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Abstract

This study explored the feasibility of classifying words based on their semantic and phonetic properties in Imagined
Speech using EEG. We implemented a subject-specific classification approach to determine: whether distinct word prop-
erties could be reliably decoded from neural activity, and how these linguistic features influenced classification accuracy.
Our analysis focused on 12 Italian words carefully selected to enable an innovative decoding paradigm. The original out-
comes of the work are obtained from three novel classification paradigms whose performance are based on an innovative
distance metric. In the study we comprehensively evaluate features previously reported in the literature, with the goal of
identifying the most critical features and the neural channels for each property’s classification. The results demonstrate
the efficacy of decoding imagined word properties, with average accuracies of 55.8% for Length, 57.2% for Double let-
ter presence, and 35.2% for semantic category. The spatial patterns observed, particularly the robust activation of the left
temporal lobe in the Alpha and Theta band, reinforce the involvement of classical language areas in Imaginary Speech
and underscore the significance of frequency-specific neural dynamics in cognitive and linguistic functions.

Keywords Electroencephalogram (EEG) - Machine learning - Brain computer interface (BCI) - Imagined speech -
Biomedical signal processing

Introduction phrasing abilities. The proposed research focuses on Imag-
ined Speech (IS), a cognitive process where individuals
Human communication is fundamental for social interac-  mentally rehearse speech production without any physi-

tion. However, traditional communication methods yield  cal articulation [1]. By harnessing the power of IS, we aim
significant barriers in individuals with limited motor and  at developing a more natural and efficient communication
channel that could be used for speech decoding by Brain-
Computer Interfaces (BClIs) [2].

IS decoding can be broken down into four fundamental
steps: signal acquisition, pre-processing, feature extraction,
and classification [3]. Researchers have explored several
stimulation methods to trigger IS, including visual and audi-
tory cues. Feature extraction techniques encompass statisti-
cal analysis, frequency domain analysis, and even spatial
analysis, each offering unique insights into the brain activ-
ity involved in IS production [3, 4]. The final classification
stage leverages the power of both machine learning and
deep learning algorithms [2], each with its own strengths
and applications, in order to close the loop on the decoding
task of speech recognition.

Nguyen et al. [5] introduced a Riemannian manifold-
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the impact of sound, meaning, and word complexity on per-
formance. Qureshi et al. [6] employed covariance-based and
maximum linear cross-correlation connectivity methods
with phase-only extraction for classifying imagined words,
attaining 40.30% accuracy in a five-class scenario using
an extreme learning machine, reinforcing the feasibility of
silent speech BCI. Pawar et al. [7] applied a Kernel-based
Extreme Learning Machine to classify covert speech EEG
signals corresponding to "left," "right," "up," and "down,"
achieving 49.77% accuracy in a multiclass setting, surpass-
ing traditional BCI algorithms. Alborz et al. [8] explored
EEG-based covert speech discrimination, where partici-
pants mentally repeated “yes” or “no” against a rest condi-
tion. Their multilayer perceptron neural network achieved
75.7% accuracy for covert speech detection, 63.2% for
binary word classification, and 54.1% for ternary classi-
fication, highlighting covert speech as a viable BCI com-
munication paradigm. In a subsequent study, Pawar et al.
[9] employed a random rotation kernel ELM ensemble with
pruning for classifying EEG signals of five covert speech
words ("left," "right," "up," "down," and "stop"), achieving
63.67% accuracy with pruning versus 57.13% without prun-
ing, demonstrating the technique’s effectiveness for intui-
tive silent speech BCI applications.

In another study, researchers [10] developed an imagined
speech BCI using 8-channel EEG with sensors placed at
specific scalp locations, employing wavelet scattering trans-
formation to reduce dimensionality before classifying four
commands ("up," "down," "left," "right") using an LSTM-
RNN. Finally, in [11], imagined speech EEG data were
classified using signal decomposition and a multireceptive
convolutional neural network. EEG recordings of five vow-
els and a rest state were processed with noise-assisted mul-
tivariate empirical mode decomposition and wavelet packet
decomposition, followed by statistical feature extraction.
The multireceptive field CNN attained an average clas-
sification accuracy of 73.09%, reaching 80.41% in a six-
class setup. Analysis of frequency sub-bands revealed that
high- and low-frequency bands contribute most to imagined
vowel classification, underscoring the approach’s relevance
for brain-computer interface applications.

Table 1 State of the art classification performance, this table was taken
from [12]

Author N of prompts Subjects  Trials Accuracy
per word
Nguyen [5] 3 short words, 2 6 100 50.1% (3
short words classes)

66.2% (2
classes)

Qureshi [6] 5 words 8 100 40.3%

Pawar [7] 4 words 6 50 49.77%

Sereshkeh [8] 2 words 12 180 66.35%

Pawar [9] 5 words 8 180 64%
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A summary of the state-of-the-art for machine learning
approaches is provided in Table 1.

Despite these advancements, several challenges remain
[2], such as a limited number of participants, a limited
vocabulary size, accuracy constraints, exclusive offline
decoding, and restricted dataset sizes [3]. Another signifi-
cant limitation in existing research lies in its purely classi-
fication-oriented approach, where the main focus is solely
on enhancing the accuracy of machine learning models,
neglecting the exploration of the underlying neurophysi-
ological mechanisms of IS.

The primary research question focuses on demonstrating
the feasibility of a subject-specific approach for character-
izing a carefully selected set of words. The study’s scope is
to validate this new paradigm through empirical evidence of
concept viability.

In particular we wanted to decode 12 Italian words
through a subject-specific classification paradigm using
EEG. However, the primary scientific contribution extends
beyond mere classification, focusing instead on a novel
approach to word characterization. Each word was sys-
tematically decomposed into three fundamental properties:
semantic group, word length, and the presence of double
letters. Our methodology first decodes these individual
properties, enabling subsequent word reconstruction and the
definition of a novel classification metric.

Furthermore, the study comprehensively evaluates fea-
tures previously reported in the literature, with the goal of
identifying the most critical features and neural channels for
each property’s classification.

In addition, to enhance our understanding of imagined
speech, we conducted a frequency band analysis to charac-
terize cortical activations during this cognitive process.

Materials and Methods
Experimental Design

Twenty-four participants (14 men and 10 women) aged 20
to 26 years were recruited to participate in the EEG data
acquisition phase of this study. Data was acquired using the
64-channel BE Plus LTM EEG system by EBNeuro (Flor-
ence, Italy), a system with electrodes positioned across the
scalp according to the widely recognized 10-20 International
System. The research protocol was reviewed and approved
by the Politecnico di Milano Research Ethical Committee
(Opinion 80 n. 29/2021).

The core task of the experiment was for participants to
mentally pronounce twelve specifically selected Italian
words (all participants were native Italian speakers). These
words were carefully selected to enable distinct encoding



SN Computer Science (2026) 7:117

Page3of12 117

Table 2 Italian selected words divided by Semantic Category (col-
umns), in brackets their English translation and in square brackets their
additional properties, this table was taken from [12]

Space exploration

Motion Unpleasantness

1 Resistenza (Endur-
ance) [L, ND]

Astronave (Space-
ship) [L, ND]

Delusione (Delu-
sion) [L, ND]

2 Scatto (Sprint) Razzo (Rocket) Guerra (War) [S,
[S, D] [S, D] D]

3 Allenamento Navicella (Shuttle)  Depressione
(Training) [L, D] [L, D] (Depression) [L, D]

4 Sforzo (Effort) [S, Cosmo (Cosmos) Odio (Hate) [S,
ND] [S,ND] ND]
S Short, L long, D Double, ND Not double

based on a combination of semantic and phonetical prop-
erties. This approach aimed at investigating the influence
of various linguistic properties on the decoding of imag-
ined speech. The properties included word semantic, word
length, and the presence of double letters in the words.
Regarding semantics, the words were categorized into three
distinct semantic classes: Motion (e.g., "scatto-sprint"),
Space Exploration (e.g., "razzo-rocket"), and Unpleasant-
ness (e.g., "guerra-war"). This categorization helps us to
understand how the brain represents words related to dif-
ferent concepts during imagined speech. For word length,
words were classified as either short (e.g., "guerra-war")
or long (e.g., "depressione-depression"). This distinction
allows us to examine the influence of word length on the
neural correlates of imagined speech. We also considered
the presence of double letters within words (e.g., "navicella-
shuttle"). This characteristic was considered because there
is a significant difference in pronunciation of double letters
vs single letters in the Italian language.

The 12 words and their properties are reported in Table 2.

Experimental Protocol

The experiment consisted of five structured sessions. Each
of the twelve words was presented once within each session,
in a randomized order. Each presentation followed a four-
phase scheme, as illustrated in Fig. 1. These phases consisted
of an initial fixation period, where participants focused their
gaze on a central fixation cross for 2 s; word presentation,
during which the target word was visually presented for
4 s; imagination period, where after having removed the
word from the screen, participants mentally pronounced the
word in a 4-seconds window; and rest period, during which

Fig. 1 Experimental protocol
pipeline, this figure was taken from

[12] + .

Guerra — —

participants were provided a brief rest interval of 5 s before
the next word presentation.

The entire protocol lasted for approximately 18 min per
subject. At the end of the protocol, participants completed
an online form to provide feedback regarding their percep-
tions and experiences during the experiment.

Preprocessing

Following data acquisition, to ensure the highest quality
and reliability for subsequent analysis, the EEG recordings
underwent a pre-processing pipeline using the Matlab plu-
gin EEGLAB [13]. This process aimed at minimizing the
influence of artifacts and noise that could potentially distort/
mask the information contained in the data. First, frequency
filtering was applied to isolate the brain activity of interest
within the frequency range of 0.05Hz to 120Hz. To further
eliminate line interference and related harmonics, notch fil-
ters were applied at SOHz and 100Hz.

Next, a visual inspection of the EEG channels was per-
formed to identify and exclude any corrupted channels
that might compromise the integrity of the data. This step
ensured that only reliable channels were used for subse-
quent analysis.

The Common Average Reference (CAR) technique was
employed to remove common noise across all electrodes and
improve the signal-to-noise ratio. This technique enhances
the clarity of EEG signals by subtracting the average activ-
ity recorded across all electrodes from each individual elec-
trode’s signal. The sampling rate of the EEG signals was
reduced from 512Hz to 256Hz, and Independent Compo-
nent Analysis (ICA) was used to remove artifacts originat-
ing from sources such as blinking and eye movements.

Following ICA, all channels, which were removed dur-
ing the artifact removal step, were reconstructed using
spherical interpolation to maintain the full spatial integrity
of the EEG data.

Feature Extraction

After preprocessing, the EEG signal was segmented into
epochs, 4-second each, centered around the event of inter-
est (e.g., word imagination). To uncover patterns within the
EEG data, a comprehensive set of feature extraction meth-
ods was applied. These methods aimed to capture various
characteristics of the cortical activity related to Imagined

b
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Speech. The extracted features can be clustered into three
main categories: statistical features, spectral features, and
complex features. Statistical features quantified basic prop-
erties of the EEG, such as mean, variance, and autoregres-
sive coefficients. Spectral features include frequency band
powers (delta, theta, alpha, beta and gamma), spectral
skewness, and other measures that describe the frequency
distribution of the cortical activity. Complex features cap-
tured the complexity of the signal patterns using metrics like
Hurst Exponent and Fractal Dimension.

In total, 34 distinct features were extracted from each
channel of the EEG signal in the time domain and through
two signal processing techniques: Discrete Wavelet Trans-
form (DWT) and Empirical Mode Decomposition (EMD).
The first technique decomposes the signal into different
scales, allowing for the extraction of features specific to
each scale. We used the "Db4" wavelet and DWT was com-
puted at seven levels of decomposition. Regarding EMD, it
extracts from the signal a set of Intrinsic Mode Functions
(IMFs) that represent different oscillatory components.

From each EEG channel, a total of seven DWT details
and five IMFs were extracted, with features computed from
each decomposition. The choice to extract seven DWT
details was made to ensure that each scale corresponded
to the frequency range of the well-known EEG bands. For
the IMFs, since different channels had varying numbers of
IMFs, we selected the first five ensuring uniformity across
all channels and maintaining consistency in the feature
extraction process.

For each epoch, all extracted features were normalized
with respect to their baseline values, computed in a 4-second
window preceding the start of the experimental protocol.

EEG pre-processing

W [ |

I L\
EEG Acquisition

Feature Extraction
AN
@; \

Talinl

o

Normalization ensures that feature values are comparable
across different channels.

Following feature extraction and normalization, the data-
set can be represented as a matrix with dimensions of 60
rows by 26,963 columns. The rows correspond to the 12
words (each repeated 5 times), and the columns represent
the extracted features for each channel,considering time-
domain signal, 7 DWT details, and 5 IMFs, multiplied by
the number of channels [61 channels*(1 time-domain sig-
nal+7 DWT details+5 IMFs)*34 features + target].

These steps were computed using predefined and custom
Matlab functions.

Classification of Semantic and Phonetic Properties
of Imagined Words

The methods used in this section, such as feature selection
and model tuning, are applied after a proper train-test split
to ensure unbiased assessment of model performance.

The pipeline employed in this study is displayed in Fig. 2
and it is entirely performed in Python.

Feature Selection

This section delineates our methodology for identifying
the most discriminative features associated with each word
property. To provide comprehensive insights, we comple-
ment the feature selection analysis with topographic maps
(TopoPlots), enabling a visual examination of the neural
channels critical to processing these linguistic properties.
Our feature selection strategy leverages a systematic,
multi-step approach designed to rigorously characterize
the most informative neural signatures underlying word

Feature Selection

Classification

) 3 ‘l
\ Properties
Sl

Fig.2 General pipeline of the study, after the classifications of the three Properties we are able to decode the word. Icons taken from “https://www.

flaticon.com”

SN Computer Science
A SPRINGER NATURE journal


https://www.flaticon.com
https://www.flaticon.com

SN Computer Science (2026) 7:117

Page50f12 117

property classification. Then, the Kruskal-Wallis test was
used to identify features statistically different among classes
(non-normality was confirmed by the Kolmogorov-Smirnov
test). Only features with p-value < 0.05 were retained. Fea-
tures underwent standardization using a Standard Scaler to
normalize their relative importance. We subsequently con-
ducted a correlation analysis to remove features exhibiting
significant multicollinearity, eliminating those with correla-
tion coefficients exceeding 0.8. Variables were prioritized
based on their Kruskal-Wallis H-statistics, with lower statis-
tics signaling more nuanced variations across different word
properties. Finally, the Maximum Relevance Minimum
Redundancy (MRMR) [14] algorithm was applied to iden-
tify features that are both informative (relevant) and non-
redundant for classification. This feature selection process
follows the optimization criterion:

> I(ajiw) (1)

T;€Sm—1

max
T € Sm

1
I(xj%c)—m

where: z; is the candidate feature being evaluated, Sy, is the
set of selected features at iteration m, .S,,,—1 is the set of fea-
tures selected in the previous iteration, I(x;; ¢) is the mutual
information between feature ; and the class ¢, I(z;; ;) is
the mutual information between features x; and x;

Maintaining an appropriate balance between feature
dimensionality and dataset size represents a critical consid-
eration in machine learning applications. We implemented
a comprehensive five-fold cross-validation framework to
address this methodological challenge, evaluating perfor-
mance across diverse classification algorithms including
Linear Discriminant Analysis, Decision Trees, Random
Forest, Support Vector Machines, and Logistic Regression.
Through systematic assessment of average validation accu-
racy, we identified the optimal MRMR hyperparameter K
(number of features), which typically ranged between 1 and
4 features. This approach ensured a favorable sample-to-
feature ratio of approximately 10:1, mitigating overfitting
concerns while preserving discriminative power.

Classification Models

Following feature selection, we employed a variety of
machine learning models to classify each word based on
its three properties (Semantic, Lenght and Presence of
Doubles). For each model, we performed hyperparameter
tuning to optimize its performance exploiting a GridSearch
approach with a 5-fold CrossValidation.

To identify the best performing model for each property
classification task, we evaluated their validation accuracy.
The model with the highest validation accuracy for each

property was chosen for the classification in the hidden test
set.

Beyond individual classifiers, we developed an ensem-
ble model utilizing Linear Discriminant Analysis (LDA)
that integrates predicted probabilities from the top-three
performing individual models. The final classification was
derived by selecting the prediction with the highest vali-
dation accuracy, whether from an individual model or the
ensemble approach.

Considering that each word is uniquely coded by its
properties, for each word, we classify the three properties
and then we build the encoding vector by concatenating the
predictions. In this way, it is possible to decode this vec-
tor retrieving the original word. We will call this procedure
Aggregation Process.

Furthermore, we defined a novel metric called Word
Distance (D). This metric provides a valuable measure by
quantifying the distance between each word and its pre-
dicted counterparts in the Properties space. Essentially, it
captures how close the predicted properties align with the
actual properties of the word.

1 L[
D= N Z 25(%‘1 = bij) ()
i=1 \j=1

where:

e D represents the distance metric.
N is the total number of words in the test set.
p is the number of properties being evaluated (3 proper-
ties in our case: Semantic Category, Length, Doubles).

® a;; represents the value of the i-th word for the j-th
property in the reference dataset.

e b;; represents the value of the i-th word for the j-th
property in the predicted dataset.

o J(asj, bij) is a Heaviside function that returns 0 if a;; is
equal to b;; and 1 if they are different.

The formula calculates the average differences between the
properties of words in the reference dataset and the predicted
words, with D representing the average distance across all
words in the test set.

Neurophysiological Analysis

We investigated the neurophysiological underpinnings of
Imagined Speech (IS) through a comprehensive power and
frequency band analysis using Matlab, employing a sub-
ject-specific approach. Our methodology focused on indi-
vidual-level neurophysiological characterization, enabling
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A SPRINGER NATURE journal



117 Page 6 of 12

SN Computer Science (2026) 7:117

subsequent comparative insights into inter-subject variabil-
ity and commonalities.

The spectral feature extraction process involved Power
Spectral Density (PSD) computation using the Welch
method, with 1-second windows and 50% overlap. We
applied Trapezoidal numerical integration to quantify power
across key frequency bands: Delta (1-4)Hz, Theta (4-8)Hz,
Alpha (8-13)Hz, Beta (13-30)Hz, and Gamma (30-120)Hz.
A predefined channel mapping method enabled spatial aver-
aging across specific cortical regions, facilitating the under-
standing of neural dynamics during Imagined Speech.

Our analysis encompassed bilateral cortical areas,
including Temporal, Frontal, Parietal, and Central regions,
with the addition of the central superior and inferior midline
area. This comprehensive approach allowed for a detailed
exploration of spatial and spectral neural signatures associ-
ated with Imagined Speech. The spatial distribution of the
areas (with their respective electrodes), is shown in Fig. 3.

We obtained 10 vectors per frequency band, amounting
to a total of 50 vectors representing the power distribution
across various brain areas. Each vector encapsulates the
power information within a specific frequency band and a
particular brain region within one of the two hemispheres.

To normalize the data, we implemented a dynamic ratio
calculation between imagination powers and baseline pow-
ers, with the baseline period comprising the initial 18 s of
the experiment during which no stimulus was provided. We
employed a sliding window technique, initially selecting the
first 4 s of the entire baseline period and computing the ratio
between the imagination power and the baseline power for
this window. The window was then shifted by one second

Fig.3 EEG electrodes and cor-
responding brain areas
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and the ratio recalculated, with this process iterated until all
18 s of the baseline were covered.

Finally, we averaged all ratios obtained from this slid-
ing window approach, effectively consolidating the data and
providing a robust representation of neural activity during
the imagination process while mitigating potential biases
from baseline selection.

Upon completing these procedures, for each frequency
power band, we constructed a matrix of dimensions 24x60,
where each column represents the power of interest for a
particular subject across the 60 imagination windows.

To assess statistical differences between rest periods and
imagination epochs, we employed a two-sided Wilcoxon
signed rank test. We visualized the data distributions using
boxplots, which effectively display median values, quar-
tiles, and potential outliers. To incorporate spatial infor-
mation, we utilized topoplots, mapping the median across
subjects of each brain area to corresponding electrodes for
each frequency band. This spatial representation enables
the identification of neural activity patterns across differ-
ent brain regions, offering a comprehensive view of power
changes during Imaginary Speech tasks.

Results

The average test accuracy across participants for the three
word properties is displayed in Table 3.

The average classification accuracy, obtained through the
Aggregation Process and averaged across all participants,
was 11.8% [8.1%; 15.3%] for the 12-class problem (clas-
sifying each word according to its three properties). This
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Table 3 Classification accuracy, in square brackets the 95% confidence
intervals, this table was taken from [12]

Property Mean accuracy over Random
subjects accuracy
1 Semantic category 35.2% [30.5%; 39.6%] 33.3%
(3-class)
Doubles (Binary) 57.2% [50.6%; 61.0%] 50.0%
3 Length (Binary) 55.8% [50.1%; 63.3%] 50.0%

average accuracy is significantly higher than the random
chance baseline of 8.33%. The confusion matrix, which
details the distribution of correct and incorrect classifica-
tions across all word properties, is visualized in Fig. 4. Fur-
thermore, considering the metric D, the average in the test
set across the participants was 1.54 vs 1.67 of random value,
validating the models’ ability to decode imagined words’
properties.

The feature selection process revealed interesting pat-
terns regarding the most informative features for classifying
each word property. For the "Semantic" property, the most
relevant features across participants included Lyapunov
exponents, mean, Autoregressive coefficients, and Hjorth
coefficients.

Interestingly, for both binary classification problems
("Length" and "Double Letter" properties), Autoregressive

Fig.4 Confusion matrix of the

coefficients were consistently identified as the most infor-
mative features by the selection algorithm.

Moreover, the best performance on the test dataset was
achieved when considering features extracted from all three
sources: time-domain signals, IMFs and DWT details. Nota-
bly, using features solely defined in the time domain (raw
EEG signal) did not yield favorable results, highlighting the
importance of extracting features that capture the dynamic
and spectral characteristics of the brain activity for success-
ful classification of imagined speech properties.

In addition to the feature selection, topographic analysis
revealed distinct patterns of channels’ importance across dif-
ferent properties that can be summarized as follows (please
refer to Fig. 5 for reference). For the semantic property, the
most relevant channels, averaged across participants, were
located in the temporal lobes of both hemispheres. Regard-
ing the length property, the analysis identified relevant
channels in the mid-line sagittal plane as the most active
for processing word length. For the double letter property,
channels related to the temporal and central lobes in both
hemispheres exhibited the highest relevance for processing
words containing double letters.

Figure 6 illustrates the topoplots depicting the spatial
distribution of power across different frequency bands dur-
ing Imagined Speech. Notably, the Wilcoxon test revealed

Confusion Matrix between subjects
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RELEVANT CHANNELS FOR “CATEGORY” RELEVANT CHANNELS FOR “LENGTH”

Fig. 6 Comparative TopoPlots between frequency band powers
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Fig. 7 Boxplots of Alpha power

Alpha Power

ratio distribution in the left Central 25
lobe and in the right Parietal lobe
2 - ]
1.5 | ,
1 Baseline
0.5
Central SX Parietal DX
Fig. 8 Boxplots of Gamma power 25 Gamma Power
ratio distribution in the left and ’
right Temporal lobes ¥
:
2 $
1.5
1 Baseline
0.5
Temporal SX Temporal DX

significant differences in all brain areas across the frequency
bands of interest during both rest and imagination for most
subjects.

The Delta band (1-4 Hz) and the Alpha band (8-13 Hz)
consistently exhibit higher activations compared to the
baseline period. In contrast, weaker activations are observed
in the Theta (4-8 Hz), Beta (13-30 Hz), and Gamma (30-120
Hz) bands during Imagined Speech.

In particular the Delta band displays strong activation
in the right central lobe and the left temporal region, while
exhibiting desynchronization in the right temporal region.

In the Theta band analysis, we observe a diminished acti-
vation in the left and right parietal regions, as well as in the
right central and right temporal areas.

Moving to the Alpha band, we note robust synchroniza-
tion in the left temporal and both central regions, juxtaposed
with a desynchronization in both parietal-occipital areas,
Fig. 7.

In the Beta band, we discern pronouncedly decreased
activation in the left central, left temporal, and both parietal-
occipital regions.

Finally, in the Gamma band we observe diminished acti-
vation in central, parietal-occipital and temporal regions,
Fig. 8.

Discussion

The proposed study investigated, as a feasibility study, the
classification of imagined word properties using EEG.

The average classification accuracy achieved by the
models varied depending on the property being classified.
For the "Semantic" property (Motion, Space Exploration,
Unpleasantness), the average accuracy was slightly above
chance level (33%), indicating some ability to distinguish
between these categories. In contrast, the binary properties
"Doubles" and "Length" yielded higher accuracies (57.3%
and 56.1%, respectively).

SN Computer Science
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The average accuracy further increased to 11.8% when
aggregating predictions across participants. This improve-
ment comes with the caveat of a more complex classifica-
tion problem (12 classes versus 8.33% random chance) and
the limited number of repetitions per word. Nevertheless,
achieving an accuracy above chance in a 12-class problem
demonstrates the potential of EEG-based classification of
semantic and phonetic word properties.

A key innovation in this study is the introduction of
a distance metric (D) facilitated by the word encoding
scheme. Previously, words were treated as entirely unique
entities, resulting in equidistant relationships between all
words. However, our approach utilizes a dense semantic
and phonetic property-based encoding space, where words
are positioned based on their shared features. Importantly,
our results demonstrate the effectiveness of decoding words
based on this encoding scheme.

These performance results must be interpreted in light of
the very limited dataset—comprising only 60 epochs per sub-
ject—and the fact that the reported accuracies represent the
average performance across 24 subjects. Moreover, the 95%
confidence intervals for the mean accuracies were all above
chance level, indicating that our approach performs reliably
even with a low number of samples. With a higher number
of samples per subject, we expect to improve the classifi-
cation performance. Notably, the accuracies reported in the
literature are typically based on a lower number of subjects,
further underscoring the robustness of our evaluation.

Nonetheless, while the classification performance is an
important metric, it is not the primary focus of this study;
rather, it serves to demonstrate the feasibility of our innova-
tive approach that characterizes each imagined word using
three distinct properties.

A significant advancement enabled by our novel word
characterization framework is the transition from traditional
one-hot encoding to a three-dimensional feature space rep-
resentation. This paradigm shift offers two key advantages:
it captures richer linguistic properties of words compared to
conventional approaches, and establishes a scalable frame-
work that can more easily accommodate new vocabulary
items in future implementations. Unlike one-hot encoding
methods prevalent in current literature, our multidimen-
sional embedding provides a more flexible and theoretically
grounded foundation for expanding the lexical inventory in
imagined speech research.

Moreover, the analysis of relevant variables across par-
ticipants revealed distinct patterns for each property. While
features like Lyapunov exponent, mean, autoregressive
coefficients, and Hjorth coefficients were significant for the
"Semantic" property, autoregressive coefficients dominated
as the most relevant variables for both binary problems.
This suggests that specific EEG features, like autoregressive
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coefficients, might consistently play a crucial role in clas-
sifying cognitive properties.

Furthermore, utilizing features extracted from multiple
sources (time domain, DWT, and IMF) proved to be advan-
tageous for classification. This emphasizes the importance
of incorporating a wide range of EEG features to capture
the intricate dynamics of brain activity during language
processing.

In addition we were able through a channel-wise analy-
sis to identify specific brain regions associated with each
property. The "Semantic" property displayed activity in
the temporal lobes of both hemispheres. "Length" exhib-
ited activation in the mid-line sagittal plane, and "Doubles"
involved channels related to the temporal and central lobes
in both hemispheres. These findings align with existing
neurocognitive theories on the neural correlates of language
processing [15], suggesting the involvement of distinct
brain regions in processing different linguistic aspects.

In the Delta (1-4 Hz) and Alpha (8-13 Hz) bands, we
observed consistent activations compared to the baseline
period. The activity in these bands aligns with previous lit-
erature suggesting a role for Alpha oscillations in cognitive
tasks involving attention and memory [16]. The heightened
Delta band activity could be indicative of the engagement
of neural circuits related to performance maintenance [17]
or to semantic processing [18]. The strong activation in the
left temporal lobe is particularly noteworthy, as this region
encompasses Broca’s and Wernicke’s areas, which are cen-
tral to language processing and production. This suggests
that Imaginary Speech tasks engage the same neural sub-
strates involved in overt speech, reflecting the cognitive and
linguistic components of the task.

In contrast, the Beta (13-30 Hz), Theta (4-8 Hz) and
Gamma (30-120 Hz) bands show weaker activations during
Imaginary Speech compared to the baseline. The Beta band
exhibited significant reductions in activity in the left cen-
tral, left temporal, and both parietal-occipital regions. This
suppression of Beta activity may correspond to a decreased
motor planning and execution demand, which aligns with
the nature of Imaginary Speech that lacks overt motor out-
put. The observed Gamma band activity, characterized by
significant desynchronization, supports the findings of [19].
This study suggests that such desynchronization is related to
the semantic and syntactic processing of words.

The spatial patterns observed, particularly the robust
activation of the left temporal lobe in the Alpha and Theta
band, reinforce the involvement of classical language
areas in Imaginary Speech. The engagement of Broca’s
and Wernicke’s areas highlights that even in the absence
of actual speech production, the brain’s language networks
are actively involved in processing and generating internal
speech.
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These results contribute to our understanding of the neu-
ral mechanisms underlying Imaginary Speech and under-
score the significance of frequency-specific neural dynamics
in cognitive and linguistic functions.

Conclusion

This study significantly progresses Imagined Speech
research through a property-based classification framework.
We demonstrate how semantic and phonetic word properties
can be effectively utilized for neural decoding, introducing
novel concepts including word properties and a distance-
based metric. Our approach establishes new possibilities for
speech representation analysis in brain-computer interfaces.

Our specific exploration into the neurophysiological
aspects of word perception has yielded intriguing insights.
The EEG features extracted from Discrete Wavelet Trans-
form (DWT) and Intrinsic Mode Functions (IMF) have
shown promise in classification, emphasizing the impor-
tance of considering variables from multiple sources. This
multifaceted approach helps capture the intricate dynamics
of brain activity during language processing.

Our channel-wise analysis sheds light into the brain
regions associated with different word properties, under-
scoring the complexity of word perception. Specifically, the
activation patterns in regions such as the temporal lobes for
semantic categories and the central and parietal-occipital
regions for phonetic and grammatical properties contrib-
ute to our understanding of the neural basis of language
processing.

Additionally, our successful attempt in classifying word
length as a task opens new research dimensions, such as
regression models to predict the exact number of letters in a
word. This represents a more intricate and challenging facet
of Imagined Speech Detection, offering exciting possibili-
ties for future investigations.

In conclusion, we envision a future marked by signifi-
cant developments in Imagined Speech recognition, where
the convergence of artificial intelligence, neuroscience, and
linguistics holds immense promise. Our study provides a
solid foundation for further exploration, paving the way
toward a more comprehensive understanding of Imagined
Speech Detection. The path ahead promises deeper insights,
increased functionality, and broader applications at the
intersection of human cognition, language, and technology.
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