
Capacity-normalized Shannon graph complexity as an EEG biomarker for
event-level cognitive load estimation in adaptive BCIs

Beatriz Pascual-Roa1,2, Eduardo Santamaría-Vázquez1,2,3, Diego Marcos-Martínez1,2,
C. Rubén Ruiz-Gálvez1,2, Víctor Martínez-Cagigal1,2,3, Roberto Hornero1,2,3

1Biomedical Engineering Group, University of Valladolid, ETSIT, Valladolid, Spain
2CIBER-BBN, Centro de Investigación Biomédica en Red en Bioingeniería, Biomateriales y

Nanomedicina, Instituto de Salud Carlos III, Madrid, Spain
3Valladolid Health Research Institute (IBioVALL), Valladolid, Spain

E-mail: beatriz.pascual@uva.es

ABSTRACT: Cognitive load (CL) reflects the mental
resources required to perform a task. Adaptive brain-
computer interfaces (BCIs) could benefit from EEG
biomarkers that estimate CL with sufficient temporal
granularity to support online adaptation. However, many
EEG-based CL studies still define CL according to pre-
defined task levels or objective task difficulty, which may
not impose comparable cognitive demands across users.
This assumption is especially problematic when individ-
uals differ in working-memory capacity. We propose an
event-level and capacity-normalized framework based on
EEG functional connectivity in frontal and parietal re-
gions. During the Corsi Block-Tapping Test, each en-
coded item was labeled according to its position rela-
tive to each participant’s individual maximum working-
memory capacity, allowing cognitive demand to be ex-
pressed as a percentage of individual capacity. Functional
connectivity was quantified using orthogonalized am-
plitude envelope correlation (AEC) across theta, alpha,
low- and high-beta, and gamma frequency bands, while
network organization was summarized through Shannon
graph complexity (SC). The approach was evaluated in 62
cognitively healthy older adults (mean age = 70.4± 2.9
years). Across all frequency bands, SC showed a pro-
gressive increase as task demands approached individ-
ual working-memory capacity. Capacity-normalized CL
stages differed significantly after FDR correction (p <
0.05), with mostly large effect sizes (r > 0.5). These find-
ings suggest that SC, combined with capacity-normalized
event-level labeling, may provide a compact and online-
compatible EEG biomarker for CL-aware BCI adaptation
in cognitively healthy older adults.

INTRODUCTION

Brain–computer interfaces (BCIs) perform best when
they adapt to the user. This becomes challenging when
the user operates under high cognitive load (CL). CL
refers to the mental resources required to encode, main-
tain, and manipulate information during a task [1]. When
task demands approach the user’s limits, performance be-

comes unstable: errors increase and responses slow down
[2]. In real-world scenarios, this can compromise safety
and reliability. For this reason, closed-loop BCIs require
CL estimates that are both temporally precise and indi-
vidualized to each user, as the same task demand may im-
pose different cognitive burdens depending on individual
cognitive capacity and neural dynamics.

CL is often estimated with self-reports, such as NASA-
TLX [3], or with behavioral measures such as accuracy
and reaction time [1]. These tools are useful, but they are
limited for online use. Self-reports are subjective and typ-
ically retrospective [4]. Behavioral measures provide in-
direct information, as they reflect performance outcomes
rather than the underlying neural state [4]. In contrast,
physiological signals offer a more direct window into
brain activity. Electroencephalography (EEG) is particu-
larly interesting in this context. EEG can track fast brain
dynamics with high temporal resolution and can be inte-
grated into portable BCI setups [5]. Moreover, EEG is
the most commonly used signal in BCI systems, making
it a natural candidate for continuous CL estimation within
adaptive BCI frameworks.

Recent EEG-based CL research has increasingly ex-
plored single-trial decoding, machine-learning models,
functional connectivity features, and online-compatible
BCI pipelines [6, 7]. These advances show that EEG can
support temporally resolved CL estimation beyond clas-
sical block-level analyses. However, a remaining chal-
lenge is how CL labels are defined. Many studies still
assign CL according to objective task difficulty or pre-
defined task levels, even though the same task level may
represent low demand for one user and near-capacity de-
mand for another. In our previous work, we showed that
CL changes within a task level as items accumulate in
working memory during the Corsi Block-Tapping Test
(CBT) [8]. Frontal theta and parietal alpha mainly re-
flected general engagement, whereas beta activity tracked
faster within-trial variations [8]. These findings suggest
that item-level labeling can capture CL progression more
precisely than block-level or level-level labels. However,
item position alone is still not sufficient for cross-user
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comparability, because the same item can represent dif-
ferent proportions of individual working-memory capac-
ity.
Beyond local spectral power, CL also affects how brain
regions coordinate [9]. Working memory and executive
control rely on fronto-parietal interactions [10]. Func-
tional connectivity can capture these interactions and has
been increasingly used for CL estimation, including re-
cent work based on effective or functional connectiv-
ity and machine-learning approaches [6, 11]. Graph-
theoretical measures can further summarize network or-
ganization into compact features suitable for online-
compatible pipelines [12]. However, connectivity-based
CL studies typically still assign labels from external task
levels rather than from each participant’s individual cog-
nitive capacity. Thus, combining connectivity features
with capacity-normalized event-level labels may provide
a more individualized representation of CL.
Two main challenges are therefore important for BCI-
oriented CL biomarkers. First, features should capture
CL at the time scale of cognitive events, rather than only
at the level of task blocks. Second, CL labels should be
normalized across users, so that CL levels reflect the pro-
portion of individual cognitive capacity being engaged.
A fixed task level does not impose the same CL on all
users [13], which is especially relevant in adaptive sys-
tems where personalization is central.
The goal of this study is to evaluate whether an
EEG biomarker based on network complexity can track
capacity-normalized CL at the item level. To address this
challenge, we propose a connectivity-based framework
that combines event-level CL labeling with normaliza-
tion based on each participant’s Corsi span. Functional
connectivity is estimated using orthogonalized amplitude
envelope correlation (AEC) and summarized using Shan-
non graph complexity (SC). The novelty of the pro-
posed framework lies in combining SC with a capacity-
normalized event-level labeling strategy that expresses
each encoded item as a percentage of individual working-
memory capacity. This framework is evaluated in 62 cog-
nitively healthy older adults.

MATERIALS AND METHODS

Participants and EEG recordings:
We analyzed 62 cognitively healthy older adults (46 fe-
male), aged 65-75 years (70.37 ± 2.85 years). Cogni-
tive status was screened using the Mini-Mental State Ex-
amination (MMSE), and participants scoring below 23
points were excluded. Additional exclusion criteria in-
cluded neurological or psychiatric disorders and current
treatment with anxiolytic or antidepressant medication.
The study was approved by the local ethics committee (PI
23-3325) and all participants provided written informed
consent in accordance with the Declaration of Helsinki.
EEG was recorded during the CBT implemented in the
MEDUSA© ecosystem [14] using the ITACA CBT ap-
plication [15]. EEG was acquired with a g.Nautilus PRO

system (g.tec Medical Engineering GmbH, Austria) using
16 active hybrid electrodes at Fp1, Fp2, F7, F3, Fz, F4,
F8, T7, C3, Cz, C4, T8, P3, Pz, P4, and POz (10-10 sys-
tem). Conductive gel was used to improve contact qual-
ity. The common reference and ground electrodes were
placed on the right and left mastoids, respectively. The
sampling rate was 250 Hz. Participants followed a longi-
tudinal protocol of nine sessions, with two CBT record-
ings per session.

Corsi Block-Tapping Test: CBT is a standard task to
assess short-term visuospatial working memory [16]. In
each trial, blocks illuminate one by one in a fixed order.
Participants must reproduce the sequence in the same or-
der. Figure 1 shows a snapshot of the digital CBT imple-
mented within the MEDUSA© ecosystem. The encoding
phase presented each item for 500 ms, with a 1000 ms in-
terstimulus interval. Sequence length increased after cor-
rect trials, up to a maximum of nine items. In this dataset,
the task started at two items. Each level included one se-
ries of two trials. A level was passed if at least one trial
was correct. This incremental structure increases cogni-
tive demands in a controlled way and allows CL to be
examined at the item level as information accumulates
within each trial [8].

EEG preprocessing and epoching: Preprocessing was
implemented in MEDUSA© Kernel [14]. Signals were
filtered with an IIR band-pass filter (0.5-60 Hz). Line
noise was removed with a notch filter (49-51 Hz) [17].
We segmented EEG into 1 s epochs aligned to each
encoded item. We focused on encoding because it is
the stage where CL changes most within a trial [18].
To preserve compatibility with lightweight and online-
compatible BCI pipelines, preprocessing was intention-
ally kept simple. Epochs contaminated by artifacts were
automatically rejected. An epoch was discarded if the
amplitude exceeded four standard deviations from the
mean in at least two samples in any channel [19].

Capacity-normalized event-level labeling: We as-
signed CL labels at the item level, relative to each par-
ticipant’s visuospatial capacity. We first estimated the in-
dividual Corsi span Si as the maximum sequence length
recalled with a success ratio ≥ 0.5 across sessions [16].
This value provides a stable estimate of the participant’s
upper performance limit and supports cross-subject nor-
malization.
Each trial contains a sequence of length L and item in-
dices k = 1, . . . ,L. Each encoded item defines one epoch.
We assigned each epoch to one of four CL stages based
on the fraction k/Si. The stages cover 0-25%, 25-50%,
50-75%, and 75-100% of individual capacity:

Stage(k;Si) =


1, 0 < k

Si
≤ 0.25

2, 0.25 < k
Si
≤ 0.50

3, 0.50 < k
Si
≤ 0.75

4, 0.75 < k
Si
≤ 1.00.

(1)

This scheme captures within-trial CL progression and
makes CL labels comparable across participants with
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Figure 1: Snapshot of the digital Corsi Block-Tapping Test implemented in the MEDUSA© platform. During the encoding phase,
blocks illuminate sequentially. After a brief interval, participants reproduce the sequence in the response phase. Sequence length
increases after correct trials, progressively increasing CL.

different spans. Thus, the four stages should not be
interpreted as arbitrary task phases, but as capacity-
normalized CL stages ranging from low demand to near-
capacity demand.

Functional connectivity and SC: For each epoch, we
estimated functional connectivity between all electrode
pairs. We used AEC computed from the analytic signal
after the Hilbert transform [20]. To reduce spurious zero-
lag coupling associated with signal leakage and volume
conduction, we used orthogonalized AEC [21]. This pro-
duced a weighted 16× 16 connectivity matrix A, where
Ai j reflects coupling strength between electrodes i and j.
We summarized network organization using SC [22]. This
metric combines the dispersion of edge weights and the
entropy of their distribution:

SC = H

√
1

T −1
σw, (2)

where H is the Shannon entropy of the edge-weight dis-
tribution, T is the number of edges, and σw is the standard
deviation of edge weights. We computed SC for five fre-
quency bands: theta (4-8 Hz), alpha (8-13 Hz), low beta
(13-20 Hz), high beta (20-30 Hz), and gamma (30-60 Hz)
[23]. We did not analyze delta because 1 s epochs do not
capture its slow cycles reliably [24].
To obtain region-level features, we averaged node-level
values within two regions of interest. The frontal re-
gion included F7, F3, Fz, F4, and F8, whereas the pari-
etal region included P3, Pz, and P4. These regions were
selected to capture broad fronto-parietal network trends
associated with working memory and executive control,
which are consistently involved in CL modulation [10].
The use of relatively broad ROIs was intended to prior-
itize robust network-level effects over hemispheric spe-
cialization in this event-level framework.

Statistical analysis: We assessed differences in SC
across the four CL stages using the Wilcoxon signed-rank
test. Normality was checked with Shapiro-Wilk tests and
was typically rejected. We controlled for multiple com-
parisons using the Benjamin-Hochberg false discovery
rate (FDR) procedure with α = 0.05 [25]. Effect sizes

were computed with the rank-based correlation coeffi-
cient r, suitable for non-parametric comparisons [26]. We
interpret r > 0.5 as a large effect and r > 0.3 as a medium
effect [26].

RESULTS

We examined how SC varied across the four capacity-
normalized CL stages in the frontal and parietal re-
gions. The analysis was performed separately for each
frequency band. Fig. 2 summarizes these effects. The
left panels show boxplots of SC across stages for each
band and region. The right panels present FDR-corrected
p-value matrices and corresponding effect sizes for pair-
wise comparisons. Across bands, SC increased as the en-
coded items approached each participant’s span, with the
largest increase typically occurring between the 50-75%
and 75-100% stages. In contrast, the first three stages
showed more gradual changes. This trend was visible
in both regions and was consistent across subjects. Spa-
tially, frontal regions generally exhibited higher SC val-
ues than parietal regions in theta and alpha bands dur-
ing low-to-intermediate CL stages (0-25%, 25-50%, and
50-75%). However, in the highest CL stage (75-100%),
parietal complexity became comparable to or greater than
frontal complexity in these lower-frequency bands. In
contrast, low beta, high beta, and gamma bands consis-
tently showed higher frontal complexity across all CL
stages. Pairwise comparisons revealed statistically sig-
nificant differences between CL stages in all frequency
bands and regions after FDR correction (p < 0.05). In
most comparisons, effect sizes were large (r > 0.5), indi-
cating strong separability between CL stages.

DISCUSSION

In this study, we combined item-level CL labeling with
a capacity-normalized labeling framework based on each
participant’s Corsi span. For every encoded item, we es-
timated EEG functional connectivity using orthogonal-
ized AEC and summarized the resulting networks with
SC across canonical frequency bands.
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Figure 2: SC across capacity-normalized CL stages. Each row corresponds to a frequency band: theta (4-8 Hz), alpha (8-13 Hz), low
beta (13-20 Hz), high beta (20-30 Hz), and gamma (30–60 Hz). Left: compact boxplots of SC for each stage, shown separately for
frontal and parietal regions. The central line denotes the median and the box spans the interquartile range. Right: matrices of FDR-
corrected p-values (left matrix) and effect sizes (r, right matrix) for pairwise stage comparisons. The lower-left triangle corresponds to
frontal comparisons and the upper-right triangle to parietal comparisons. Non-white cells indicate significant differences (p < 0.05).
Darker shades in the effect-size matrices denote larger effects.

Relation to previous EEG-based CL studies: Recent
EEG-based CL research has demonstrated the feasibil-
ity of single-trial decoding, online-compatible pipelines,
and connectivity-based approaches for CL estimation [6,
7]. However, many studies still define CL according to
external task difficulty or predefined CL levels, which

may not represent equivalent cognitive demands across
users. Connectivity-based approaches using phase- and
amplitude-based metrics have also been proposed [11].
In contrast, our framework assigns CL labels at the
item level and anchors them to each participant’s Corsi
span. The resulting stages therefore reflect the proportion
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of individual working-memory capacity being engaged,
which may improve comparability across users and bet-
ter match the requirements of adaptive BCIs.

Interpretation of network complexity changes: SC sum-
marizes the heterogeneity of connectivity weights across
the network [22]. Lower values reflect a more homo-
geneous organization, whereas higher values indicate a
broader distribution of coupling strengths. In our data,
SC progressively increased as encoded items approached
each participant’s working-memory span. This pattern
suggests that near-capacity demands may be associated
with increasingly heterogeneous functional connectiv-
ity configurations. Because SC is a compact network-
level descriptor, these findings should be interpreted as
reflecting global changes in connectivity organization
rather than specific edge-level mechanisms. Neverthe-
less, the consistent increase observed across CL stages
indicates that capacity-normalized cognitive demands are
accompanied by systematic changes in functional net-
work structure. Interestingly, these effects were observed
across several frequency bands, which may suggest that
CL-related network reorganization is not restricted to a
single oscillatory component. From a practical perspec-
tive, this broadband sensitivity could be advantageous
for future online CL estimation, as it may allow flex-
ible feature selection depending on signal quality and
recording conditions. Regional differences were also ob-
served across frequency bands. Theta and alpha bands
showed relatively stronger frontal complexity during low-
to-intermediate CL stages, whereas parietal complexity
became more prominent near individual capacity limits.
In contrast, beta- and gamma-band complexity remained
predominantly frontal across stages. Although these spa-
tial patterns should not be interpreted as direct evidence
of specific neural mechanisms, they may reflect differ-
ent contributions of fronto-parietal systems as cognitive
demands approach individual working-memory capacity.
This interpretation is consistent with the established in-
volvement of fronto-parietal networks in working mem-
ory and executive control [10].

Implications for online-compatible CL estimation in
BCIs:

Closed-loop BCIs require CL estimates that are tempo-
rally precise, stable, and individualized to each user. Our
approach addresses three practical constraints. First, it
produces labels at the level of individual encoded items,
which is closer to the temporal scale at which adap-
tive BCIs may update feedback or task difficulty. Sec-
ond, it includes capacity normalization, so that high CL
reflects proximity to each user’s own working-memory
limit rather than a fixed external task level [13]. Third,
SC is a single scalar metric computed from a connectiv-
ity matrix, which keeps the pipeline lightweight. This
facilitates online deployment compared with more com-
plex dynamic approaches. In a CL-aware BCI, SC could
be used as a continuous control variable to adjust task
pacing or difficulty, trigger adaptive feedback, or prevent
overload during demanding interaction periods.

Limitations and next steps:
This work has several limitations. First, the distribution
of epochs across stages can be imbalanced, with fewer
samples near capacity. This may affect the stability of
estimates in the highest CL stage. Second, the study
focuses on a single task and a specific age group. Al-
though participants were cognitively healthy older adults,
mental-state properties and EEG biomarkers are known
to change with age. Therefore, the present findings
should be interpreted within the context of healthy aging.
Future work should test the generalization to younger
adults, other age ranges, and other CL paradigms. In ad-
dition, the present analysis focused on broad frontal and
parietal regions to capture robust network-level trends.
Future work should investigate hemispheric asymmetries
and finer-grained regional effects, as lateralized neural
dynamics may provide additional information about CL-
related network organization. Third, we used inferential
statistics but did not evaluate online classification per-
formance. Although the proposed framework is online-
compatible, the present analysis was performed offline
and focused on statistical separability between capacity-
normalized CL stages. Future work should evaluate on-
line implementation, detection latency, classification ro-
bustness under realistic BCI constraints, and subject-
independent models using SC as an input feature.

CONCLUSION

In this study, we addressed the challenge of characteriz-
ing CL for BCI-oriented monitoring by leveraging EEG-
derived functional brain networks under progressively in-
creasing task demands. We introduced an event-level
methodological framework that combines item-level la-
beling with individual capacity-based normalization and
connectivity analysis. This approach allows CL pro-
gression to be described relative to each participant’s
working-memory capacity, rather than only according to
objective task difficulty. Our results show that SC tracks
CL across canonical frequency bands in a cohort of 62
cognitively healthy older adults. As task demands ap-
proached individual capacity, frontal and parietal con-
nectivity patterns showed progressively higher network
complexity. Significant differences between capacity-
normalized CL stages, together with mostly large effect
sizes, support the sensitivity of this metric to graded
changes in cognitive demand. These findings suggest
that SC, when combined with capacity-normalized event-
level labeling, may serve as a compact EEG biomarker
for CL-aware adaptive BCIs. The metric is derived from
functional connectivity, summarizes network organiza-
tion in a single value, and is suitable for event-level up-
dates. Overall, this work contributes an individualized
and online-compatible framework for event-level CL es-
timation and provides a basis for future adaptive BCI sys-
tems that respond to the user’s cognitive state.
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