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Abstract— This study examined the mechanisms that enhance
the overall accuracy of mental workload assessment by syner-
gizing entropy within and between EEG channels. First, we
filtered the EEG signals recorded from prefrontal channels
and divided them into sub-bands. Next, we derived cross-
approximate entropy (XApEn) and conventional approximate
entropy (ApEn) metrics from each sub-band. Finally, these
derived features were input into an AdaBoost classifier for men-
tal workload assessment. Comparing the classification results
reveals that the combination of XApEn and ApEn outperformed
the separate employment of XApEn or ApEn, achieving a
higher mean accuracy of 82% vs. 72% and 70%, respectively.
The results show that interaction between the prefrontal EEG
channels is important when assessing mental workload.

I. INTRODUCTION

Mental workload refers to the extent of cognitive resources
utilized when performing a task. Physiological biomarkers
provide valuable insights into mental workload. However,
the central nervous system is considered the primary source
of mental states. [1]. Among various neurophysiological
biomarkers, EEG stands out as the most accessible due to
its superior temporal resolution [2]. Consequently, extensive
research has been conducted on EEG-based biomarkers for
evaluationing and tracking of mental workload [2] [3]. While
multi-channel EEG data offers rich information, it faces chal-
lenges in real-life applications due to instrument complexity
and the need to cover hair-bearing scalp areas contributing
more noise. However, consumer-oriented EEG devices have
emerged, enabling mental workload detection in real-world
settings [4]. Therefore, the development of methods using
low-channel EEG devices has been the subject of several
studies in recent years [5].

The effectiveness of approaches based on entropy in EEG
headbands is often associated with their robustness in noisy
environments and when faced with signal quality fluctu-
ations, making them well-suited for real-life applications.
Accordingly, entropy metrics are commonly used in the
literature to capture the irregularities in the EEG signal as
mental workload varies [6].

The synergy between cross-entropy and conventional en-
tropy metrics has not been explored, although entropy met-
rics have shown promising results. The aim of this study
is to investigate whether cross-entropy, as a measure of
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interaction between brain regions, enhances the value of
mental workload assessment. We utilized Wavelet analysis
to eliminate noise from raw EEG data and evaluated the
performance of the AdaBoost classifier, taking into account
entropy from both individual channels and between channels.

II. METHOD AND MATERIAL

A. Data Acquisition

In investigations of cognitive load, the n-back game is pop-
ular for studying working memory performance, involving
subjects maintaining numbers to match with previous ones.
Subjects must remember and match current numbers with
those presented one (1-back) or two (2-back) steps before.
The 0-back game involves comparing a presented number to
a specified target number. A total of 30 subjects participated
in our experiment. Each experimental session consisted of
9 game rounds, each featuring 50 numbers, and EEGs were
recorded from Fp1 and Fp2 using the Enobio device with a
sampling rate of 500 Hz. The game levels are categorized
based on mental load, with 0-back considered as No Load
(NL), 1-back as Mid-Load (ML), and 2-back as High Load
(HL) [7].

B. Cross-Entropy

Cross-entropy (XEn) quantifies the degree of synchro-
nization between the two EEG channels, assessing how
the complexity of EEG changes over time. As the brain
engages in more complex information-processing tasks, the
EEG signal can become more irregular and exhibit greater
complexity, which is expected to be valuable for monitoring
cognitive workload [6]. Although there are various types of
XEn metrics, in this study, we employed ApEn, SampEn, and
FuzzEn, known as efficiency entropies, to evaluate mental
states. While SampEn quantifies time series complexity and
irregularity by assessing pattern stability, ApEn measures it
by evaluating data point similarity. However, FuzzEn detects
anomalies and transitions in EEGs through sudden spikes in
values. Regarding the parameters of XEns, we used the same
parameter values as those employed in the EEG analysis of
the reference work [6].

C. The proposed algorithm

The proposed algorithm for assessing mental workload
comprises three main stages. First, the EEG signals undergo
initial band-pass filtering using a fourth-order Butterworth
filter with cutoff frequencies set at 0.5 to 40 Hz. Then,
a Discrete Wavelet Transform (DWT) filter is applied to



TABLE I
TESTING RESULTS FOR THE ADABOOST CLASSIFIER. THE TOTAL ACCURACY IS GIVEN AS THE MEAN ± STANDARD DEVIATION OVER THE 100

RANDOM SAMPLING SETS. IN THE CLASS-WISE RESULTS ONLY MEAN IS GIVEN

NL ML HL
Feature Set Accuracy Precision Recall F1 Precision Recall F1 Precision Recall F1

XApEn 72.17±0.04 66.10 66.42 65.54 78.30 86.40 81.54 72.91 66.96 69.06
XSampEn 68.91±0.03 67.38 66.17 65.59 70.57 79.14 73.80 70.32 64.45 66.46
XFuzzEn 64.94±0.03 57.73 55.94 55.95 82.20 82.90 82.11 54.35 55.58 53.97

XApEn XFuzzEn XSampEn 77.35±0.03 72.74 70.11 87.06 92.39 70.60 89.33 73.39 72.12 71.78
ApEn and XApEn 82.22±0.05 80.44 81.77 80.47 87.61 92.54 89.63 79.23 74.35 76.06

ApEn 69.96±0.04 71.23 77.17 73.43 72.76 81.45 76.00 66.95 56.41 60.33
FuzzEn and XFuzzEn 73.46±0.05 72.50 72.98 71.93 79.61 89.31 83.64 69.31 62.63 64.89

FuzzEn 70.59±0.02 75.45 72.70 73.54 76.08 80.42 77.61 61.45 60.52 60.20
SampEn and XSampEn 77.90±0.02 77.92 74.57 75.66 78.45 93.20 84.63 77.75 70.14 73.19

SampEn 66.83±0.05 67.12 67.18 66.18 65.73 75.45 69.38 68.56 61.34 63.90

remove eye blink artifacts. In the second stage, the filtered
EEG signals are segmented into sub-bands, and cross-entropy
metrics, namely, XApEn, XSampEn, and XFuzzEn, along
with their corresponding conventional metrics, are computed
for each sub-band. Finally, the derived features are individu-
ally input into an AdaBoost classifier to assess the workload
level.

III. EVALUATION AND EXPERIMENTAL RESULTS

The feature set is randomly divided into training (80%)
and testing (20%) subsets and then fed into the classifier.
This procedure is repeated 100 times to ensure the reliability
of the results. As the results are shown in Table I when
evaluating the individual performance of each cross-entropy
metric, XApEn demonstrated superior results compared to
both XSampEn and XFuzzEn, achieving a higher average
accuracy (72% vs. 69% and 65%, respectively). In terms of
integrating cross-entropy metrics with their corresponding
conventional counterparts, all three cross-entropies exhib-
ited enhanced performance. The ApEn metric, in particular,
excelled by achieving the highest accuracy of 82% com-
pared to the performance of the other cross-entropy metrics,
XSampEn and XFuzzEn, which achieved 78% and 73.5%,
respectively. Furthermore, when examining the area under
the curve (Fig. 1), it is evident that XApEn also achieves
better classification results.
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Fig. 1. ROC curves and AUC values for classification by AdaBoost in
terms of combination of cross-entropy and their corresponding conventional
metrics for three levels of mental workload. (a) Approximate entropy, (b)
Sample entropy, and (c) Fuzzy entropy.

IV. DISCUSSION AND CONCLUSION

The purpose of this study was to compare the performance
of cross-entropy metrics for mental workload monitoring
from two prefrontal EEG channels against established en-
tropy metrics. Cross-entropy metrics, when used as single
features, emerged as promising indicators, achieving the
highest and lowest overall accuracy of 72.17% and 64.94%,
respectively. These results indicate superior accuracy when
combined with ApEn extracted from Fp1 and Fp2, resulting
in the highest accuracy of 82.22%. This underscores the
robust relationship between cross-entropy and different levels
of cognitive workload. The main advantage of the proposed
method lies in its demonstrated capability to enhance the
accuracy of detecting various levels of mental workload
when cross-entropy is combined with entropy metrics. For
future research, further validation and exploration of the
applicability of various cross-entropy metrics in wearable
EEG equipment are warranted, including large-scale studies
involving diverse patient populations.
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