Proceedings of the

10th Graz Brain-Computer Interface Conference 2026

10.3217/978-3-99161-093-9-081

Investigating Human and Classifier-Level Uncertainties: An EEG Study Using
Grasp Imitation Task

Osman Cagri Oguz I Hamidreza Kasaei !, Steffen Frey 1 Andreea Ioana Sburlea !

! Bernoulli Institute for Mathematics, Computer Science and Artificial Intelligence, University of
Groningen, The Netherlands

E-mail: o.c.oguz@rug.nl

ABSTRACT:

In BCI research, uncertainty quantification recently at-
tracted researchers to enhance human-machine collabo-
ration and transparency of the systems. Grasping consti-
tutes one of the most crucial interactions with the envi-
ronment, for which the associated risks of overconfident
but inaccurate classification are high. However, there is
yet to be an explicit paradigm design that allows inves-
tigating if classifier uncertainties align with that of hu-
mans. By developing a grasp imitation paradigm with
visually degraded videos during the observation stage,
we aimed to incur uncertainties on the grasping decisions
and execution. EEG and EMG data from 8 participants
is collected. The results demonstrated that among the
grasp types, S-finger precision grasp is the best classi-
fied one, with 47% within-class accuracy according to an
LDA classifier using movement related cortical potentials
as features. Interestingly, for the participant having high-
est ROC-AUC score, subjectively reported and the LDA
classifer uncertainty aligns. As the data collection is still
ongoing, future directions are also discussed.

INTRODUCTION

We perceive and act within noisy sensory environments,
where the affordances and consequences are not always
immediately clear. Imagine grasping a cup with a bever-
age with not yet known temperature. Humans are more
likely to combine multiple information sources to esti-
mate the risks and reduce uncertainties. Even if the inter-
action is supposed to happen in a very short manner, ac-
commodating the safest grasp alternative would be wise
to prevent harmful consequences, such as spill and burn.
Humans can be remarkably good at accommodating dif-
ferent motor decisions as a result of constantly taking sen-
sory and perceptual uncertainties into account [1]. One
might also imagine this scenario where the motor inten-
tions from brain signals are decoded by a classifier, which
is then translated into executable motor commands for
the robotic hand. If the classifier is insensitive to how
humans represent uncertainties or overconfident regard-
less of its classification accuracy, generated response may
likely cause injuries. In this research, we aim to see if un-
certainty for brain decoding indeed aligns with how hu-
mans represent their uncertainties in a motor task, more
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specifically grasp-imitation. The novel aspect of the re-
search is twofold. First, we contribute to the field by in-
troducing a paradigm inducing uncertainty in motor ac-
tions. Second, as a result of this adjustment, studying for
the first time if uncertainty represented by BCI classifiers
actually aligns to that of humans themselves.

In the field of brain-computer interfaces (BCls), grasp-
ing attracts growing interest from the researchers due to
its importance for daily functioning and interactions with
the environment. To provide a comprehensive model of
how grasps are represented in the brain, previous research
showed that different stages of motor actions carry in-
formation about different characteristics. For instance,
properties of the object to-be-grasped can be observed
during the hand pre-shaping stage, while muscle activ-
ity is mostly evident in holding stages [2]. Using low-
frequency time-domain signals (e.g., movement-related
cortical potentials (MRCPs)) the researchers demon-
strated a decoding performance above the chance level
among three different grasps, especially during the plan-
ning and object release stages [3]. Unimanual and biman-
ual grasps have also been shown to be decoded if MRCPs
are used as features [4].

However, merely focusing on the classification accuracy
for BCI decoders may not provide the most compre-
hensive picture. In a similar line of reasoning, there is
also a significant caveat for evaluating the conclusions
reached by brain decoding studies. That is, demonstrat-
ing accurate classification based on the input signal (e.g.,
EEG features) may not naturally follow conclusions that
those features indeed carry the relevant information for
the task. This risk is often associated with greedy and
non-transparent nature of algorithms used for classifica-
tion tasks. To overcome this phenomenon of decoder’s
dictum, it is proposed to connect behavior in a psycho-
logically plausible manner to have better grounded infer-
ences for underlying neural representations [5]. In this
respect, second-order representation of the informational
content, such as uncertainty given the classification out-
put, is a candidate to produce more grounded inferences.
However, the previous research does not incorporate un-
certainty regarding motor or perceptual cues for instruct-
ing movement execution to participants. Therefore, miss-
ing the opportunity to connect classifier and human level
uncertainties.
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It is also known that BCI classifiers are often overconfi-
dent even for inaccurate classifications, resulting in un-
certainty quantification (UQ) techniques to attract re-
searchers in the field [6]. More specific to EEG-based
BCIs, UQ is arguably even more important given the
poor signal-to-noise ratio compared to invasive record-
ings, especially for multiclass decoding scenarios, such
as for different grasps. Additionally, for BCIs on de-
coding motor signals, overconfidence may lead to un-
wanted consequences in real-life when the potential risks
of choosing the wrong action is high. Promisingly, recent
research show improvements through uncertainty-based
early classification and rejection [7], [8].

Previous research on UQ for EEG-based BClIs revealed
that even though deep-learning based methods, such as
Deep Ensembles, produced best classification accuracies,
more traditional methods may represent uncertainty bet-
ter through post-hoc calibration to match predicted class
probabilities to accuracy [7]. In addition, researchers
proposed frameworks based on Bayesian networks and
dropout-based methods to estimate uncertainty for decod-
ing EEG signals. They showed promising results for the
classification tasks on public datasets with comparable
performance to computationally costly ensemble-based
methods [9].

To the best of our knowledge, if uncertainty represented
by BCI classifiers actually aligns to that of humans them-
selves is yet to be studied. With this goal in mind, we
use a paradigm inspired by previous perceptual decision-
making research, in which the sensory stimulus strength
is manipulated to adjust difficulty [10]. With this ma-
nipulation, it is expected to incur uncertainty regarding
the perceptual and hence the motor decisions determin-
ing subsequent grasp execution. In this paper, we use a
traditional classification algorithm to decode brain activ-
ity during grasp execution, namely the linear discriminant
analysis (LDA), due to previous reports on proper uncer-
tainty representation.

MATERIALS AND METHODS

Paradigm: The current research investigates multiple
grasps by utilizing a grasp imitation task. The partici-
pants watched grayscale videos depicting three different
grasps on four different objects to decide which type of
grasp they will perform subsequently (see Fig. 1). The
grasps include pincer (2-finger grip), precision (5-finger)
and power grasp (with the palm also touching the ob-
ject). The grasping videos follow after fixation cross on
the screen and a variable-timed random noise overlaid on
the first frame. Pre-stimulus noise is used in line with the
previous studies on perceptual decision-making, to elim-
inate activity bursts in decision-making areas through in-
troducing sudden visual stimuli [10]. The difficulty of
the videos is manipulated by adjusting the opacity level,
in other words, via the blending coefficient with a random
noise overlay (see Fig. 2). The stimulus presentation
is done via Psychtoolbox in Matlab [11]. The optimal
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R
b) Power, Small Sphere

c) Power, Large Cylinder d) Pincer, Small Cylinder
Figure 1: Three different grasps and four different objects used
during the experiment, with grasp and object types are indicated
below each figure.

opacity level is determined during the practice session by
using staircase procedure utilizing Quest+, to ensure bal-
anced distribution of confidence ratings and to train the
participants in terms of the timing of the grasps [12].

By presenting ambigous video clips for motor action se-
lection and planning, uncertainty is induced at the level
of perceptual decision-making before any movement is
initiated. By inducing uncertainty on the sensory stimuli
itself that participants base their decisions, we expect to
induce uncertainty on subsequent grasping action. The
second stage is characterized by translating the motor in-
tent established through perceptual decision into a grasp-
ing alternative among 3 options. Displaying the motor
execution cue right after the displays prevents additional
(extensive) re-evaluation of the stimuli, thus the internal
uncertainties are reflected in grasp execution. The BCI
decoder takes the EEG signal from this stage as an in-
put with the goal of returning ground-truth grasp category
(i.e. actually realized grasp alternative), and uncertainty
for its output is calculated. The third stage is character-
ized by participans’ metacognitive evaluation regarding
stage two, which is expected to reveal trial-by—trial fluc-
tutations in the internal (un)certainties for grasp execu-
tion. This evaluation is realized through explicit instruc-
tion for reporting the certainty while executing the grasp
rather than during video displays and with a scale ranging
from 1-to-9. Participants are explicitly instructed prior to
the experimental session to report the feeling of certainty
while executing the grasps, rather than judgements on the
accuracy of their decisions. Since the BCI classifiers are
trained on EEG data during grasping itself, reporting the
uncertainty in that same stage provides a more compara-
ble measure. However, we still expect indirect coupling
between perceptual decision and motor execution uncer-
tainty. On the other hand, single-trial LDA classifier un-
certainty for the executed grasp type is quantified as its
distance to the linear decision boundary constrained from
Oto 1.
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At the end of each trial, participants are also asked about
which grasp they performed to have the ground truth la-
bels for decoding. There were 384 trials in the actual ex-
periment, equally balanced over objects, actors, and grasp
types. In addition, participants are also given the option
to report “none’ for the trials they simply did not perform
any grasp in case of attentional lapses.

Fixation (1s)

Noise (~1.4s)

Grasp Observation
~1.4s

Movement Cue
(3.5s)

Report Certainty and
Grasp Type

Figure 2: The experimental paradigm and the timeline of a trial.
First, following a fixation cross and pre-stimulus noise, partic-
ipants view the grasping videos where the actors reach for the
objects and grasp them accordingly. Following this, they are
asked to execute the same grasp type. In the end of each trial,
they are asked about which grasp type they executed and also
how certain they felt while executing the movements.

Data Collection: The EEG data is collected from 8
participants (age range: 21 - 29) with 500Hz of sampling
rate, AFz channel as ground and FCz as online reference
via the LiveAmp 64 (Brain Products GmbH, Germany).
50 Ag/Cl electrodes are placed on the scalp to have a
good coverage of the fronto-central, central, and centro-
parietal areas and hence motor and decision-related ac-
tivity areas. Some electrodes for the anterior and tem-
poral areas are repurposed for EOG and EMG record-
ings. Specifically, we used 3 EOG channels to capture
horizontal and vertical eye movements for facilitating ar-
tifact rejection. 2 EMG channels are placed on the right
forearm of the participants to measure the activity during
grasping and to capture movement onset. The remaining
electrodes in temporal and anterior areas are discarded.

EEG Preprocessing and Feature Extraction: EEG data
analysis is performed in EEGLAB [13]. Data is first
cleaned from the break periods, then band-pass filtered
from 0.1 to 40Hz using a Butterworth 4-th order, zero-
phase filter. Then, data is downsampled from 500Hz to
100Hz. ICA decomposition followed this step, for which
only EEG channels are considered. Following the de-
composition, individual components are rejected based
on SASICA, with an ADJUST procedure and correlation
with horizontal / vertical EOG channels [14], visual in-
spection and alignment with ICLabel [15]. Remaining
components are projected back and additional filtering
from 0.1 to 3Hz using Butterworth 4th order zero-phase
filter is performed to compute MRCPs. For EMG chan-
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nels, the data is band-pass filtered from 20 to 250Hz,
notch-filtered at S0Hz, and averaged across the two elec-
trodes. The onset detection is done by epoching the conti-
nous data from -1 to 3.5 seconds with respect to ’execute’
prompt onset. From there, Teager-Kaiser Energy Opera-
tor (TKEO) is calculated due to previous results suggest-
ing enhanced onset detection [16]. The first time sam-
ples after the movement cue that crosses the z-threshold
of 10 is marked as the movement onset, while 1 second
period before the movement cue is taken as a baseline.
The movement onset provided an additional informative
feature to epoch the EEG data for MRCPs.

Classification of Grasp Type: To classify different
grasp types, regularized LDA with shrinkage is used. The
MRCPs starting from 1 seconds prior to and lasting until
1 seconds after the movement onset is taken as an input
for an LDA classifier. Data is further reduced to chan-
nels around supplementary and primary motor areas, and
decimated by a factor of 5 to have managable amount
of features for each trial. Data from 2 subjects are ex-
cluded from this analysis due to unreliable detection or
failure to detect trial-wise EMG onsets. The trials for
which the participants did not execute any grasp or if the
movement onset is not reliably calculated are discarded.
The decoding accuracy and confusion matrix is obtained
for each participant using a stratified 5-fold cross valida-
tion, and in the end predictions are aggregated over the
participants.

RESULTS

Behavioral Results: To analyze the behavioral data, we
first removed the trials in which the participant reported
that they could not perform any grasp within the in-
structed time limits. On average, 12.75 trials (std: 16.65)
are removed. This resulted in eliminating a total of 102
trials out of total 3072 trials from 8 participants. We re-
fer to accuracy as executing the same grasp type among
the three alternatives with respect to the grasp video. We
observed that accuracy was highly variable between the
subjects, ranging from 0.38 to 0.71. Next, we examined
if the reported certainties at the end of each trial can be
predicted by accuracy or executed grasp type.The sum-
mary of the certainty scores across accuracy and grasp
types can be seen in Table 1. For that purpose, we used
a linear mixed model with subject as the grouping vari-
able. Results showed a significant main effect of accuracy
(z=8.74,p < .001), for which correct trials are associ-
ated with higher certainties (3 = 0.61). This pattern sug-
gests that participants can, at least to some extent, moni-
tor the accuracy of their perceptual decisions hence being
more confident in their subsequent movement. Addition-
ally, a significant effect of Grasp Type was also observed
(z=2.91, p=.004). From Table 1, it can be seen that this
significance may be explained by higher certainty associ-
ated with executing the power grasp compared to other
two alternatives. This stems potentially by the fact that
power grasp requiring higher force and lower precision,
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Table 1: Certainty Levels Across Accuracy and Grasp Types

Mean(SD) Count
Accuracy
Correct 5.69 (2.45) 1674
Incorrect 4.78 (2.59) 1296
Grasp Type
Pincer 5.23 (2.51) 821
Precision 5.14 (2.51) 1141
Power 5.51 (2.63) 1008

leading to higher certainty estimates than pincer and pre-
cision grasps.

Neurophysiology: For neurophysiological investiga-

tions, determining the precise movement onset is impor-
tant since onsetting with respect to the motor cue may not
provide the most informative time window. Movement
execution time may differ significantly between partici-
pants and between trials of the same subject following
such a noisy visual stimuli. For that purpose, we used
EMG electrodes and have found that mean movement
onsets are indeed variable among participants, ranging
from 333 to 698 milliseconds. Using Spearman corre-
lation, we also investigated if there is a significant rela-
tion with movement onset and reported certainties. The
results showed a significant negative correlation consis-
tently for each subject (all p < .05, with r, values ranging
from —0.20 to —0.49). This pattern indicates that if the
participants are uncertain, they may use additional time
to potentially decide between the motor alternatives and
start grasp execution. We also investigated the activity in
centro-parietal areas, which was previously linked with
perceptual decision-making and confidence for a given
decision. The patterns we observed also supports the pre-
vious interpretation regarding using additional time (see
Fig. 3a). Specifically, the rising activity is observed
until movement onset (i.e., detected by the EMG elec-
trodes) rather than cue onset (i.e., when participants are
instructed to execute the same grasp type). This finding
suggests that decision-making may still continue even af-
ter the visual stimuli is no longer present on the screen.
[17].
Another observed pattern from EEG data suggested an
early motor planning with negative MRCP peak in the
contralateral side of the brain with respect to the grasping
hand. That is, following the presentation of grasp videos
but before the movement cue, negative going potential is
peaked in C3 channel (see Fig. 3b). This might be the
result of participant’s anticipation regarding starting the
movement as soon as soon as the videos end, and might
be further contributed by action observation during video
displays. Therefore, investigation of EEG data points to-
wards the interpretation that motor planning starts before
or concurrently as the evidence accumulation for percep-
tual decision determining the details of the subsequent
action.

Classification Results: To classify between different
grasps, shrinkage regularized LDA is utilized with MR-
CPs from -1 to 1 seconds of trial-wise movement on-
sets as features. The results over 6 subjects is summa-
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Figure 3: CPz and C3 waveforms when averaged over the sub-
jects. a) CPz channel activity in grand-averaged data over 6
subjects, along with the scalp map representing the mean ac-
tivity for -200 to +200ms from movement onset. The activity
rises until the movement onset. b) C3 channel activity in grand-
averaged data over 8 subjects is shown with the scalp map rep-
resenting the mean activity around 600 to 800ms from stimulus
(grasp video) onset. The peak negativity is observed around
800ms following the stimulus onset.

rized in Fig. 4. The ROC-AUC scores across participants
range from 0.5 to 0.62, suggesting poor decodability us-
ing these features. This might be due to combination of
the limitations regarding experiment design that will be
detailed in discussion, EEG signal-to-noise ratio, or class
imbalance as can be seen from Tab. 1). Indeed, pre-
dictions tend to favor precision grasp compared to other
grasp types, which is the most reported category. The re-
lationship between classification and human uncertainties
are investigated within-subject manner. The class proba-
bility for the ground-truth label can be interpreted as its
distance to the decision boundary constrained in the range
from O to 1. When analyzed this way, Spearman correla-
tion test was only significant for the subject having the
highest ROC-AUC score of 0.62 (p = 0.14, p < 0.05). Al-
though it is promising to see this pattern for the subject
with the highest classification metric, the lack of statis-
tical significance for the other subjects necessitates col-
lecting data from more participants before reaching any
conclusions regarding the relationship between classifier
and human-level uncertainties.

DISCUSSION

In this study, we developed a paradigm inspired by previ-
ous perceptual decision-making literature to manipulate
difficulty for the grasp videos. This design allowed us
to investigate uncertainties from human reports and BCI
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Confusion Matrix (MRCP-LDA)
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\

20.78%

37.24%

41.98% -0.25

Power
!

!
Pincer Precision

Predicted Grasp

Figure 4: Confusion matrix when the predictions and true la-
bels are aggregated over 6 subjects. Among the grasp types,
precision grasp is the best classified category followed by power
grasp. The LDA predictions are biased towards precision grasp,
likely due to class imbalance.

classifiers for the first time in the field. While the data
collection is still ongoing, the decoding performances are
variable across participants. Poor decoding performances
can be partly explained by low signal-to-noise ratio of
EEG, especially for decoding multiclass grasp scenarios
where there is no immediately distinct underlying activ-
ity. However, we observed a significant relationship be-
tween LDA classifier uncertainty and participant reports
for the subject with highest ROC-AUC metric. This pat-
tern indicates that as the classification performance im-
proves, classifiers and subjective reports might be utiliz-
ing the similar neural representations. However, it is not
yet possible to reach any final conclusions with the cur-
rent state of data collection and analysis as we require
more subjects and improved decoding performance for
the already collected data from other participants.
Interestingly, while previous research demonstrated
higher performance for decoding pincer grasps [3], we
did not see this pattern in our data. In addition to class
imbalance, methodological differences might play a role
in this difference, since the participants are not given any
objects while performing the grasps. This choice is delib-
erately made to use videos with same grasps but different
objects to increase variability and prevent participants to
decide based on the low-level cues. However, it might
lead to decreased decodable information from the brain.
Indeed, for that study, decoding accuracy for pincer grasp
is at its highest when participants were releasing the ob-
jects [3].

Limitations: The choice of not using the objects while
participants are executing the grasps may lead to more
unnatural feeling accompanying the movements. It might
therefore influence reporting the certainty of the move-
ment. Additionally, we explicitly instructed participants
for reporting the uncertainties during grasping rather than
during video observation. However, this might be overly
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complex for some people that finds it difficult to disentan-
gle the two and reporting metacognitive evaluations. The
feeling of certainty might also be affected significantly
by the grasp type in general that normally requires more
force, such as power grasp. Therefore, this needs to be
kept in mind for the future analysis.

Future Direction: The prominent models for percep-
tual decision-making are based on the idea of evidence
accumulation until some decision bound is reached. This
formulation views the decision process as gathering suf-
ficient sensory evidence from the environment to come
up with a choice [18]. In humans, a signal showing
these characteristics is found in EEG studies. An event-
related potential, called centro-parietal positivity (CPP),
is demonstrated to rise following the stimulus displays
and until the response. Previous studies reported that es-
pecially the rising slope of CPP aligns with task diffi-
culty [10]. In addition to decision-making related char-
acteristics, there is a growing body of research connect-
ing CPP to decision confidence. Since CPP is generally
thought to index decision-making process itself, using
CPP as a candidate signal challenges the traditional views
of confidence as emerging post-decision. Researchers
provided supporting evidence for this view and suggested
that choice confidence might be represented in the very
same mechanisms underlying decision-making [19]. In a
recent formulation of decisions involving motor reports,
researchers proposed a leaky accumulation process be-
tween perceptual and motor systems, where the leakage
is controlled by confidence [20]. Following these lines of
research, it might be plausible to connect this EEG sig-
nals from centro-parietal areas for indexing confidence as
the decisions evolve to guide subsequent motor actions.
Indeed, we have observed that CPz activity rises until
the movement. Therefore, using peak amplitudes before
the movement onset might provide an additional uncer-
tainty metric to compare with human-level or classifier-
level uncertainties.

Previous studies for uncertainty quantification have tra-
ditionally categorized it into two main sources, namely
epistemic and aleatoric uncertainty [21]. The first one
refers to uncertainty that can be improved with more
training since it resulted from model incompetence, while
the latter is the uncertainty that cannot be reduced and
due to inherent stochasticity of the input. Despite the
abundant use of this formulation, it should be treated cau-
tiously for how well the two sources can be disentan-
gled [6]. Evidential deep learning (EDL), on the other
hand, views uncertainty in vacuity and dissonance terms.
The first refers to incomplete evidence for the decision
alternative while the latter refers to conflicting evidence
among decision alternatives. By learning Dirichlet Den-
sity, predictions are modeled as distributions over poten-
tial softmax outputs [22]. More specific to our task de-
sign, it might be that the uncertainties that participants
report resonates more with EDLs approach. That is, par-
ticipants either have incomplete or conflicting evidence
for different grasp alternatives. Therefore, future research
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by calibrating the loss functions of shallow neural net-
works, such as EEGNet [23], to return Dirichlet parame-
ters might be promising.

CONCLUSION

Our study introduces a new paradigm for BCI research on
grasp decoding to connect uncertainties returned from the
classifiers, from relevant EEG indices for perceptual deci-
sions, and from human metacognitive judgements. Such
a holistic approach to investigate the relationship between
human behavior and machine learning algorithms is cru-
cial for improving trust and comprehensive understand-
ing for BCI systems. We think that this approach will also
be fruitful to develop adaptive BCI systems that are in-
formed by human-aligned uncertainty representation in-
herent in behavior and decisions.
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