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Abstract

Understanding cognitive load in Augmented Reality (AR) applications
has become increasingly relevant, especially within assembly instruction
systems. To effectively address this challenge, we designed an experiment
employing a task that shares key cognitive and motor characteristics with
industrial assembly processes and can be manipulated to induce low and
high levels of cognitive load. Participants completed tangram puzzles across
two sessions representing these load levels. We collected physiological and
movement data from wearable devices, including the Microsoft HoloLens
2 and Empatica E4, alongside NASA Task Load Index (NASA-TLX)
scores and task completion times. Machine learning models trained on
movement data (head, hand, and eye tracking from the HoloLens) achieved
the highest classification F1 score of 0.886, outperforming combined sensor
data and physiological data alone. NASA-TLX scores and task completion
times validated the experimental manipulation of cognitive load. Our
findings provide evidence that movement data captured via AR headsets
can effectively detect cognitive load, with implications for adaptive AR
assembly systems.

1 Introduction

AR has gained significant attention for interactive assembly instructions,
aiming to improve user experience compared to traditional methods [6, 12
14]. However, the extent to which these improvements have been achieved
remains uncertain, underscoring the need for rigorous evaluation.
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Evaluations typically rely on performance outcomes or user experience
metrics [9], [36], predominantly Cognitive Load (CL) [3I]. Accurate CL
estimation is crucial, as high load correlates with undesired outcomes
such as workplace accidents and reduced satisfaction [5] 13} [26], whereas
optimized CL enhances motivation and engagement [2, [37, [38].

While self-reports like NASA-TLX [15] are common, they are sub-
jective and fail to capture continuous cognitive fluctuations due to their
retrospective nature [30]. Physiological measures allow continuous monitor-
ing [T Bl 27] but often require intrusive hardware. Conversely, movement
data embedded in AR headsets offers a non-intrusive alternative [17]. While
eye movements have been used to estimate cognitive states Majumdar
et al. [I9], Melo et al. [21], Tanaka et al. [34], the use of comprehensive
body movements to estimate CL remains largely unexplored, presenting
an opportunity for device-free estimation.

To reliably infer CL from physiological and movement data, we require
a dataset correlating these measures with established CL conditions, a
resource currently lacking for manual assembly contexts. To address this
gap, we engaged participants in solving tangram puzzles, serving as proxy
for scenarios where objects of comparable size require manual assembly.
By varying puzzle complexity, we created two experimental conditions
representing high and low CL. We validated the experimental manipulation
using NASA-TLX-scores and completion times, while simultaneously
recording multi-modal data. Specifically, we captured movement data
with a Microsoft HoloLens 2 AR headset and physiological signals with an
Empatica E4 wristband.

Our central research question explores whether CL can be accurately
classified using movement data captured by an AR headset, leveraging
machine learning techniques. The following are the two main primary
contributions (C1-C2) of this study:

C1l. Introduce a resource-efficient approach for detecting CL
using only movement data from an AR headset. Our findings
demonstrate that models trained on data from the integrated sensors
of the HoloLens 2 can reliably classify cognitive load. This eliminates
the need for additional physiological sensors, or a separate workstation
for off-device processing, making the approach suitable for resource-
constrained environments.

C2. We make our AR headset and wristband dataset publicly
available El. We provide a consistent and reusable resource linking
physiological and movement data to high and low cognitive load,
enabling future studies to evaluate CL during manual assembly tasks
and facilitating the development of adaptive assistance systems.

2 Related Work

To contextualize our approach, we first review the literature on AR-based
instructional systems and their evaluation in industrial settings, followed

"Public Dataset: https://osf.io/45tjp
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Table 1: Comparison of CL estimation studies to AR-based assembly scenarios.

Study Reference N AR Assmb. Perf. Subj. Phys. Movt. Public
Liang et al. [18] 11 X X X X X v X
Vanneste et al. [35] 46 X v X X 4 X X
Wiedenmaier et al. [39] 36 v v v X X X X
Hou et al. [16] 20 4 v 4 4 X X X
Dorloh et al. [12] 21 v v v v X X X
Funk and Schmidt [I4] 16 v 4 v 4 X X X
Hou et al. [17] 20 v X v 4 v v 4
Ours 21% v/ v v v v v v

Note. N = number of participants; AR = use of AR; Assmb. = participants performed an
assembly task; Perf. = study reports performance measures, e.g., task completion time;
Subj. = use of subjective self-report measures, e.g., NASA-TLX; Phys. = physiological
measures were used to predict cognitive load, e.g., Electrodermal Activity (EDA).

Movt. = movement measures were used to predict cognitive load, e.g., eye tracking;
Public = public availability of the data. *N varied depending on the modalities used for
training. N = 21 considers movement data only.

by research on integrating CL estimation methods into AR interfaces.
provides a comparison of key studies discussed in this section.

2.1 AR-based Instructional Systems

Early research comparing AR to paper instructions relied on task comple-
tion times, noting performance gaps linked to cognitive processes without
directly quantifying them [39]. Later studies incorporated subjective mea-
sures like NASA-TLX or System Usability Scale (SUS) [12] 14} [16], yet
these retrospective ratings miss fine-grained cognitive fluctuations.

2.2 Sensors for Cognitive Load Estimation

Physiological methods enable continuous monitoring of cognitive states
through biometric signals, overcoming the temporal limitations of subjec-
tive reports [30]. Vanneste et al. [35] utilized EDA, Electroencephalography
(EEG) and Electrooculography (EOG) to detect CL elicited by an assembly
task presented in three levels of difficulty. Although they found significant
differences in CL among the difficulty levels, they reported a small effect
size (R? = 22.8%), indicating that physiological data may not be sufficient.
Furthermore, using physiological sensors in real-world AR settings intro-
duces a significant trade-off regarding intrusiveness.

In AR contexts, movement-based measures gain relevance, as modern
AR devices are equipped with built-in sensors that track hand, head,
and eyes. While research has focused on individual modalities, such as
eye tracking [I9] or the influence of CL on hand selection Liang et al.
[18], integrating these streams into a cohesive, non-intrusive model for
CL classification remains under-explored. This research gap presents an
opportunity to leverage full multi-modal data captured by AR headsets.
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In this study, we categorize all data streams into two groups: physio-
logical and movement data. Although movement is a physiological process,
we treat it separately to compare these two sources directly.

2.3 Positioning of the Present Work

Hou et al. [I7] explored CL estimation in a Mixed Reality (MR)-based
simulated Computer Numerical Control (CNC) machine operation, where
participants responded to instructions through button presses. Using
movement data from the HoloLens 2, and heart rate via a dedicated wrist-
band, they tested the effect of noise and distractions on the participants’
workload, as measured by the NASA-TLX. The authors trained machine
and deep learning models on participant data to classify between their 3
experimental conditions. They achieved a peak F'1 = .96 with Transformer
models trained on movement data, while adding Heart Rate (HR) data
decreased performance to F'1 = .83. Despite these scores, button-pressing
tasks lack the sensorimotor coordination required for manual assembly,
potentially limiting the generalizability of their movement-based classifiers
to assembly contexts.

Additionally, the computational intensity of Transformers may exceed
the resources of current AR headsets. Hou et al. [I7] reported significantly
lower performance (F'1 = .73) with lighter Random Forest (RF) models.
Methodologically, their standardization process across the whole dataset
suggests potential data leakage, and the absence of a clear cross-validation
strategy makes generalization to unseen users uncertain.

Our study addresses these gaps by evaluating CL classification within
a manual assembly scenario. We conducted a controlled experiment and
analyzed task outcomes using objective and subjective measures. We also
collected physiological and movement data to train lightweight machine
learning models to distinguish between high and low levels of CL. We imple-
mented a rigorous, leak-free standardization and leave-one-participant-out
cross-validation to ensure model robustness. Finally, we publicly provide
our multi-modal dataset, collected in Germany, to promote future research.

3 Data Analysis

3.1 Preprocessing

Our data consisted of physiological measurements from the Empatica E4
wristband and movement data from the HoloLens 2. The sensors on both
devices sampled the data at different frequencies. From the Empatica E4,
we collected Blood Volume Pulse (BVP) at 64 Hz, EDA at 4 Hz, and skin
temperature at 4 Hz. From the HoloLens 2, we collected data on head
position, hand position and orientation, as well as eye movements, all of
which were sampled at 30 Hz.

To work with all sensors simultaneously, we divided the data into
sequential windows, each containing 30 seconds of time series data, with
an overlap of 10 seconds. We applied transformations to the raw signals
from each data window and then characterized these signals by extracting
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a comprehensive set of statistical and spectral features. The statistical
features included mean, range, standard deviation and kurtosis, while the
spectral features included entropy and the total Power Spectral Density
(PSD).

3.2 Feature Engineering
3.2.1 Physiological Data Processing

To process physiological data we used NeuroKit2, a Python package to
process these type of data [20]. From the BVP signal, we extracted R-R
Intervals (RRI), which measure the time between heartbeats. Features
extracted from RRI reflect Heart Rate Variability (HRV), which has been
found to correlate with CL [29]. We extracted the tonic and phasic
components from EDA. As noted by Melo et al. [21], this decomposition
provides better results when measuring CL, compared to using the raw
signal alone. Skin temperature was left in its original form.

3.2.2 Movement Data Processing

We calculated the empirical sample rate from the HoloLens data, which
differed from the theoretical sample rate of 30 Hz. To do so, we computed
the average time interval between consecutive timestamps and took its
inverse. The resulting empirical sample rate was 21.34Hz, which we
used for all subsequent feature calculations dependent on the sampling
frequency.

Processing Eye Blinks Eye movement data consisted of 3D vector
pairs representing origin (position between both eyes) and direction (a
point in space in the same vector from the origin to the gaze point) over
time. A recording was marked as “missing value” if the eye tracking
embedded in the HoloLens 2 could not detect any of the eyes, due to the
participant blinking or not looking through the visor. While we did not
find any study characterizing “out of visor” gaze patterns, there are studies
characterizing blinks, from which we determined time thresholds.

Based on Doane [I1], we adopted a mean blink duration (u) of 257.9ms
and a Standard Error of the Mean (SEM) of 11.3ms, calculated from
an average of 40 blinks. We calculated the standard deviation of blink
durations by multiplying the SEM by the square root of the number of
blinks (N = 40), resulting in a standard deviation of 71.47ms. Since the
authors did not specify distribution parameters for blink duration, we
employed a normal distribution. We calculated the interval containing 99%
of the blinks to include as many valid blinks as possible. This resulted in
a range from 62ms to 454ms, which we used to filter consecutive missing
gaze data, treating only clusters within this range as blinks. We ignored
clusters outside this range, assuming these corresponded to situations
where participants did not look through the visor. From the detected
blinks, we calculated their durations and inter-blink intervals.

SensCogAR: Cognitive Load Estimation Via Movement Data in Assembly Tasks
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Processing Gaze Fixations Calculating fixations from the HoloLens
2 gaze data presented a unique challenge. The device provides a 3D gaze
vector, but its method for determining depth is not based on binocular
convergence. We discovered that the gaze vector three meters away from
a wall had almost the same coordinates as a gaze vector focusing on an
object hanging halfway to the same wall. This sensor-specific behavior
made it difficult to directly adapt standard fixation detection algorithms
with thresholds set for different devices and tasks. To our knowledge,
no publicly available HoloLens 2 eye-tracking dataset with ground-truth
fixation data for a complex motor task exists.

To address this, we implemented Identification by Dispersion-Threshold
(IDT), a dispersion-based algorithm described in Salvucci and Goldberg
[25]. The IDT algorithm considers consecutive gaze points as a fixation if
they remain within a specified spatial distance and occur within a minimum
time interval of 100ms [25]. Given the sampling rate of our data (21.34H z),
we set the minimum fixation threshold to 2 gaze points, which includes
any fixation longer than 46.9ms to capture as many valid fixations as
possible. While our threshold is lower than the 100ms recommended by
Salvucci and Goldberg [25], we found it to be a good balance between
capturing valid fixations and reducing false positives, as the next possible
minimum threshold of 3 gaze points would have excluded fixations lower
than 140.58ms.

We extended the algorithm described by Salvucci and Goldberg [25]
by adding a maximum dispersion threshold to account for gaze drift
after initial fixation onset, following Buscher et al. [§]. To determine the
dispersion thresholds for the algorithm, we analyzed the dataset provided
by Aziz and Komogortsev [4], which employed a “follow the dots” task
while recording eye-tracking data using a HoloLens 2 device, as in our
study. The dataset provides a known quantity of visual stimuli (dots) that
participants were instructed to fixate on, and we used it to optimize the
dispersion thresholds for our algorithm.

We defined 47mm as the minimum fixation size and 95mm as the max-
imum fixation size, based on our empirical optimization of the thresholds
against the Aziz and Komogortsev [4] data, such that the detected fixation
count was as close as possible to the number of dots participants fixated
on. From the fixations, we calculated duration, speed, acceleration and
distance to previous fixation.

Processing Head Movements Head movements data collected from
the HoloLens 2 consisted of position in 3D space, a normalized 3D vector
indicating forward direction and a normalized 3D vector indicating upward
direction. We calculated position change, and angular distance of the
forward and upward vectors.

Processing Hand Movements Hand movements were recorded by
the HoloLens 2, as long as the hands were in front of the participant.
For each data point, each hand is represented by a position vector in 3D
and an orientation vector in a 4D unitary quaternion. For each hand, we
calculated angular distance (based on their orientation), position change.

SensCogAR: Cognitive Load Estimation Via Movement Data in Assembly Tasks
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A

(a) Low-complexity puzzle (b) High-complexity puzzle

Figure 1: Example puzzles used in the experiment. In low-complexity puzzles
(left), all piece contours are visible, while in high-complexity puzzles (right),
piece boundaries are harder to distinguish, increasing the difficulty of the task.

Additionally, based on the findings of Liang et al. [I8], we calculated
contralateral distance, which we operationalized as the distance from a
hand along an axis that is perpendicular to a “midline”, an imaginary
forward-facing vertical plane that divides the body in two halves. We
determined this midline by using the head position and forward vectors.
Due to most of the participants being right handed, we calculated the
maximum, mean and minimum of all these features across hands, so that
the model would not be biased towards one hand over the other. Moreover,
this decision mitigated the influence of missing data when at least one
hand was outside the field of view of the hand tracker.

4 Data Collection
4.1 Participants

We recruited 24 participants, all students or employees in Germany. Due
to technical issues, data from one participant were excluded, resulting in a
final sample of 23 (15 female, 7 male, 1 non-binary). Most participants
completed a bachelor’s degree; four held master’s degrees and one held a
doctoral degree. All but one participant, who was left-handed, reported be-
ing right-handed. During data analysis, we discovered that additional data
were missing due to connection problems with our devices. Physiological
data were missing or incomplete for five participants, and movement data
were missing for two participants. This led to the following sample sizes by
modality: 21 participants for the movement-only dataset, 18 participants
for the physiological-only dataset, and 17 for the dataset combining both
physiological and movement data. All participants reported either no prior
experience with tangram puzzles or having played only a few times more
than six months prior. Before the experiment, all participants provided
informed consent, and the study was approved by the ethics board (DFKI
Ethics Board). When applicable, participants received one participation
hour as course credit in accordance with university requirements.
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4.2 Experimental Setup

We used Tangram puzzles as proxies for manual assembly tasks involving
the manipulation of objects of similar size. Each puzzle consists of seven
simple geometrical pieces that participants must assemble to match a
reference image, where the location and orientation of each piece are
obfuscated. One advantage of selecting Tangram as a proxy for assembly
scenarios is that it allows for experimental manipulation of cognitive
load, consistent with Cognitive Load Theory (CLT)[31] [32], as shown by
Vanneste et al. [35].

We designed 47 tangram puzzles using the Tangram Builder tool [23],
considering two difficulty levels, determined by the complexity of the
puzzles. Following Vanneste et al. [35], puzzle difficulty was estimated
by the visibility of piece contours: in low-difficulty puzzles, all contours
were fully visible, while in high-difficulty puzzles, most contours were
partially obscured. Example puzzles from each complexity level are shown
in

Similarly, we grouped the tangram puzzles into two groups based on
their complexity, to create two experimental conditions that would elicit
distinct levels of cognitive load, which could be detected by differences in
behavioral, physiological, movement and subjective outcomes. To ensure a
sufficient number of trials across the experiment, 40 puzzles were designed
to have a low complexity and seven to have a high complexity. This
distribution was selected based on preliminary testing, that suggested
that low-complexity puzzles could be solved in under a minute, while
high-complexity puzzles required several minutes to be solved.

We developed an experiment using PsychoPy [22] to guide participants
through the puzzles and to record events, such as trial start and end
times. This allowed for behavioral analyses of the data. The experiment
application was presented on a computer in front of the participants. This
experimental setup, depicted in was chosen to mimic scenarios
where participants assemble objects while seated, following instructions
presented in front of them on a screen or through a head-mounted display.

Throughout the experiment, the participants wore two devices we used
to collect data we then analyze to estimate their cognitive load. A Microsoft
HoloLens 2 AR headset was worn to collect movement data, consisting
of eye movements, head position, and hand position and orientation.
Raw data collection was possible thanks to the HL2SS plugin [I0]. The
participants also wore an Empatica E4 wristband on their least dominant
hand to record physiological data, which consisted of EDA, BVP and skin
temperature. To collect the ground truth data on subjective workload,
we used the NASA-TLX questionnaire [I5], which participants completed
after each puzzle-solving session.

4.3 Procedure

Participants first provided informed consent and completed a demographic
form covering age, gender, education, tangram experience, and handedness.
After a verbal briefing, they wore a Microsoft HoloLens 2, and an Empatica
E4 wristband on their non-dominant hand. The experiment application
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Practi Trials Trials
.;;;l';:e Condition 1 Condition 2
(15 min) (15 min)

Movement Data
(HoloLens 2)

Figure 2: Participants sat in front of a computer and, after a practice session, they
solved tangram puzzles of one difficulty (high or low) for 15 minutes, followed
by another 15 minutes of puzzles of the other difficulty. During the experiment,
they wore a HoloLens 2, which collected movement data, and an Empatica E4,
which collected physiological data.

was then started.

The experiment app guided participants through an introduction to tan-
gram, followed by a practice session to familiarize them with puzzle-solving
and system interaction. The main task consisted of two 15-minute sessions,
one with high and one with low complexity puzzles, where participants
solved as many puzzles as possible. To control for ordering effects, we
presented the sessions in a counterbalanced order: some participants solved
low-complexity puzzles first and others solved high-complexity puzzles first.
However the order of the puzzles within each session was constant across
participants. If a participant solved all puzzles in a session, the puzzles
were repeated in the same order. After each puzzle, participants pressed
the space bar to continue; if a puzzle remained unsolved after five minutes,
a prompt allowed them to skip it by pressing “S”.

During each session, physiological and movement data was collected
and participants were asked to look through the AR glasses the whole time,
to make sure their eye movements were recorded correctly. After each
session, participants completed the NASA-TLX to report their subjective
workload and were offered to take a break.

Throughout the experiment, the researcher remained present to mon-
itor progress, provide clarification, and ensure smooth operation. After
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Cognitive Load

Mean Puzzle Completion Time per Condition
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Mean Completion Time (seconds)

Figure 3: Mean puzzle completion time across high and low complexity conditions.

completing both sessions and questionnaires, the participants were de-
briefed and thanked for their participation.

4.4 Public Dataset

The dataset consists of a single compressed file (.zip) containing one
directory per participant. Each directory contains Comma-Separated
Values (CSV) files with time-series data, organized by modality. The files’
columns are listed in the first line, beginning with “timestamp”, followed
by sensor-specific columns. For example, the file “empatica_e4_acc.csv’
contains “x”, “y”, and “z”, which represent accelerometer data across
three axes or dimensions. In addition to sensor data, the dataset includes
two other CSV files. First, “sessions.csv” provides information on each
puzzle-solving session, including participant ID, task complexity (0 or 1),
and start and end times. The second file, “nasa-tlx_scores.csv”, contains
all NASA-TLX scores per participant per session, including all sub-scales.
The public dataset can be accessed at https://osf.io/45tjp.

)

5 Results

5.1 Experimental Manipulation of Cognitive Load

In this section we present the results of our analyses. We first report task
completion times and NASA-TLX scores used to evaluate the experimental
manipulation of CL, followed by the results of the CL estimation.

5.1.1 Task Completion Time

The behavioral data we analyzed consisted of puzzle completion times,
calculated as the difference in seconds between the start and end of each
trial. Based on our design and our preliminary results, we expected puzzles
of high complexity to take longer to solve compared to low-complexity
puzzles on average.

To test this hypothesis, we calculated average completion times for
puzzles in each experimental condition. As shown in the mean
completion time for high-complexity puzzles was of M = 202.53 seconds
(SD = 127.79), whereas for low-complexity it was M = 31.84 seconds
(SD = 8.45). To test whether these differences were statistically significant,
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we first checked whether the differences between conditions follow a normal
distribution. The Shapiro-Wilk test [28] showed that the distribution
was not normally distributed (W = .863, p < 0.05). This was expected,
because the underlying phenomenon, task duration, is positively bounded
and typically right-skewed. We used the Wilcoxon test, a non-parametric
version of the paired T-test[40]. This test showed a statistically significant
difference between completion times (W = 136.0, p < .001), implying that
our experimental manipulation of the task led to observable differences
in participant behavior. These results indicate that the increased CL
associated to high-complexity puzzles substantially affected task efficiency,
as measured by task completion times.

5.1.2 NASA-TLX Scores

Subjective outcomes were measured using the NASA-TLX questionnaire,
completed by participants after each session. The scale consists of six
dimensions, each measured on a 21-point scale ranging from 0-20. We
multiplied each value by five, which resulted in values ranging from 0-100.
Following recent recommendations that question the mathematical validity
of aggregate workload scores [7], we analyzed each sub-scale independently
rather than computing a composite score.

To compare perceived workload across conditions, we applied Pratt’s
variant of the Wilcoxon signed-rank test [24], which is well-suited for
ordinal data and handles tied ranks effectively. Participants reported
significantly higher scores under the high-complexity condition for mental
demand (W = .00, p < .001), temporal demand (W = 51.00, p < .05),
performance (reverse-scored; W = .00, p < .001), effort (W = .00, p <
.001), frustration (W = 6.00, p < .001). In contrast, physical demand
did not differ significantly between conditions (W = 111.00, p = .501).
This result was expected, because increasing the complexity of a tangram
puzzle does not fundamentally change the physical activity required to
solve it. Mean sub-scale scores for each condition are shown in

These findings indicate that the increased CL associated to high-
complexity puzzles substantially increased perceived workload, as measured
by the NASA-TLX. Together with our findings regarding completion times,
these results suggest that our experimental design successfully manipulated
CL in the context of our assembly task.

5.2 Cognitive Load Classification

In this study, we trained several machine learning models for binary
classification of CL: Logistic Regression (LogReg), Support Vector Ma-
chine for Classification (SVC), RF, eXtreme Gradient Boosting (XGB),
Light Gradient-Boosting Machine (LightGBM) and Adaptive Boosting
(AdaBoost). To improve the ability of the model to generalize to new
participants, we used a leave-one-participant-out cross-validation approach,
where the data of each participant was used once as the test set, while the
rest of the data formed the training set. Standardization (i.e., calculation
of the mean and standard deviation) was performed only on the training
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Figure 4: Comparison of experimental conditions across NASA-TLX sub-scales.
Higher scores indicate a higher perceived task workload. The scores of the
Performance sub-scale were reversed, such that higher levels indicate reduced
feelings of success when performing the task, and thus a higher workload. Sig-
nificant differences between experimental conditions are indicated below each
NASA-TLX sub-scale: (***) p < .001, (*) p < .05, (n.s.) p >=.05.

data within each fold, and these parameters were then applied to the
held-out test participant.

To analyze the contribution of each sensor modality, we trained and
evaluated our models on three distinct datasets: movement measures
(recorded by the HoloLens 2), physiological measures (recorded by the Em-
patica E4), and a combined (multimodal) dataset integrating both. Model
performance was evaluated using accuracy (the percentage of correctly
classified samples) and macro F1 scores. We prioritized the macro F1
metric to ensure a balanced assessment of precision and recall across both
the high and low complexity classes, preventing potential over-reliance on
a majority class.

Our best-performing model achieved 88.6% F1 score and accuracy
when trained on movement data alone (i.e., eye, head, and hand features)
using RF. In contrast, models using only physiological data (EDA, BVP
and skin temperature) reached a maximum of 59% F1 score and accuracy,
indicating a weaker signal for CL classification in our setup. Combining
physiological and movement data yielded slightly lower performance than
using movement data alone (F'1 = .831), a pattern also observed by
Hou et al. [I7]. This may indicate that combining modalities does not
always lead to better performance, potentially due to noise in physiological
features or mismatched signal patterns across participants. shows
a detail comparison of all classifier performances across modalities.
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Table 2: F1 score and accuracy performance per model and modality using
leave-one-participant-out cross-validation.

Movement measures Physiological measures Movement + Physiological

Model F1 Acc. F1 Acc. F1 Acc.

AdaBoost  0.866 0.867 0.572 0.574 0.809 0.809
LGBM 0.882 0.882 0.514 0.516 0.826 0.826
LogReg 0.833 0.834 0.590 0.591 0.812 0.812
RF 0.886 0.886 0.514 0.514 0.826 0.826
SVC 0.856 0.856 0.574 0.575 0.773 0.774
XGB 0.882 0.882 0.469 0.572 0.831 0.832

Notes: Physiological measures consist of EDA; BVP and skin temperature, whereas
movement measures consist of eye, head and hand movements.

Table 3: Feature importance of movement data by modality.

Feature Modality N Total Importance Top Feature

Eye movements 90 54.1% fixation_distance_mean
Hand movements 176 23.5% hand_max_position_change_iqr
Head movements 45 22.4% head_up_angular_distance_mean

Notes: N denotes the number of features within each modality. Total importance
represents the mean cumulative Gini importance across all participants in the leave-one-
participant-out cross-validation, normalized to 100%.

To understand what drove the high performance of movement data, we
analyzed the relative importance of features in the best performing model
(Table 3)). The model was trained using RF with leave-one-participant-
out cross-validation, and feature importance was calculated as the mean
cumulative Gini importance across all participants, normalized to 100%.
We found that eye movements, comprising features related to fixations,
saccades and blinks, accounted for 54.1% of the total importance, followed
by hand movements (23.5%) and head movements (22.4%). This suggests
that eye movements were the most important feature for CL classification
in our setup.

6 Discussion

In this study, we explored the feasibility of machine learning-based CL
classification using AR device sensors in assembly contexts. Our find-
ings showed that the best CL classification performance (F'1 = .886) was
achieved when using movement data alone, consisting of head, hand, and
eye movements. This performance surpassed both the combined dataset
and the physiological data on their own (consisting of EDA, skin tempera-
ture and BVP), which led to the worst classification performance. This
provides the first strong empirical evidence that AR headsets can function
as standalone tools for CL estimation in assembly tasks, minimizing intru-
siveness and resource consumption.
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Our best F1 performance achieved with a lightweight RF model, es-
tablishes a strong benchmark for resource-efficient CL estimation on AR
devices. While Hou et al. [I7] reported a higher F1 score of 96%, their
result relied on a resource-intensive Transformer architecture and was likely
influenced by data leakage, as noted in Section [2| (Related Work). More-
over, a direct comparison is limited due to methodological differences: our
approach utilized a binary classification scheme (instead of three classes)
and was validated using rigorous leave-one-participant-out cross-validation,
ensuring better generalizability to unseen participants. Furthermore, our
task is closer to a manual assembly task than the button-pressing task
used in Hou et al. [17].

In analyzing the features that contributed most to the highest-performing
model, we found that eye-movement features accounted for more than
half of the total importance. This result aligns with previous research
describing eye movements as the modality most sensitive to intrinsic CL,
when compared to physiological measures, such as heart-rate variability [3].
However, we identified a gap in the literature regarding the relative im-
portance of eye movements compared to head and hand kinematics in CL
classification. We hypothesize that prominence of eye movements in this
study stems from the task’s heavy reliance on visual attention. This is
consistent with CLT [33], as the visual route serves as the primary channel
for information acquisition during manual assembly. Consequently, eye
movements likely represent the most sensitive modality for estimating
CL in similar visuospatial tasks. Nevertheless, head and hand features
remained significant predictors: head movements likely supported visual
gaze shifts, while hand movements directly reflected the physical execution
and motor planning required by the assembly process.

Our observation that model performance decreased when adding physi-
ological data to the movement data is significant. This pattern was also
observed by Hou et al. [I7]. Physiological data is considered valid predictor
of cognitive load [3]. But, since physiological measures rely on biological
responses, it is possible that these measures may be more effective when
used to detect tasks which increase biological responses as demands in-
crease. For example, in Hou et al. [I7], the “Physical Demand” component
of NASA-TLX increased in correlation with noise levels. However, in our
task, “Physical Demand” showed no significant change between conditions,
which could affect the ability of the models to detect CL based on biomark-
ers. In this context, adding physiological data could introduce noise to the
model instead of contributing with useful signal. Moreover, the limitations
of physiological data have been emphasized in the literature, for example,
Vanneste et al. [35] reported a fairly low explained variance of 22.8% on
their model for CL based solely on physiological measures, which could
explain our low performance in our physiological-only model. On the
other hand, movement data directly reflect task engagement and motor
execution, offering a more accurate prediction, as observed in our results.
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7 Limitations and Future Work

While models based solely on movement data achieved the best performance
in our study, this reliance introduces a trade-off regarding the model’s
ecological validity. Movement patterns are mostly task-dependent; in our
study, participants were limited to a seated, tabletop tangram task designed
to mimic assembly scenarios with similar characteristics. In contrast, real-
world manual assembly tasks can vary widely and often encompass a
broader range of motion, such as walking or operating heavy machinery.
Such diverse physical activities may introduce kinematic variance that
differs significantly from our controlled setup, potentially limiting the
direct transferability of models trained on these specific motor patterns.

Our results suggest that movement data is a highly effective predictor of
CL in our experimental scenario. However, its robustness in unstructured
or physically dynamic environments remains to be established. While
physiological data, such as HR and EDA, could theoretically offer better
generalization across diverse assembly scenarios, these signals are also
susceptible to the confounding effects of physical exertion. Future research
should, therefore, focus on methods to decouple the physiological and
kinematic signatures of physical exertion from those of CL to determine
the extent to which these models can generalize to unconstrained, real-
world industrial settings.

A second limitation of our study is the operationalization of cognitive
load. Our two complexity conditions (high and low) were highly distinct, as
evidenced by participants’ NASA-TLX scores and mean completion times.
However, such a stark contrast may have oversimplified the classification
task, rendering it less representative of real-world CL variations. Future
research should consider introducing a third, intermediate level of cognitive
load, potentially by further manipulating visual complexity (e.g., increasing
the number of visible contours, as proposed by Vanneste et al. [35]),
or narrowing the gap between the existing levels. This would better
approximate the subtle differences in CL encountered in practical assembly
scenarios, particularly those supported by AR or traditional instruction
methods.

Beyond classification performance, our window-based approach high-
lights the potential for developing adaptive AR systems. By partitioning
the data into 30-second segments, we demonstrate that movement-based
features can provide timely detection of CL fluctuations. This capability
is a crucial prerequisite for systems that dynamically adjust instructional
support based on the user’s current cognitive state. Future research should
explore the integration of these models into adaptive pipelines, optimizing
window durations to balance detection latency with classification accuracy
for seamless instructional interventions.

8 Conclusion
In summary, this study provides the first empirical evidence that movement

data captured solely from AR headsets can serve as an effective proxy
for CL during manual assembly tasks, achieving an F1 score of 0.886 in
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binary classification. While these findings are currently bounded by the
seated nature of the task and the binary complexity levels, they highlight a
clear path toward less intrusive CL monitoring. Ultimately, this approach
enhances the ecological validity of AR-supported instruction by simplifying
experimental setups and providing a foundation for adaptive assistance in
industrial settings.
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