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Abstract—Imagined speech decoding from non-invasive
electroencephalography remains a challenging problem, especially
when moving beyond small vocabularies and optimistic evaluation
protocols. This work revisits the Arizona State University (ASU)
imagined speech dataset and treats it as a rigorous ten-class
benchmark, with a focus on offline, corpus-level analysis rather
than real-time deployment. After unifying all recordings into S s
epochs at 256 Hz, 6,520 trials with 60 EEG channels were
preprocessed using bandpass filtering, baseline correction, z-score
normalization, and trial-wise ICA for artifact attenuation. On top
of this pipeline, a comprehensive feature representation was
constructed that combines common spatial patterns, discrete
wavelet statistics, time-domain moments, autocorrelation
coefficients, power spectral density band powers, and Hjorth
parameters into a single 5,120-dimensional vector. A block-wise
ablation indicates that autocorrelation, CSP, PSD, and Hjorth
features carry most of the discriminative information in this
setting, while wavelet and simple statistical descriptors contribute
little and can be removed without harming performance. Using
only the informative blocks (3,440 features), a multinomial logistic
regression classifier reaches about 0.41 accuracy and 0.42 macro
F1 on the ten-class task, roughly four times chance level. A multi-
layer perceptron and a CNN-LSTM model, trained under the
same splits and with class weighting, do not outperform this linear
baseline and exhibit stronger overfitting. Within the evaluated
protocol, these findings suggest that carefully engineered features
capture most of the discriminative structure accessible on this
corpus, and that deeper models add complexity without clear
benefit. The study provides a transparent baseline and a feature-
level analysis that can serve as a reference point for future work
on imagined speech recognition and transfer learning across EEG
corpora.

Keywords—EEG-based imagined speech; ASU imagined speech
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I.  INTRODUCTION

Electroencephalography (EEG) based imagined speech
recognition has emerged as a promising route toward silent
speech interfaces for users who cannot rely onthe vocal tract,
for example people with advanced neuromuscular disease or
severe dysarthria. By decoding internal speech representations
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directly from cortical activity, such systems aim to restore basic
communication with minimal motor effort and without external
articulation. Recent surveys on silent speech interfaces and
EEG-based brain computer interfaces consistently highlight
imagined speech as one of the most challenging yet societally
important application domains [1], [2].

Despite rapid advances in deep learning, the performance of
noninvasive imagined speech decoders remains modest when
evaluated in realistic conditions. Most published studies operate
on highly constrained tasks, such as binary vowel classification
or discrimination between a few short words, and often use
subject-specific models with carefully tuned pipelines. Reported
accuracies in these settings typically lie around 70 to 80 percent,
butthey tendto fall toward 20 to 50 percent once the vocabulary
isexpanded, the class structure becomes more heterogeneous, or
evaluation protocols adopt stricter cross-validation schemes [3],
[4]. This gap between optimistic benchmark numbers and robust
multiclass performance has motivated calls for more systematic
baselines and ablation studies that clarify what can realistically
be achieved with currentsensors, preprocessing strategies, and
feature representations.

The Arizona State University (ASU) imagined speech
corpusis one of the few publicly available datasets that support
such analysis [5]. It contains multi-session EEG recordings of
shortwords, longer phrases and isolated vowels, acquired at 256
Hz with a high-density montage and segmented around the final
auditory cue [6]. Compared with smaller imagined speech
datasets, ASU introduces several sources of difficulty that are
frequently encountered in real use: multiple lexical categories,
variable trial lengths, and imbalanced class distributions that
reflect differences in the number of repetitions per condition.
Previous work on ASU has mainly focused on end-to-end
architectures that combine time frequency representations with
convolutional or recurrent neural networks, usually reporting
single model accuracies without detailed inspection of the
underlying feature space [7].

In parallel, the broader EEG community hasdevelopedarich
toolbox of handcrafted feature extractors, such as common
spatial patterns, wavelet coefficients, spectral band powers and
Hjorth parameters, that have proved effective in motor imagery
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and other BCI paradigms [2]. However, their behaviour in the
context of imagined speech is less well documented. Many
studies adopta fixed subset of features without quantifying how
each block contributes to classification, whether different
descriptors are redundant or complementary, or how simple
linear classifiers compare with more elaborate deep
architectures when both are applied to the same feature space.
This lack of systematic feature-level analysis makes it difficult
to interpret negative results, to compare methods across papers,
or to design compact models that might eventually runin real
time on portable hardware.

The presentwork addresses these gaps througha deliberately
transparent study of EEG-based imagined speechrecognitionon
the ASU dataset. A reproducible preprocessing pipeline is first
constructed that performs channel selection, bandpass filtering,
baseline correction, trial length normalization and artifact
removal using independent component analysis. The cleaned
signals are then transformed into a large unified feature set... On
top of this representation, several strong but interpretable
classifiers are evaluated, including multinomial logistic
regression, linear support vector machines, multilayer
perceptrons and a lightweight CNN LSTM network, using
consistent trainvalidationtest splits and macro-averaged metrics
to account for label imbalance. The intended deployment
scenario is explicitly offline: the goal is to characterise what
handcrafted EEG features can achieve on the ASU corpus under
a fixed evaluation protocol, rather than to prototype a real-time
BCI. Theresultingbaselinesare framedas a diagnosticreference
thatany subsequentreal-timesystem, with its tighter latency and
subject-adaptation constraints, would have to match or exceed.

Beyondreporting headlineaccuracies, particular emphasis is
placed on understanding which feature families actually support
discrimination in this ten-class imagined speech task. A leave-
one-block-out analysis and reduced feature experiments
quantify the marginal contribution of each feature group and
show, perhaps counterintuitively, that a smaller subset that
combinesspatial filters, autocorrelation, band power, and Hjorth
parameterscan matchor slightly improve the performance of the
full feature set. These results provide a nuanced picture: overall
macro F1 scores remain in the range of 0.40 to 0.44, which
confirms the intrinsic difficulty ofthe problem on this dataset,
yet the systematic ablations reveal meaningful structure that can
inform subsequent model design.

In summary, this study makes three main contributions.
First, it offers a carefully documented preprocessing and feature
extraction pipeline for the ASU imagined speech corpus that
other groups can reuse as a common baseline. Second, it
provides a comparative evaluation of classical and deep
classifiers on a unified feature space, highlighting where
additional model complexity does and does not translate into
improved generalization. Third, it delivers a detailed feature-
level analysis that clarifies which descriptors carry the most
useful information for ten-class imagined speech recognition.
Taken together, these contributions position transparent
baselines as an essential complement to more ambitious end-to-
end architectures, helping the field move toward more realistic
expectations and more robust future systems.
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The remainder of this study is organised as follows:
Section Il reviews related work on EEG-based imagined speech
recognition, with particular attention to the ASU corpusand to
feature engineering practices in non-invasive brain—computer
interfaces. Section III describes the proposed methodology,
including the preprocessing pipeline, the multi block feature
extraction scheme, and the classification models and evaluation
protocols. Section IV presents the experimental results on the
ten-class ASU task, reports the feature ablation and model
comparison findings, and discusses their implications for future
imagined speech systems. Finally, Section V summarises the
main conclusions, highlights the limitations of the currentstudy,
and outlines several directions for extending the work through
cross-dataset transfer learning and more compact real-time
implementations.

II. RELATED WORKS

Research on EEG-based imagined speech recognition has
expanded notablyin the last five years, but performance remains
far below that of motor imagery or overt speech decoding.
Recent systematic reviews show that most EEG speech imagery
systems are evaluated on small, highly constrained vocabularies
and often under subject-dependent protocols, where models are
trained and tested on the same individual. Under such
conditions, reported accuracies can exceed 80 %, yet they
typically fall to the 40—60 % range when the vocabulary grows,
when multi-class settings are used, or when cross-subject
generalisation is considered [8]. This gap between optimistic,
laboratory-scale results and more realistic, multi-class
performance is central to the present work.

A first line of recent studies still relies heavily on hand-
crafted features combined with relatively shallow classifiers.
Before surveying individual contributions, it is useful to fix the
three axes along which they differ most and that determine
whether a reported number is directly comparable to another: 1)
the scale and paradigm of the dataset, including the number of
participants, the number of imagined classes, and whether the
corpus uses short vowels, isolated words, phrases or continuous
material; 2) theevaluationprotocol, spanning subject-dependent
versus cross-subject splits, stratified trial-level versus session-
level partitioning, and whether macro-averaged metrics are used
in the presence of class imbalance; and 3) the model class,
ranging from linear projections on engineered features to
convolutional, recurrent or hybrid deep architectures operating
on raw or minimally processed EEG. Headline accuracies that
look superficially similar can correspond to very different tasks
alongthese axes, and most of the apparent disagreement in the
literature dissolves once studies are stacked against this grid.
The studies surveyed below are ordered accordingly, moving
from small-vocabulary subject-dependent pipelines with
shallow classifiers toward multi-class, cross-subject deep
models,and are referencedback to this frame whenever they are
introduced.  These  works  exploit  time-frequency
decompositions, power spectral descriptors, and spatial
projections such as common spatial patterns in order to enhance
signal-to-noise ratio before classification. For example, deep
metric learning has been used to map EEG trials for five vowels
and six words intoa latentspace where distances reflect phonetic
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similarity, achieving around 45 % accuracy in a six-word
imagined speech task despite strong inter-subject variability [9].
Other studies report comparable performance when combining
wavelet-based features with traditional machine learning
models, particularly when the number of commands is limited,
and the recordingprotocolis tightly controlled [6]. Theseresults
suggest that carefully engineered features can extract some
discriminative structure from EEG speech imagery, but they do
not fully resolve the problem of class overlap in larger label
spaces.

More recent work has shifted towards deep learning
architectures that operate directly on raw or minimally
processed EEG. Abdulghani et al. used wavelet scattering
representations of 8-channel EEG and an LSTM network to
classify four imagined directional commands, reporting an
accuracy ofabout92.5 %under a subject-specific setting, which
illustrates how recurrent models can capture temporal dynamics
when the task is well constrained [10]. In contrast, when the
vocabulary increases and multi-class decoding is attempted,
accuracy tends to decline. Alharbi et al. proposed hybrid 3D
CNN-StackLSTM and 3D CNN-BiLSTM models that operate
on sequences of EEGtopographic maps for fiveimagined words
in the BCI2020 dataset. Their best model reached an average
accuracy of roughly 45 %, with substantial variability across
subjects, even though the architecture explicitly encodes both
spatial and temporal information [11]. Similar hybrid CNN-
BiLSTM systems, often combined with wavelet-based front-
ends or metaheuristic feature selection, have shown strong
single-subject performance but less convincing cross-subject
generalisation [12].

Another strand of work explores transfer learning and
representation learning to mitigate the scarcity of labelled
imagined speech data. Lee et al. applied deep metric learning to
jointly optimise a feature space for vowels and words, enabling
reuse of representations across tasks and datasets and achieving
mid-40 % accuracy for six-class problems [9]. Other authors
have investigated transfer learning from overt speech or from
related EEG paradigms. One recent study proposed a transfer
learning framework that jointly extracts temporal and spectral
features, then fine-tunes a classifier on limited imagined speech
trials, showing consistent but modest gains over training from
scratch [13], [14]. These approaches underline that cross-task
and cross-corpus transfer is feasible, yet the improvements are
incremental and far from closing the gap to practical
communication rates.

The limitations of current performance are closely tied to
data availability. For many years, researchers relied on small
institutional datasets with a handful of commands or vowels,
which restricted the diversity of linguistic material and impeded
robust evaluation. The recent release of the Chinese Imagined
Speech Corpus (Chisco), which contains more than 20,000
sentences of high-density EEG per subject, is a major step
forward and offers a much richer testbed for neural language
decoding from EEG [15]. However, most published work with
Chisco and similar corpora is still at an early stage and often
focuses on feasibility demonstrations rather than systematic
baselines across feature families and model classes [8].
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Against this backdrop, the present study takes a deliberately
conservative and diagnostic perspective. Instead of aiming fora
complex, highly tuned end-to-end model, the analysis is
performed on a medium-scale imagined speech dataset (ASU)
that contains ten classes and 6,520 trials, using a rich but
interpretable feature space that combines common spatial
pattemns, discrete wavelet features, statistical descriptors,
autocorrelation, band-power estimates, and Hjorth parameters.
The discriminative contribution of each feature family is then
quantified by analysing block-wise performance with linear
models and by comparing these baselines to compact neural
architectures such as multilayer perceptrons and CNN-LSTM
hybrids. The results, which cluster around 40—44 % macro F1
for ten-class classification, are consistent with the more
demanding multi-class findings in the recent literature and
provide a transparent reference point for future work on transfer
learningand model compressionin EEG-based imagined speech
recognition.

III.  MATERIALS AND METHODS

This section describesthe complete processing pipeline used
in this study, from raw electroencephalographic (EEG)
recordings to the classification of imagined speech commands.
The workflow is organised into three tiers. Tier 1 covers data
acquisition from the ASU imagined speech corpus and the
preprocessing applied to the 60-channel EEG signals, including
filtering, baseline correction, artefact rejection, and quality
control. Tier 2 details the feature engineering stage, in which six
complementary feature blocks are extracted and combined into
a reduced 3,440-dimensional representation. Tier 3 introduces
the discriminative models and evaluation procedures that
operate on this compact feature space. An overview of these
stages and their dependencies is summarised in Fig. 1.

A. Dataset and Labelling

The ASU imagined speech dataset was collected by the
Human Oriented Robotics and Controls (HORC) laboratory at
Arizona State University using a 64-channel BrainProducts
ActiCHamp amplifier. Recordings were acquired from 15
healthy volunteers (11 males and 4 females), who were
instructed to silently rehearse visually and auditorily cued
prompts without overt articulation or muscle movements. The
vocabulary comprised four groups of stimuli: short commands

“in”, “out”, “up”), long words (“cooperate”, “independent”),
short-long combinations (“in”, “cooperate”), and sustained
vowels (/a/, /i/, /u/). Each trial followed a structured cueing
protocol thataligned the onset of imagined speechrelative to a
sequence of auditory beeps, a design that is now standard in

imagined speech paradigms [5], [16].

This study focused on the "last-beep" interval, that is, the
segment immediately preceding the final cue, which has been
reported to concentrate the most stable imagined speech activity
while limiting contamination from anticipatory and post-
movement processes [16]. After aggregatingallusable filesand
retaining only last-beep epochs, a total of N = 6520 trials
distributed across ten imagined classes. These classes
correspond to three short commands (“in”, “up”, “out”), two

longwords (“cooperate”, “independent”), two short—long phrase

conditions (“cooperate”, “in”), and three vowels (“a”, “i”, “u”).
For supervised leaming, each semantic class was mapped to an
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integer label y € {0, ...,9}, following a consistent mapping used
throughout the subsequent analysis and model training.

The original  montage contained  dedicated
electrooculography (EOG) channels that are useful for artefact
detection but not for decoding imagined speech. For each trial,
the designated EOG indices (0, 9, 32, and 63 in the original
layout) were removed, and the first C = 60EEG channels as the
workingmontage. All signals were sampled at f, = 256Hz,and
trial lengths varied slightly across recordings because of minor
differences in cue timing and file boundaries. Before feature
extraction and modelling, these variable-length epochs were

Tier 1: Data & Preprocessing
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transformed into a fixed-size tensor through the preprocessing
pipeline described in Section II1.B. The chosen epoch length of
approximately 5 s corresponds to the full last-beep interval
defined by the ASU acquisition protocol and used in previous
ASU-based analyses; it encompasses the imagined articulation
itself together with a short post-cue window during which
sustained speech-motor activity has been reported. Shorter
windows would truncate this sustained activity and eliminate the
lagrange exploited by the autocorrelation and Hjorth descriptors
introduced later, whereas substantially longer windows would
reintroduce pre-cue anticipation and post-trial drift that the last-
beep alignment was designed to avoid.

@; ASU EEG

60 channels, 6520 trials,

v Preprocessing
Bandpass 1-70 Hz | Baseline) Z-score) IE_AJ Length 55

10 classes.

QC & Stats
Label balance | Channel variance | Band power

-
]

Tier 2: Feature Engineering

Feature Blocks

PSD bands

CSP

Block Analysis Reduced Set
LOBO tests 3440 dims

Tier 3: Models & Insights

LogReg

=
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Classifiers
S E

Insights
« Features matter
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* Linear strong
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Fig. 1. Overview of the proposed EEG imagined speech recognition pipeline on the ASU dataset

B. Preprocessing Pipeline

All preprocessing was implemented in Python using MNE-
Python together with standard scientific libraries (NumPy,
SciPy, scikit-lean). The design goal was to obtain artefact-
reduced and temporally aligned trials while preserving the
spectral content that is typically informative for imagined
speechand BCItasks[17]. The same sequence of operations was
applied to every trial: temporal alignment by zero-padding or
truncation, band-pass filtering, baseline correction, trial-wise z-
score normalization, and independentcomponent analysis (ICA)
for artefact attenuation. Fig. 2 displays the raw versus the
preprocessed data for the dataset using our pipeline.

Let x.(t)denotetherawsignal fromchannel c € {1, ..., C}at
discrete time index t, with trial-specific length T. First, a
common temporal length T, , defined as the maximum
number of samples across all trials in the dataset. For trials
shorter than T,,,,,we applied zero-padding at the end, and for
trials longer than T,,,,we truncated the surplus samples:

_ x,(t), 0<t<T,
xc(t)z{of() T<t<T, ()

max’
This operation produces a temporally aligned representation
without interpolation, which helps preserve the phase

relationships of oscillatory activity that are often exploited in
EEG decoding[18]. Atthisstage,eachtrial hasshape C X Ty .-

To suppress slow drifts and high-frequency sensor noise
while retaining the classical delta to low-gamma range relevant
for cognitive and speech-related processes, a zero-phase fifth-
order Butterworth band-pass filter with passband [fioy, frign] =
[1,70]Hz. The filter was implemented using forward-backward
IR filtering (filtfilt) to avoid phase distortion [19]. For each
channel, the band-passed signal is:

yc(t) = TBP(fc(t);fxom =1 HZ'fnvm =70 HZ)’ (2)

where, Fgp denotes the zero-phase band-pass operator
applied along the time axis.

Slow baseline shifts were then removed at the trial level. For
the ASU dataset, a dedicated baseline interval of 200 ms was
available at the beginning of each epoch. Let B be the set of
baseline time indices, corresponding to [0,0.2]s at 256 Hz. The
baseline mean for the channel c is:

HEse = ¥ e e(t). 3)

The baseline-corrected signal is then:

z.(t) = y () — . 4)
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Fig.2. Raw versus processed classes of the ASU dataset.

When a dedicated baseline window is not explicitly defined,
the first 5% of the trial can be used as an approximate baseline,
which is a common practical choice in continuous EEG
paradigms [20].

To stabilise subsequent covariance-based methods and
ensure that channels contribute on comparable scales, trial-wise
z-score normalization was performed per channel. For each
channel c, the mean and standard deviation of the baseline-
corrected signal were computed over the entire trial,

1 _
Ue = ﬁZf’:"&x ! Zc(t)' (5)
1 _
0= (=Sl @®O-p©
and obtained the normalized time series:
%(t) = 0k (M)

octe

where, € is a small constant used for numerical stability.
This per-trial normalization mimics the standardisation
strategies widely adopted in deep EEG models and large-scale
BCI datasets [21], [22].

Residual eye movements and muscle artefacts were
attenuated using ICA. For each trial, an MNE RawArray was
constructed with € = 60 channels and sampling rate f; =
256 Hz, and estimated an ICA decomposition with as many
components as channels. Let X € R®max  denote the
normalized multichannel signal. ICA models X as a linear
mixture of statistically independent sources:

X =AS (8)

where, A € R¢*C is the mixing matrix and S € R¢*Tmax
contains the independent components. Components whose time
courses and topographies resembled canonical ocular or
myogenic artefacts were excluded heuristically, following
established guidelines for EEG artefact handling [23]. The
cleaned signal is then reconstructed as:

N A

X =48 )

where, S equals S with the identified artefact components
set to zero. ICA-based correction remains one of the most
effective approachesfor denoising EEGin both clinical and BCI
contexts [24].

After preprocessing, each trial is represented by a cleaned
tensor X € R "max . Stacking all N = 6520 trials yields the
final preprocessed dataset:

Y NXCXT,
X eR max,

(1)

which serves as the input to the subsequent feature extraction
and classification stages described in the following subsections.

C. Feature Extraction

We designed a unified feature extraction block that
compresses each preprocessed trial into a 5120-dimensional
vector. The block combines six complementary descriptors:
spatial filters from Common Spatial Patterns (CSP), time
frequency statistics froma discrete wavelet transform, low-order
time domainmoments, lagged autocorrelation, band power from
power spectral density (PSD), and Hjorth mobility and
complexity. Similar hybrid designs have been shown to
outperform single-family features in motor imagery and speech
imagery BCls, since they capture both transient and sustained
dynamics across multiple scales. The resulting representation is
deliberately broad rather than minimal: the intent is to expose
redundancy between feature families so that the block-wise
ablation in Section IV-B can quantify which descriptors
genuinely contribute and which can be removed. All features
were computed per trial and concatenated, thennormalised once
at the end using a single StandardScaler fitted on the training
partition, avoiding information leakage into the test set. The
trade-off between feature breadth and redundancy is examined
directly in the ablation results, and the reduced 3,440-
dimensional subset is presented there as the operational
representation used by the classifiers [25].

1) Common spatial patterns: To capture spatially
discriminative activity across electrodes, CSP was appliedina
one versus rest setting for each imagined class. Let denote a
single trial with channels and time samples, and let and be the
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class averaged covariance matrices for the target classand the
pooledbackground, respectively. For each binary problem CSP
solves the generalised eigenvalue problem X € R*TCTE, X, :

I Wi = A Z, Wy, (12)

where, wy, is the k-th spatial filter and 4, the associated
eigenvalue. Projectingthe trialas z, = W,I X and computing the
log-normalised variance:
GSP _ var(zy)
fk - g Zj Var(zj) (13)
yields CSP features that emphasise spatial patterns with

maximal class-specific variance [26]. The implementation
allocates Ny, filters per class, chosen adaptively from the

number of channelsand classes, whichin the ASU configuration
results in 60 CSP features per trial.

2) Wavelet-based time frequency statistics: Fine-grained
time frequency structure was represented using a Level 3
Discrete Wavelet Transform (DWT) with a Daubechies 4
Mother Wavelet. Db4 is frequently adopted in EEG work
because it provides compact support and smooth oscillatory
atoms that align well with dominant EEG rhythms in the alpha
and beta ranges [6]. For each channel, the preprocessed time
series is decomposed into one approximation and three detail
coefficient vectors. For each coefficient vector of length six,
statistics are computed:c_x.(t){c,}}_on

U :% i=1 Ci (14)

0 = =¥y (=) (15)
skew =% r, (Ci;“)3, (16)
kure =Ly, (44 (17)

along with the minimum and maximum of c. Concatenating
these statistics across all levelsand 60 channels yields a 1440-
dimensional DWT feature block that captures transient, band-
limited changes associated with imagined speech cues [27].

3) Time domain statistics: To summarise coarse
distributional properties in the time domain, four low-order
moments are computed directly from the baseline corrected and
normalised signal. For each channel, we estimate the mean,
standard deviation, skewness, and kurtosis over time and
concatenate them across channels. The resulting 240-
dimensional block provides a compact characterisation of
overall amplitude, variability, and waveform asymmetry.
Although simple, such statistics have been reported to add
complementary information when combined with more
structured features in EEG classification tasks [28] cx.(t).

4) Autocorrelation features: Imagined speech tends to
recruit sustained, quasi-rhythmic activity that extends over
several hundred milliseconds, and articulatory-motor planning
signals have been reported to unfold over comparable
timescales in overt and covert speech paradigms. To capture

Vol. 17, No. 4, 2026

these temporal dependencies, the one-sided autocorrelation is
computed for each channel up to a maximum lag samples,
which corresponds to approximately 0.2 s at 256 Hz. This
horizonis short enough to avoid washing out the moment-to-
moment dynamics of a 5 s trial, yet long enough to span the
dominant alpha/beta cycles (roughly 50-400 Ms) that are
implicated in speech-motor and sensorimotor integration, and it
is comparable to the autocorrelation ranges adopted in earlier
imagined-speech and motor-imagery feature studies. For

channel, 7,,,,, = 50c:

1,(7) = X1 x ()% (t+T),T=0, ..., Tyay (18)

The first 50 autocorrelation coefficients per channel are
concatenated to form a 3000-dimensional block across all 60
channels. These features encode the decay and periodicity of
channel-wise dynamics without imposing stationarity
assumptions and have been shown to benefit EEG-based
decoding of cognitive and motor states [29].

5) Power spectral density and band power: Frequency-
specific information is extracted using Welch's Method for PSD
Estimation. Each channel is segmented into overlapping
windows, tapered with a Hamming window, and the
periodograms are averaged to obtain. The PSD is then
integrated within five canonical bands PSD.(f):

P? =Y reisn) PSDS), (19)
Pcﬁ = Zfe[13,30) PSD.(f), (20)
Pc5 = ZfE[O.SA) PSD.(f), 21
Pl = Zf€[8,13) PSD.(f), (22)
PY =230 PSD(f), (23)

yielding five band powers per channel and 300 PSD-based
features per trial. Band power in these ranges remains a
workhorse descriptor in motor imagery and speech imagery
BCls and offers a robust, interpretable link to underlying
oscillatory processes [30].

6) Hjorth parameters: Finally, Hjorth mobility and
complexity parameters are computed, which summarise the
spectral content of a signal using simple varianceratios in the
time domain. For channel, let denote the time series, its first
discrete derivative, and its second derivative. Mobility and
complexity are defined as cx.(t)x. ()X, (t):

. _|var(x.(t)
mobility, = ’var(xC(t)), (24)
var(x.(t))
var(x(t))

complexity, = /mobility,. (25)

These quantities reflect the dominant frequency and the
change in frequency over time and have been repeatedly
validated as efficient EEG features for BCI and clinical
applications [31]. Concatenating mobility and complexity
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across the 60 channels produces an 80-dimensional Hjorth
feature block.

7) Feature normalisation and reduced subset: All six
blocks are concatenated to form a feature matrix, where trials.
A single StandardScaler is then fitted on to obtain normalised
features with zero mean and unit variance per dimension, which
areused by both linearand deep models. To reduce redundancy
and computational cost, we also define a reduced subset by
retaining only the CSP, Autocorrelation, PSD and Hjorth
Blocks, resulting in a 3440-dimensional representation. As
discussed laterin the results, this subset preserves most of the
discriminative structure in a simple Multinomial Logistic
Regression Analysis, while substantially lowering the input
dimensionality for the neural classifiers. F € RVNX5120N =
6520F F.

D. Model Architectures and Training Procedure

All classification experiments on the ASU imagined speech
dataset were carried out on the reduced feature representation
described in Section III-C. Each trial is represented by a 3440-
dimensional vector x € R3%4% | obtained by concatenating
spatial (CSP), temporal (autocorrelation), spectral (PSD), and
dynamical (Hjorth) descriptors from the preprocessed EEG. The
ASU corpus contributes 6520 labelled trials with ten classes
(y €{0,...,9}), corresponding to short, long, short-long, and
vowel commands. This setting allows us to decouple model
behaviour from low-level signal processing and to focus on how
different architectures exploit the same feature space, in line
with recent work on deep learning for EEG-based BCls.

1) Baseline and deep architecture: Three discriminative
models were considered: a Multinomial Logistic Regression
Baseline, a Multilayer Perceptron (MLP), and a Deeper CNN-
BiLSTM-FCNN Hybrid. The motivation for this choice was

(A) Logistic Regression Baseline

(B) Multilayer Perceptron (MLP)
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comparative rather than architectural optimisation. The linear
model establishes an interpretable reference in the same feature
space. The MLP tests whether a modest amount of non-linear
recombination of the engineered features improves
discrimination. The CNN-BiLSTM-FCNN is included as a
deliberate stress test: although the 3,440-dimensional feature
vector is a heterogeneous concatenation of spatial, spectral and
temporaldescriptors and therefore lacks the strict local ordering
that convolutions typically exploit in raw EEG decoding, this
architecture has been reported to improve performance on pre-
engineered EEG features in several imagined-speech studies.
Including it on the same representation allows an empirical test
of whether any residual sequential structure along the feature
axis can be recovered by a deeper sequence model, and if so, at
what computational cost. Alternative architectures that are
better suited to tabular inputs — for instance, gradient-boosted
ensembles or attention-based tabular encoders — are considered
promising directions for follow-up work but are not evaluated
here, so as to preserve a controlled three-way comparison on a
common feature space. All three implement the same
probabilistic mapping via a softmax output layer, but differin
how they transform the input features. The detailed
architectures of the three classifiers are illustrated in Fig. 3:

Pe (¥ 1 ).
For the logistic regression baseline, the conditional class
probabilities are given by:

exp (Wi x+by)

pg(y= k |X) =W,k = O, ,C — 1, (26)

with C = 10 and 8 = {wy, b, }$Z3. This model provides a
well-understood linear baseline to contextualise the gains from
non-linear feature transformations.

(C) CNN-BIiLSTM-FCNN Hybrid

Softmax Output (10 classes, p(y|x))

A A

L Dense (64) + ReLU + BN + Dropout (0.4)
A

[ Dense (64) + ReLU + BN + Dropout (0.3) ]

A

( BiLSTM (48) + Dropout (0.3, 0.2)

G

Linear Projection (W, b) ]

J

( Dense (128) + ReLU + BN + Dropout (05) |
4

]

]

[ BIiLSTM (48, return_seq=True) + Dropout (0.3, 0.2)

A r

( Dense (128) + ReLU + BN + Dropout (0.4) |
h

*
( Conv1D (96, k=5) + ReLU + BN + MaxPool1D (2)

A

( Dense (256) + ReLU + BN + Dropout (0.4) | £
h

[ Conv1D (64, k=7) + ReLU + BN + MaxPool1D (2)

]
]

5
L Reshape to (3440, 1) Sequence J

—

Input Feature Vector x € R3440

Fig.3. Modelarchitectures used in the ASU experiments: (A) Logistic regression baseline, (B) Multilayer perceptron with three hidden layers, and (C) CNN—
BIiLSTM-FCNN hybrid operating on the 3 440-dimensional feature sequence.
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The improved MLP operates directly on x and stacks three
fully connected hidden layers with batch normalisation and
dropout. If h(®) = x_ each hidden layer [ computes

h® = ¢(W(1)h(l—1) + b(l)), (27)

Where, ¢ (+) is the rectified linear unit (ReLU). The final
softmax layer produces y = softmax (W®h@=D + b)), All
dense layers areregularised with an £, penalty on the weightsto
reduce overfitting in this relatively high-dimensional space.
Such compact MLPs have been found competitive on
engineered EEG features when the sample size is modest.

The CNN-BiLSTM-FCNN model treats each feature vector
as a 1D sequence of length 3440 with a single channel and
therefore secks local patterns along the feature axis. Two 1D
convolutional blocks first extract local motifs:

Vol. 17, No. 4, 2026

2 = ¢(; Te w40 +5O),

followed by batch normalisation and max pooling to build
increasingly abstract representations. The resulting sequence of
feature maps is fed to stacked bidirectional LSTM layers that
capture longer range dependencies by processing the sequence
inboth forwardand backward directions. Bidirectional recurrent
architectures are known to improve sequence modelling in
speech and EEG applications by exploiting past and future
context. The final temporal embeddingis passed through a small
fully connected head with ReLU, batch normalisation, and
dropout before the softmax classifier.

(28)

Table 1 summarises the main architectural choices. All
hyperparameters are fixed across experiments on the ASU
dataset in order to attribute performance differences to the model
families rather than to extensive tuning.

TABLE I. TRAINING AND OPTIMIZATION SETTINGS FOR THE THREE CLASSIFIERS ON THE REDUCED ASU FEATURE SET
Input - i Max . . Regularisation/class
Model shape Optimizer Initial LR epochs Batchsize | Early stopping LR schedule weighting
. L2-regularised
Logistic (3440) multinomial - - - - - ¢, penalty on W
regression solver class_weight = balanced
factor 0.5, | ¢, on all dense layers,
MLP = (deep | 344 Adam 3x10-4 150 64 val_loss, 25 patience 8, | batchnorm, dropout 0.4—
baseline) . _s
min_Ir 10 0.3
CNN- factor 0.5, | ¢, on FC layers, batch
BiLSTM- (3440,1) Adam 3x10—4 120 64 val loss, 20 patience 6, | norm, dropout 0.5-0.4,
FCNN hybrid min_Ir 105 class_weight = balanced

2) Loss function, class weighting, and optimization: All
models are trained with a weighted categorical cross-entropy
loss. Given a training set, the objective is {(X;,¥;)}¥ :

1
L) = _52?21 wy,log pg i 1x)), (29)

where, w,, isthe class weightassociated withlabel y;. Class

weights are computed inversely proportional to class
frequencies in the training partition, which mitigates the
moderate label imbalance observed in the ASU corpus and
avoids the need for synthetic oversampling. Similar class
reweighting strategies are standard practice in EEG
classification when some commands appear less frequently than
others.

As illustrated in Table I, all neural models use the Adam
optimiser with an initial learning rate of 3 X 10™*. Training
proceeds for a maximum of 150 epochs for the MLP and 120
epochs for the CNN-BiLSTM-FCNN, using mini-batches of
size 64. To reduce manual tuning, a Reduce-on-Plateau
scheduler halves the learning rate whenever the validation loss
fails to improve for several epochs (8 epochs for the MLP, 6 for
the CNN-BiLSTM-FCNN), with a floor at 105, Early stopping
with patience of 25 epochs (MLP) and 20 epochs (CNN-
BiLSTM-FCNN) restores the weights that achieve the lowest
validation loss, which helps to prevent overfitting and stabilises
the reported results.

3) Data partitioning and evaluation metrics: For each
model, the 6520 ASU Trials are split with stratification into
training, validation, and held-out test data. Stratification
preserves the empirical label distribution across splits and

ensures that rare classes are represented in both validation and
test sets. No subject-specific information is used in this stage,
since the goal of this experiment is to characterise how well
different architectures exploit the engineered feature space
rather than to probe cross-subject generalisation
60%, 20%, 20%.

The data were split atthe trial level intotrain, validation, and
test partitions 060 %, 20 %, and 20 %, respectively, preserving
the mild class imbalance described in Section III. To report
performance in a way that is robust to this imbalance, overall
accuracy and macro-averaged F1 are the primary metrics of
interest. Allmodelswere trained with a single fixed random seed
to keep the three-way comparison on strictly identical splits; the
resulting point estimates should therefore be read as single-run
performance on the held-out test set rather than as means of a
sampling distribution. A formal repeated-runs analysis with
confidence intervals over multiple seeds and resampled
stratified splits is a natural next step and is discussed among the
study's limitations. Accuracy is defined as:

_1gn S
Acc = =¥, 1P =y} (30)
while macro-F1 averages per-class F1 scores,
1 2Ipeyoov, Recall
FIM = 2Tt treasioncreeay  GD
K Precisiong+Recally,

with K = 10 classes. Macro-F1 is particularly informative
for imagined speech where some commands are intrinsically
harder to discriminate than others. This metric treats all classes
equally, which is crucial in imagined speech tasks where
misclassifying a rarely used command can be more problematic
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than misclassifying a frequent one. Confusion matrices and full
per class precision, recall, and F1 scores are additionally
reported to reveal systematic confusions between short, long,
and vowel commands and to support later qualitative analysis of
error patterns.

Taken together, this design yields a controlled comparison
between a linear baseline, a compact deep MLP, and a more
expressive CNN-BiLSTM—-FCNN architecture on exactly the
same ASU feature representation.

IV. RESULTS AND DISCUSSION

A. Overall Classification Performance

After feature engineeringandblock-wise reduction, the ASU
imagined speech dataset yielded a compact representation of
6,520 trialsin a 3,440-dimensional feature space withten classes
(three vowels, three phrase variants, and four directional
commands). Table II summarises the test performance of the
three classifiers evaluated on the reduced feature set.

The numbers are consistent with the bar plotin Fig. 4, which
juxtaposes accuracy and macro-F1 for each model.

The first observation is that the linear logistic baseline
already reaches a macro-F1 of about 0.42, essentially matching
the deeper MLP. This confirms thatonce the EEG is projected
into a carefully designed feature space, simple discriminative
models can remain highly competitive, a pattern also reported
for CSP-based motor imagery and imagined speech pipelines
[32],[33]. The MLP does not significantly improve aggregate
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metrics, although it offers slightly more stable learning
dynamics and provides a natural stepping stone toward later
transfer learning stages in our broader programme.

The CNN-BILSTM-FCNN hybrid, in contrast,
underperforms slightly despite its far higher computational cost.
For the MLP, both training and validation loss decrease rapidly
during the first 30 epochs, after which validation loss plateaus
while training loss continues to fall. Validation accuracy
stabilises around 0.42, whereas training accuracy climbs above
0.60, indicating mild overfitting butno catastrophic divergence.
A similar pattern is present, but more pronounced, for the CNN—
BiLSTM model, whose validation loss flattens early while the
network continues to specialise on the training set. These
dynamics suggest thatthe reduced feature set does not provide
enough independent evidence for the deeper temporal model to
exploit,a findingin line with recent reports that end-to-end deep
networks for non-invasive imagined speech often saturate near
30-40 % accuracy on vocabularies of 611 words [34], [35].

The confusion matrix in Fig. 5 further clarifies where errors
arise. Vowel classes/a/,/i/,and/u/ showrelatively high diagonal
terms, with many trials correctly localised, while the directional
commands “out”, “in”, and “up” are frequently confused with
one another. The social-interaction phrases ‘“cooperate”,
“independent”, “cooperate-in”, and “in-cooperate” occupy an
intermediate regime, with good separation between “cooperate-
in” and the rest, but noticeable cross-talk between “cooperate”
and “independent”. This structure mirrors previous findings that
imagined vowels tend to elicit more stereotyped sensorimotor

and auditory patterns than semantically richer phrases.

TABLEII. TEST ACCURACY, MACRO-F1, AND QUALITATIVE COMPUTATIONAL COST FOR THREE CLASSIFIERS TRAINED ON THE REDUCED ASU FEATURE SET

Model Test Accuracy (%) Test macro-F1 (%) Qualitative cost profile*
Logistic regression 41 42 Very low, single linear layer.
MLP (three-layer network) 41 42 Moderate, ~ 60 epochs, fast per epoch.
CNN-BIiLSTM—-FCNN hybrid 40 38 High, long epochs and large parameter count.

*Cost profile is based on empirical training times and model size, not on formal complexity analysis.

0.5 4

0.41 042 0.41

0.4 4

0.3+

Score

0.2

0.1

0.0 -
LogReg

B Accuracy
W Macro F1

0.40

0.4z
0.38

MLP CNN-LSTM

Fig.4. Comparison of test accuracy and macro-F1 for logistic regression, MLP, and CNN-BiLSTM—-FCNN on the reduced ASU features.
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Fig.5. Normalised confusion matrix for the CNN-BIiLSTM—FCNN classifier on the ASU test set, showing systematic confusions among directional commands
and vowels.

B. Block-wise Contribution of Engineered Feature Families

To understand how much each feature family contributes to
the final performance, we conducted two complementary
ablation studies on the logistic regression classifier: 1) single-
block runs wherethe model receives only one family of features,
and 2) leave-one-block-out (LOBO) runs where a given block is
removed from the full feature set. The four blocks considered
here are CSP spatial filters, autocorrelation statistics, band-
power features from the power spectral density (PSD), and
Hjorth parameters capturing activity, mobility, and complexity.
These blocks have a long history in EEG decoding and are
known to capture partially complementary aspects of oscillatory
dynamics and temporal structure.

Table III summarises the macro-F1 obtained in the single-
block and LOBO conditions, which correspond to the bar plots
in Fig. 6.

TABLEIII. BLOCK-WISE MACRO-F1 SCORES WITH ONE FEATURE FAMILY
AND CHANGE IN MACRO-F1 WHEN EACH BLOCK IS REMOVED (LEAVE-ONE-
BLOCK-OUT ANALYSIS).

A macro-F1 when removed
from the full set*
+0.015 (performance drops

Macro-F1 with only

Feature block this block

csp 0.38 when removed)
Autocorrelation | 0.42 —0.001
PSD 0.41 —0.003
Hjorth 0.40 —0.005

*Amacro-F1 is defined as F'' — F{™®), where F!! is the macro-F1 with all blocks and F{™® is the score
with block b removed.

Several patterns emerge. First, when used in isolation, all
four blocks produce macro-F1 scores in the range 0.38-042.
Autocorrelation features are the strongest single source of
discriminative information, slightly outperforming PSD and
Hjorth statistics, which aligns with the intuition that imagined
speech relies on intricate temporal dependencies rather than
purely stationary band-power shifts. Second, the LOBO analysis
reveals that CSP is the only block whose removal consistently
harms the combined model: excluding CSP reduces macro-F1
by about 0.015, whereas excluding other blocks produces
negligible or slightly positive changesat the third decimal place.
In other words, CSP contributes a unique spatial structure that is
not fully recoverable from the remaining blocks, even after
dimensionality reduction, see Fig. 6.

These results suggesta division of labour across blocks. The
temporal and spectral features (autocorrelation, PSD, and
Hjorth) provide broadly redundant evidence about the
underlyingdynamics, which helps stabilise training but does not
dramatically change the decision boundary when one block is
removed. CSP, by contrast, contributes a smaller number of
highly informative dimensions that appear to encode class-
specific spatial patterns, consistent with its established role in
motor imagery BCls and more recent imagined-speech studies.
Froma design perspective, thisanalysis justifies keepingall four
families in the reduced 3440-dimensional representation, but it
also highlights that any future attempts at aggressive feature
pruning should preserve CSP components and at least one of the
temporal blocks to maintain robustness.
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Fig. 6. Top: macro-F1 when each feature block (CSP, autocorrelation, PSD, Hjorth) is used in isolation. Bottom: change in macro-F1 when each block is
removed from the full feature set.

C. Geometry of the Reduced Feature Space

To better understand why all three classifiers converge to
similar performance levels, the geometry of the 3440-
dimensional reduced feature space was examined. Fig. 7
visualisesthe testsetusinga two-dimensional t-SNE embedding
that preserves local neighbourhood structure. Several loose
clusters emerge, yet almost all of them are multi coloured. The

three directional commands share overlapping territories, which
reflects the symmetric confusions seen in the confusion matrix.
The longer phrases occupy broader regions with slightly more
homogeneous colour, consistent with their somewhat higher F1
scores, but there is no clear linear margin separating them from
the short commands. The vowel trials disperse across multiple t-
SNE islands with substantial intermixing, which again matches
their poor separability at the classifier level.

20 A
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—-20

—40 A

—60
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Fig. 7. t-SNE embedding of the reduced ASU feature space, coloured by class label, showing loosely clustered but strongly overlapping class manifolds.
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The PCA projection in Fig. 8 provides a complementary,
more linear view. The first principal component appears to
capture a genericenergy or amplitude factor: classes withhigher
overall band power, such as the composite phrases, are shifted
toward the positive side of the axis, whereas short commands
and vowels populate the centre and negative side. Along the
secondcomponent the classes fan outin a wedge shaped pattern,
but the degree of overlap remains high. This suggests that,
although the block selection and dimensionality reduction
pipeline has removed redundant and noisy dimensions, the
remaining axes still encode a continuum of task difficulty rather
than clearly separated class specific manifolds

Taken together, the t-SNE and PCA plots explain why the
linear and non-linear models end up so close in performance.

Vol. 17, No. 4, 2026

The reduced feature space is only weakly structured at the class
level: there are pockets where neighbourhoods align with labels,
particularly for some long phrases and composite commands,
but large swathes of the space remain mixed. Similar
overlapping manifolds have been reported in other imagined
speech datasets, even when more aggressive representation
learning or Riemannian geometry based features are used [36].
In that context, achieving around 0.41 macro F1 on a ten class,
cross trial setting appears consistent with the intrinsic geometry
of the data rather than a failure of the classifier family. This
observation motivates our later shift toward transfer learning
and column wise progressive architectures, where the goal is not
only to learn a decision boundary in a fixed space but also to
reshape that space through shared representations drawn from
larger, more diverse corpora.
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Fig. 8. First two principal components of the reduced ASU feature space, indicating a dominant energy dimension and persistent overla p between commands,
phrases, and vowels.

D. Discussion

Taken together, these results confirm that, given the
engineered feature space, model choice has limited impact: all
three classifiers remain in a narrow band around 0.40-042
macro-F1. The ablations in Fig. 5 show that CSP contributes the
only clearly non-redundant block, while temporal statistics are
largely interchangeable, which explains why deeper models
cannot extract much extra structure as described in Section [V-
B. Within this context, the confusion matrix in Fig.4 can be read
as a stress test of the feature space. Sentences that differ in high-
level semantics but share similar acoustic imagery, such as “in”,
“out”, and “up”, are frequently confused, while commands that
combine distinctive prosody and articulation, such as
“cooperate-in”, are recognised morereliably. The vowels /a/, /i/,
and /u/ form another tightly coupled group, with systematic
pairwise confusions that align with their proximity in both
articulatory and formant space. These patterns reinforce the
message from the feature-block analysis: the current

representation is sensitive to broad articulatory structure but
struggles to separate fine-grained variations that are subtle even
at the overt-speech level.

It is important to interpret the approximately 0.41 test
accuracy and 0.42 macro-F1 in the light of how the ASU corpus
has been used in earlier work. Most published studies restrict
attention to a much smaller label space, typically binary
contrasts such as “in” versus “cooperate” or three-class vowel
sets,and often operate in subject-dependent mode with carefully
selected trials. Under these conditions, reported accuracies
frequently reach 70-90 per cent, but the task differs
fundamentally from the ten-class, subject-wise split considered
here. A cross-corpus studies, for example, demonstrates strong
performance on ASU and related datasets, yet focuses on a
reducedvocabulary andtask structure thatis closer to command-

selection than to continuous imagined speech decoding [37]-
[40].
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Against this backdrop, the present results sit in the middle of
whatrecentreviews describe asthe “moderate-accuracy regime”
for non-invasive imagined speech: performance is clearly above
chance, robust across folds, and consistent between accuracy
and macro-F1, yet still far from the reliability required for high-
bandwidth communication [41]-[45] . Our contribution is less
about pushing the absolute numbers and more about unpacking
where the remaining errors come from. By combining block-
wise ablations, classifier comparisons, learning curves, and low-
dimensional visualisations, the figures in this section provide a
multi-angle diagnosis that is often absent from earlier studies,
where only a single classifier and headline accuracy are
reported. This richer analysis shows that, for ASU, the
bottleneck lies in the front-end representation and label design
rather than in a lack of deep learning capacity [46]-[52].

Many imagined-speech systems that report high recognition
rates do so within individual subjects, implicitly allowing
models to specialise to idiosyncratic neural patterns. In contrast,
the overlapping class manifolds observed here indicate that,
once trials from multiple talkers and sessions are pooled, the
neural signatures of individual words are less separable. This
observationaligns with recent calls in the BClliterature to move
away from over-optimistic subject-specific benchmarks and
toward more realistic cross-subject evaluation protocols.

E. Limitations and Implications for Future Work

Several limitations follow directly from the figures and
diagnostics presented above. First, all analyses are restricted to
a single corpus. Although the ASU dataset is attractive because
itcombines ten imagined commands with controlled acquisition,
it does not capture cross-linguistic variation, free-running
internal speech, or very large vocabularies. The absence of
cross-dataset validation means that we cannot yet claim that the
identified feature blocks, such as autocorrelation and CSP, will
remain optimal when transferred to other corpora like KARA
ONE or BCI Competition datasets. Prior cross-corpus work
suggests that substantial recalibration is usually required when
switching between datasets with different channel layouts or
cueing schemes.

Second, the present framework treats eachtrial as an isolated
five-second segment and ignores finer temporal structure within
the cue window. While this is appropriate for the feature blocks
used here, it limits what the recurrent and convolutional layers
can learn. Architectures that operate on lower-level time—
frequency maps or directly on sensor-space waveforms might
exploit temporal dynamics more fully, at the cost of more
complex regularisation. Finally, the t-SNE and PCA plots are
inherently descriptive. They suggest that class manifolds
overlap and that some clusters are more compact than others, but
they do not provide formal guarantees about separability or
sample complexity.

Despite these constraints, the analysis points to several
concrete directions. The redundancy revealed in Fig. 5 argues
for more principled feature selection or sparsity-inducing
penalties at the feature level, rather than only at the classifier
weights. The confusion patterns in Fig. 4 suggest that future
vocabulary design for imagined-speech BCIs should prioritise
articulatorily distinct commands and avoid near-minimal pairs
until more powerful representations are available. Finally, the
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modest yet stable performance of the logistic baseline indicates
that well-regularised linear models remain a strongreference for
imagined-speech EEG and should accompany any claims of
deep-learning gains in future studies.

V. CONCLUSION

This work examined how far carefully engineered EEG
features can support imagined speech recognition on the ASU
corpusunder a ten-class, cross-trial setting. Starting from 6,520
trials, a 3,440-dimensional representation was constructed that
combines CSP spatial filters, temporal autocorrelation, PSD
band power, and Hjorth parameters, and three classifiers were
then evaluated on this representation: logistic regression, a
three-layerMLP,and a CNN-BiLSTM—FCNN hybrid. All three
models converged to a narrow performance band around 041
test accuracy and 0.42 macro-F1, suggesting that, within the
evaluated protocol, the main bottleneck lies in the front-end
representation and label structure rather than in classifier
capacity. The block-wise ablations and geometric analyses
clarify this constraint. CSP emerged as the only block whose
removal clearly degraded performance on the full set, while
temporal statistics were largely interchangeable, and both t-SNE
and PCA revealed strongly overlapping class manifolds,
especially among short commands and vowels. These patterns
offer a plausible account of why deeper models failed to deliver
systematic gains and place the present results within the
"moderate-accuracy”" regime reported for non-invasive
imagined speech under realistic evaluation protocols. Several
limitations temper the scope of these conclusions. First, the
evaluation is confined to a single corpus (ASU); whether the
block-level ranking, and in particular the primacy of CSP, holds
under different channel layouts, cueing schemes and subject
populations cannot be determined from this study alone. Second,
all reported numbers are single-seed point estimates; confidence
intervals from multi-seed and bootstrap resampling are not yet
provided. Third, the deeper classifier treats a heterogeneous
feature vector as a 1-D sequence, which is a conservative rather
than an architecturally ideal choice for tabular inputs. Against
these constraints, the study still provides a transparent and
reproducible baseline, showing what can be achieved with well-
understood EEG descriptors and conceptually simple classifiers,
and pinpointing where progressis mostneeded. Several concrete
next steps follow directly from the analysis. A first priority is
cross-corpus validation, replicating the block-wise ablation on
Kara One, FEIS and the BCI Competition imagined-speech
track to test whether CSP remains the single non-redundant
block under different montages and paradigms. A second
priority is statistical robustness, repeating every model with at
least five seeds and reporting bootstrap confidence intervals on
accuracy and macro-F1. A third priority is the classifier side:
gradient-boosted ensembles, regularised linear models with
sparsity, and attention-based tabular architectures are a more
principled match to the heterogeneous feature vector than the
CNN-BILSTM hybrid used here, and quantifying whether any
of them escape the 0.42 macro-F1 ceiling on the same
representation would be informative. A fourth priority is
representation learning and transfer: progressive neural
networks and similar architectures that reshape the feature space
using larger and more diverse corpora remain the most plausible
route to breaking out ofthe geometrydescribed in SectionIV D.
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Finally, once a stable offline baseline is established across
corpora, a real-time feasibility study — with streaming feature
extraction and subject-adaptive calibration — would bridge the
offline analysis presented here to the practical BCI setting. In
this sense, the presentanalysis is intended as a diagnostic front
end for subsequent stages of a broader programme toward
reliable imagined-speech interfaces.
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