomerantz, H.; Grekin, S.; McKinlay, A.M.; Plessow, F. Identifying the Most Effective
Acute Stress Induction Methods for Producing SAM- and HPA-Related Physiological Responses: A Meta-Analysis. Anxiety Stress
Coping 2025, 38, 263–285. [CrossRef]

5. Russell, G.; Lightman, S. The Human Stress Response. Nat. Rev. Endocrinol. 2019, 15, 525–534. [CrossRef]
6. Oken, B.S.; Chamine, I.; Wakeland, W. A Systems Approach to Stress, Stressors and Resilience in Humans. Behav. Brain Res. 2015,

282, 144–154. [CrossRef] [PubMed]
7. Plass, J.L.; Moreno, R.; Brünken, R. Cognitive Load Theory; Cambridge University Press: Cambridge, UK, 2010; ISBN 978-0-521-

86023-9.
8. Sweller, J. Chapter Two—Cognitive Load Theory. In Psychology of Learning and Motivation; Mestre, J.P., Ross, B.H., Eds.; Academic

Press: Cambridge, MA, USA, 2011; Volume 55, pp. 37–76.
9. Engström, J.; Markkula, G.; Victor, T.; Merat, N. Effects of Cognitive Load on Driving Performance: The Cognitive Control

Hypothesis. Hum. Factors 2017, 59, 734–764. [CrossRef]
10. Brunyé, T.T.; Gardony, A.L. Eye Tracking Measures of Uncertainty during Perceptual Decision Making. Int. J. Psychophysiol. 2017,

120, 60–68. [CrossRef]
11. Aston, S.; Nardini, M.; Beierholm, U. Different Types of Uncertainty in Multisensory Perceptual Decision Making. Philos. Trans. R.

Soc. B Biol. Sci. 2023, 378, 20220349. [CrossRef] [PubMed]
12. Peterson, D.K.; Pitz, G.F. Confidence, Uncertainty, and the Use of Information. J. Exp. Psychol. Learn. Mem. Cogn. 1988, 14, 85–92.

[CrossRef]
13. Vine, S.J.; Moore, L.J.; Wilson, M.R. An Integrative Framework of Stress, Attention, and Visuomotor Performance. Front. Psychol.

2016, 7, 1671. [CrossRef] [PubMed]

https://openurl.ebsco.com/contentitem/doi:10.1080/00050060310001707107?sid=ebsco:plink:crawler&id=ebsco:doi:10.1080/00050060310001707107
https://openurl.ebsco.com/contentitem/doi:10.1080/00050060310001707107?sid=ebsco:plink:crawler&id=ebsco:doi:10.1080/00050060310001707107
https://doi.org/10.1016/j.ergon.2015.01.010
https://doi.org/10.1080/12460125.2020.1768680
https://doi.org/10.1080/10615806.2025.2450620
https://doi.org/10.1038/s41574-019-0228-0
https://doi.org/10.1016/j.bbr.2014.12.047
https://www.ncbi.nlm.nih.gov/pubmed/25549855
https://doi.org/10.1177/0018720817690639
https://doi.org/10.1016/j.ijpsycho.2017.07.008
https://doi.org/10.1098/rstb.2022.0349
https://www.ncbi.nlm.nih.gov/pubmed/37545308
https://doi.org/10.1037/0278-7393.14.1.85
https://doi.org/10.3389/fpsyg.2016.01671
https://www.ncbi.nlm.nih.gov/pubmed/27847484


Sensors 2025, 25, 6990 15 of 16

14. Brunyé, T.T.; Goring, S.A.; Cantelon, J.A.; Eddy, M.D.; Elkin-Frankston, S.; Elmore, W.R.; Giles, G.E.; Hancock, C.L.; Masud, S.B.;
McIntyre, J.; et al. Trait-Level Predictors of Human Performance Outcomes in Personnel Engaged in Stressful Laboratory and
Field Tasks. Front. Psychol. 2024, 15, 1449200. [CrossRef]

15. Bruggen, A. An Empirical Investigation of the Relationship between Workload and Performance. Manag. Decis. 2015, 53,
2377–2389. [CrossRef]

16. Smith, J.D.; Jackson, B.N.; Church, B.A. The Cognitive Architecture of Uncertainty. Anim. Behav. Cogn. 2019, 6, 236–246. [CrossRef]
17. Morgado, P.; Sousa, N.; Cerqueira, J.J. The Impact of Stress in Decision Making in the Context of Uncertainty. J. Neurosci. Res.

2015, 93, 839–847. [CrossRef]
18. Seok, D.; Lee, S.; Kim, M.; Cho, J.; Kim, C. Motion Artifact Removal Techniques for Wearable EEG and PPG Sensor Systems. Front.

Electron. 2021, 2, 685513. [CrossRef]
19. Peck, E.M.; Afergan, D.; Yuksel, B.F.; Lalooses, F.; Jacob, R.J.K. Using fNIRS to Measure Mental Workload in the Real World.

In Advances in Physiological Computing; Fairclough, S.H., Gilleade, K., Eds.; Springer: London, UK, 2014; pp. 117–139; ISBN
978-1-4471-6392-3.

20. Sirois, S.; Brisson, J. Pupillometry. WIREs Cogn. Sci. 2014, 5, 679–692. [CrossRef] [PubMed]
21. Doumas, M.; Morsanyi, K.; Young, W.R. Cognitively and Socially Induced Stress Affects Postural Control. Exp. Brain Res. 2018,

236, 305–314. [CrossRef] [PubMed]
22. Richer, R.; Koch, V.; Abel, L.; Hauck, F.; Kurz, M.; Ringgold, V.; Müller, V.; Küderle, A.; Schindler-Gmelch, L.; Eskofier, B.M.; et al.

Machine Learning-Based Detection of Acute Psychosocial Stress from Body Posture and Movements. Sci. Rep. 2024, 14, 8251.
[CrossRef]

23. Ghanavati, T.; Salavati, M.; Karimi, N.; Negahban, H.; Ebrahimi Takamjani, I.; Mehravar, M.; Hessam, M. Intra-Limb Coordination
While Walking Is Affected by Cognitive Load and Walking Speed. J. Biomech. 2014, 47, 2300–2305. [CrossRef]

24. Mitra, S.; Knight, A.; Munn, A. Divergent Effects of Cognitive Load on Quiet Stance and Task-Linked Postural Coordination. J.
Exp. Psychol. Hum. Percept. Perform. 2013, 39, 323–328. [CrossRef]

25. Givens, D.B.; White, J. The Routledge Dictionary of Nonverbal Communication; Routledge: London, UK, 2021; ISBN 978-0-429-29366-5.
26. Hutchins, E.; Palen, L. Constructing Meaning from Space, Gesture, and Speech. In Discourse, Tools and Reasoning: Essays on Situated

Cognition; Resnick, L.B., Säljö, R., Pontecorvo, C., Burge, B., Eds.; NATO ASI Series; Springer: Berlin/Heidelberg, Germany, 1997;
pp. 23–40; ISBN 978-3-662-03362-3.

27. Melinger, A.; Levelt, W.J.M. Gesture and the Communicative Intention of the Speaker. Gesture 2004, 4, 119–141. [CrossRef]
28. Brunyé, T.T.; Haga, Z.D.; Houck, L.A.; Taylor, H.A. You Look Lost: Understanding Uncertainty and Representational Flexibility

in Navigation. In Representations in Mind and World: Essays Inspired by Barbara Tversky; Zacks, J.M., Taylor, H.A., Eds.; Routledge:
New York, NY, USA, 2017; pp. 42–56; ISBN 978-1-315-16978-1.

29. Lorås, H.; Sandseter, E.B.H.; Sando, O.J.; Storli, L. Distinct Clusters of Movement Entropy in Children’s Exploration of a Virtual
Reality Balance Beam. Front. Psychol. 2023, 14, 1227469. [CrossRef]

30. Goodridge, C.M.; Gonçalves, R.C.; Arabian, A.; Horrobin, A.; Solernou, A.; Lee, Y.T.; Lee, Y.M.; Madigan, R.; Merat, N. Gaze
Entropy Metrics for Mental Workload Estimation Are Heterogenous during Hands-off Level 2 Automation. Accid. Anal. Prev.
2024, 202, 107560. [CrossRef]

31. Keshmiri, S. Entropy and the Brain: An Overview. Entropy 2020, 22, 917. [CrossRef]
32. Valenza, G.; Allegrini, P.; Lanatà, A.; Scilingo, E.P. Dominant Lyapunov Exponent and Approximate Entropy in Heart Rate

Variability during Emotional Visual Elicitation. Front. Neuroeng. 2012, 5, 3. [CrossRef] [PubMed]
33. Parbat, D.; Chakraborty, M. A Novel Methodology to Study the Cognitive Load Induced EEG Complexity Changes: Chaos,

Fractal and Entropy Based Approach. Biomed. Signal Process. Control. 2021, 64, 102277. [CrossRef]
34. Ekizos, A.; Santuz, A.; Schroll, A.; Arampatzis, A. The Maximum Lyapunov Exponent During Walking and Running: Reliability

Assessment of Different Marker-Sets. Front. Physiol. 2018, 9, 1101. [CrossRef] [PubMed]
35. Winter, L.; Taylor, P.; Bellenger, C.; Grimshaw, P.; Crowther, R.G. The Application of the Lyapunov Exponent to Analyse Human

Performance: A Systematic Review. J. Sports Sci. 2023, 41, 1994–2013. [CrossRef]
36. Richman, J.S.; Moorman, J.R. Physiological Time-Series Analysis Using Approximate Entropy and Sample Entropy. Am. J. Physiol.

Heart Circ. Physiol. 2000, 278, H2039–H2049. [CrossRef] [PubMed]
37. Lau, Z.J.; Pham, T.; Chen, S.H.A.; Makowski, D. Brain Entropy, Fractal Dimensions and Predictability: A Review of Complexity

Measures for EEG in Healthy and Neuropsychiatric Populations. Eur. J. Neurosci. 2022, 56, 5047–5069. [CrossRef]
38. Brunyé, T.T.; McIntyre, J.; Hughes, G.I.; Miller, E.L. Movement Sensing Opportunities for Monitoring Dynamic Cognitive States.

Sensors 2024, 24, 7530. [CrossRef]
39. Biggs, A.T. Developing Scenarios That Evoke Shoot/Don’t-Shoot Errors. Appl. Ergon. 2021, 94, 103397. [CrossRef]
40. Chung, G.K.W.K.; De La Cruz, G.C.; de Vries, L.F.; Kim, J.-O.; Bewley, W.L.; de Souza e Silva, A.; Sylvester, R.M.; Baker, E.L.

Determinants of Rifle Marksmanship Performance: Predicting Shooting Performance with Advanced Distributed Learning Assessments;
University of California Los Angeles: Los Angeles, CA, USA, 2004.

https://doi.org/10.3389/fpsyg.2024.1449200
https://doi.org/10.1108/MD-02-2015-0063
https://doi.org/10.26451/abc.06.04.03.2019
https://doi.org/10.1002/jnr.23521
https://doi.org/10.3389/felec.2021.685513
https://doi.org/10.1002/wcs.1323
https://www.ncbi.nlm.nih.gov/pubmed/26308873
https://doi.org/10.1007/s00221-017-5128-8
https://www.ncbi.nlm.nih.gov/pubmed/29138872
https://doi.org/10.1038/s41598-024-59043-1
https://doi.org/10.1016/j.jbiomech.2014.04.038
https://doi.org/10.1037/a0030588
https://doi.org/10.1075/gest.4.2.02mel
https://doi.org/10.3389/fpsyg.2023.1227469
https://doi.org/10.1016/j.aap.2024.107560
https://doi.org/10.3390/e22090917
https://doi.org/10.3389/fneng.2012.00003
https://www.ncbi.nlm.nih.gov/pubmed/22393320
https://doi.org/10.1016/j.bspc.2020.102277
https://doi.org/10.3389/fphys.2018.01101
https://www.ncbi.nlm.nih.gov/pubmed/30197597
https://doi.org/10.1080/02640414.2024.2308441
https://doi.org/10.1152/ajpheart.2000.278.6.H2039
https://www.ncbi.nlm.nih.gov/pubmed/10843903
https://doi.org/10.1111/ejn.15800
https://doi.org/10.3390/s24237530
https://doi.org/10.1016/j.apergo.2021.103397


Sensors 2025, 25, 6990 16 of 16

41. Azevedo, T.M.; Volchan, E.; Imbiriba, L.A.; Rodrigues, E.C.; Oliveira, J.M.; Oliveira, L.F.; Lutterbach, L.G.; Vargas, C.D. A
Freezing-like Posture to Pictures of Mutilation. Psychophysiology 2005, 42, 255–260. [CrossRef]

42. Woodward, S.H.; Shurick, A.A.; Alvarez, J.; Kuo, J.; Nonyieva, Y.; Blechert, J.; McRae, K.; Gross, J.J. Seated Movement Indexes
Emotion and Its Regulation in Posttraumatic Stress Disorder. Psychophysiology 2015, 52, 679–686. [CrossRef] [PubMed]

43. Brunyé, T.T.; Hayes, J.F.; Mahoney, C.R.; Gardony, A.L.; Taylor, H.A.; Kanarek, R.B. Get in My Belly: Food Preferences Trigger
Approach and Avoidant Postural Asymmetries. PLoS ONE 2013, 8, e72432. [CrossRef]

44. Kosonogov, V.; Martínez-Selva, J.M.; Torrente, G.; Carrillo-Verdejo, E.; Arenas, A.; Sánchez-Navarro, J.P. Head Motion Elicited by
Viewing Affective Pictures as Measured by a New LED-Based Technique. Multisensory Res. 2019, 32, 575–588. [CrossRef]

45. Behnke, M.; Bianchi-Berthouze, N.; Kaczmarek, L.D. Head Movement Differs for Positive and Negative Emotions in Video
Recordings of Sitting Individuals. Sci. Rep. 2021, 11, 7405. [CrossRef] [PubMed]

46. Brunyé, T.T.; Giles, G.E. Methods for Eliciting and Measuring Behavioral and Physiological Consequences of Stress and Uncer-
tainty in Virtual Reality. Front. Virtual Real. 2023, 4, 951435. [CrossRef]

47. Okano, K.; Lee, M.M.; Hart-Pomerantz, H.; Smith, M.; Sandone, M.K.; Harvey, T.; Brunyé, T.T. Effects of Repeated Cranial
Electrotherapy Stimulation on Physiological and Behavioral Responses to Acute Stress: A Double-Blind Randomized Clinical
Trial. Front. Hum. Neurosci. 2025, 19, 1641801. [CrossRef] [PubMed]

48. Unity Technologies, Inc. Unity3d Engine 2022. Available online: https://unity.com/releases/editor/whats-
new/2022.3.62f3#notes (accessed on 11 August 2025).

49. Spielberger, C.D.; Gorsuch, R.L.; Lushene, P.R.; Vagg, P.R.; Jacobs, G.A. Manual for the State-Trait Anxiety Inventory; Consulting
Psychologists Press: Palo Alto, CA, USA, 1983.

50. Watson, D.; Clark, L.A.; Tellegen, A. Development and Validation of Brief Measures of Positive and Negative Affect: The PANAS
Scales. J. Personal. Soc. Psychol. 1988, 54, 1063–1070. [CrossRef]

51. Kim, H.K.; Park, J.; Choi, Y.; Choe, M. Virtual Reality Sickness Questionnaire (VRSQ): Motion Sickness Measurement Index in a
Virtual Reality Environment. Appl. Ergon. 2018, 69, 66–73. [CrossRef]

52. Barandas, M.; Folgado, D.; Fernandes, L.; Santos, S.; Abreu, M.; Bota, P.; Liu, H.; Schultz, T.; Gamboa, H. TSFEL: Time Series
Feature Extraction Library. SoftwareX 2020, 11, 100456. [CrossRef]

53. Christ, M.; Braun, N.; Neuffer, J.; Kempa-Liehr, A.W. Time Series FeatuRe Extraction on Basis of Scalable Hypothesis Tests
(Tsfresh—A Python Package). Neurocomputing 2018, 307, 72–77. [CrossRef]

54. UNO Biomechanics Nonlinear-Analysis-Core/NONANLibrary 2020. Available online: https://www.mathworks.com/matlabcentral
/fileexchange/71907-uno-biomechanics-nonlinear-analysis-toolbox (accessed on 11 August 2025).

55. Machkour, J.; Muma, M.; Palomar, D.P. The Terminating-Random Experiments Selector: Fast High-Dimensional Variable Selection
with False Discovery Rate Control. Signal Process. 2022, 231, 109894. [CrossRef]

56. Koenig-Robert, R.; Quek, G.L.; Grootswagers, T.; Varlet, M. Movement Trajectories as a Window into the Dynamics of Emerging
Neural Representations. Sci. Rep. 2024, 14, 11499. [CrossRef] [PubMed]

57. Saleh, S.M.; Mahdi, A.; Kamel, A.Z.; Jawad, H.F.; Saad, A. Prevalence and Factors Associated with Enhanced Physiologic Tremor
among Health Personnel: A Cross-Sectional Study. Int. J. Occup. Saf. Ergon. 2025, 1–8. [CrossRef] [PubMed]

58. Hwang, I.-S.; Chen, Y.-C.; Wu, P.-S. Differential Load Impact upon Arm Tremor Dynamics and Coordinative Strategy between
Postural Holding and Position Tracking. Eur. J. Appl. Physiol. 2009, 105, 945–957. [CrossRef]

59. Charles, P.D.; Esper, G.J.; Davis, T.L.; Maciunas, R.J.; Robertson, D. Classification of Tremor and Update on Treatment. Am. Fam.
Physician 1999, 59, 1565–1572. [PubMed]

60. Budini, F.; Mocnik, R.; Tilp, M.; Crognale, D. Mental Calculation Increases Physiological Postural Tremor, but Does Not Influence
Physiological Goal-Directed Kinetic Tremor. Eur. J. Appl. Physiol. 2022, 122, 2661–2671. [CrossRef]

61. Wilson, M. Six Views of Embodied Cognition. Psychon. Bull. Rev. 2002, 9, 625–636. [CrossRef]
62. Dove, G. On the Need for Embodied and Dis-Embodied Cognition. Front. Psychol. 2010, 1, 242. [CrossRef]
63. Lakie, M. The Influence of Muscle Tremor on Shooting Performance. Exp. Physiol. 2010, 95, 441–450. [CrossRef]
64. Nieuwenhuys, A.; Oudejans, R.R.D. Anxiety and Perceptual-Motor Performance: Toward an Integrated Model of Concepts,

Mechanisms, and Processes. Psychol. Res. 2012, 76, 747–759. [CrossRef]
65. Freeman, J.B.; Ambady, N. MouseTracker: Software for Studying Real-Time Mental Processing Using a Computer Mouse-Tracking

Method. Behav. Res. Methods 2010, 42, 226–241. [CrossRef] [PubMed]
66. Freeman, J.; Dale, R.; Farmer, T. Hand in Motion Reveals Mind in Motion. Front. Psychol. 2011, 2, 59. [CrossRef] [PubMed]
67. Balaban, C.D.; Cohn, J.; Redfern, M.S.; Prinkey, J.; Stripling, R.; Hoffer, M. Postural Control as a Probe for Cognitive State:

Exploiting Human Information Processing to Enhance Performance. Int. J. Hum.–Comput. Interact. 2004, 17, 275–286. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1111/j.1469-8986.2005.00287.x
https://doi.org/10.1111/psyp.12386
https://www.ncbi.nlm.nih.gov/pubmed/25440497
https://doi.org/10.1371/journal.pone.0072432
https://doi.org/10.1163/22134808-20191363
https://doi.org/10.1038/s41598-021-86841-8
https://www.ncbi.nlm.nih.gov/pubmed/33795799
https://doi.org/10.3389/frvir.2023.951435
https://doi.org/10.3389/fnhum.2025.1641801
https://www.ncbi.nlm.nih.gov/pubmed/40881935
https://unity.com/releases/editor/whats-new/2022.3.62f3#notes
https://unity.com/releases/editor/whats-new/2022.3.62f3#notes
https://doi.org/10.1037/0022-3514.54.6.1063
https://doi.org/10.1016/j.apergo.2017.12.016
https://doi.org/10.1016/j.softx.2020.100456
https://doi.org/10.1016/j.neucom.2018.03.067
https://www.mathworks.com/matlabcentral/fileexchange/71907-uno-biomechanics-nonlinear-analysis-toolbox
https://www.mathworks.com/matlabcentral/fileexchange/71907-uno-biomechanics-nonlinear-analysis-toolbox
https://doi.org/10.1016/j.sigpro.2025.109894
https://doi.org/10.1038/s41598-024-62135-7
https://www.ncbi.nlm.nih.gov/pubmed/38769313
https://doi.org/10.1080/10803548.2025.2499312
https://www.ncbi.nlm.nih.gov/pubmed/40384531
https://doi.org/10.1007/s00421-009-0981-1
https://www.ncbi.nlm.nih.gov/pubmed/10193597
https://doi.org/10.1007/s00421-022-05039-6
https://doi.org/10.3758/BF03196322
https://doi.org/10.3389/fpsyg.2010.00242
https://doi.org/10.1113/expphysiol.2009.047555
https://doi.org/10.1007/s00426-011-0384-x
https://doi.org/10.3758/BRM.42.1.226
https://www.ncbi.nlm.nih.gov/pubmed/20160302
https://doi.org/10.3389/fpsyg.2011.00059
https://www.ncbi.nlm.nih.gov/pubmed/21687437
https://doi.org/10.1207/s15327590ijhc1702_9

	Introduction 
	Materials and Methods 
	Participants, Design & Procedure 
	Data Processing 
	Data Analysis 

	Results 
	Discussion 
	Conclusions 
	References

