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Abstract

Speech Imagery is envisioned as a premier paradigm for Brain-Computer
Interface design. As an endogenous modality, it offers a highly intuitive
control scheme—allowing users to command devices by mentally articulating words
without the need for external sensory stimulation. While the field has gained
significant momentum, resulting in a diverse body of literature, this thesis identifies
a critical gap between experimental optimism and practical implementation. We
aim to progress the consolidation of the [S] paradigm by rigorously assessing its
feasibility, reproducibility, and replicability.

Our analysis of 104 decoding attempts revealed a striking disparity: only 6% were
conducted in real-time scenarios, despite over half involving original data collection.
To investigate this "reproducibility crisis," we attempted to reproduce findings from
two popular [SI] datasets and compared them against the well-established Motor
Imagery paradigm. Our results uncovered significant challenges; reproduction
performance was consistently lower than originally reported, with 50% of attempts
showing performance drops of up to 40% due to incomplete methodological reporting
and flawed evaluation procedures. Furthermore, a large-scale replicability analysis
across 12 heterogeneous [SI| datasets painted a challenging picture, with the majority
of datasets failing to meet practical [BC]| efficiency thresholds.

However, this comprehensive evaluation also identified a definitive path toward
paradigm maturation. We discovered that rhythmic protocols in speech imagery lead
to superior decoding results. Our meta-analysis suggests that rhythmic repetition
may act as a organizational template, inducing more structured and consistent neural
responses—characterised by lower covariance matrix entropy—which significantly
facilitates decoding. We conclude by proposing a set of rigorous directives for

the field, including standardised reporting frameworks and rhythmic task designs,



to transition Speech Imagery from an experimental curiosity to a consolidated

and reliable [BCI| technology.



Acknowledgements

I want to express my deepest gratitude to my supervisors, Ana Matran-Fernandez,
Sebastian Halder, and Tan Daly, for their outstanding scientific guidance, unwavering
support, and kind compassion throughout my PhD journey. Their feedback elevated
this thesis at every step.

Being part of the Brain-Computer Interfaces and Neural Engineering Laboratory
has been an outstanding experience. I am grateful to have witnessed how a world-
class research laboratory evolves and to have contributed to its mission.

I would like to thank my PhD colleagues for always being ready to lend a
helping hand, as well as every friend at the University of Essex who generously
spared their time to participate in my experiments.

I would like to thank my mother for her everlasting love and support, and
my father for his goodwill and encouragement despite the distance. My thanks
also go to every friend, uncle, aunt and cousin back in Ecuador who kept track
of my progress and cheered me on.

Finally, I want to deeply thank my beloved partner, Daniela, who witnessed
both the best and worst stages of this journey and always had the perfect words

to keep me going.



Contents

[List of Figures| X
[List of Tables xi
[List of Acronyms| xiii
1__Introductionl 1
(.1 Motivationl. . . . . . . .. Lo 1
[1.2  Research Objectives|. . . . . . . ... .. ... ... ... ..... 5)
(L3 Thesis Structurel . . . . . . . . .. )

2 A Systematic Literature Review| 7
2.1 Introduction. . . . . . . . ... 7
[2.2 Speech and Speech Imagery Related Brain areas| . . . . . . . .. .. 9
2.3 Literature Review Methodsl . . . . . ... ... ... ... .. ... 12
[2.3.1 Study Selectionl . . . . . . ... 13

A Resultd. . . . . . . 15
[2.4.1 Neuroimaging methods| . . . . . . .. ... ... ... .... 16

[2.4.2  Open datasets| . . . . . . . ... ... ... ... .. 18

[2.4.3  Experiment design| . . . . . . .. ... ... ... 19

[2.4.4  Signal Preprocessingl . . . . .. ... ... ... ... .. 23

2.4.5 Feature Fixtraction and Classification| . . . . . . . . . . . .. 25

2.4.6 Summary| . ... ... ... 40

2.5 Discusionl . . . . . ... 41
[2.5.1 Reproducibility| . . . . . ... ... ... 43

[2.5.2  Experiment designs| . . . . . .. ... ... L. 43




Contents

[2.5.3  Attempted Speech|] . . . . .. ... ..o 45

2.6 Conclusionl. . . . .. . . .. 45
[3 Methodology| 48
[3.1 Experiment| . . . . . . . ... 48
[3.1.1 Keychoices . . . . ... .. ... 48

[3.2  Experimental design| . . . . . ... ... oL o1
[3.2.1 Participants| . . . . . . . . .. ... 51
(3.2.2 Instrumentationl. . . . . . . .. ..o o1
B23 EEG . . . ... 52

[3.3  Riemann Tangent Space Projection and Logistic Regression Pipelinel 52
.4 Fvaluation|. . . . . . . ... oo 53
3.4.1 Stratified Cross-Validationl . . . . . . .. .. ... ... ... 53
[3.4.2  Group Cross-Validation| . . . ... ... ... ... ..... 53
[3.4.3  Pooled Accuracy| . . . . ... ... ... L. 54
[3.4.4  Statistical Significance Threshold| . . . . . . . ... ... .. 54

4  Decoding Speech Imagery or just noise: A symptom of the repro- |

| ducibility crisis| 55
4.1 Introductionl . . . . . . . . .. .o 55
[4.2  Study Selection| . . . . .. ... oo 58
4.3 Methodologyl . . . . . . . . . ... 59

[4.3.1 Features Comparison Between Speech Imagery and Motor |

[ Imagery| . . . . . ..o 60

A Resultd. . . . . . o 64
[4.4.1 Reproduction of existing literature| . . . . . . . . . ... .. 64

[4.4.2  Replication results: Time-Frequency Comparison of [SIf and MI| 65

A5 Discussionl . . . . . . . . . 70
4.6 Conclusionl. . . . . . . . . 73

Ul



Contents

[6 Consolidating the Speech Imagery Paradigm: Evidence that Rhythmic]|

|  Protocols Drive Superior Decoding Accuracy| 75
.1 Introduction . . . . . . . ..o 75
Hh.2 Methodsl . . . . . . . 7

H.2.1 Datasets . . . . .. ... o 7
[.2.2  Preprocessing| . . . . . ... ... 7
[5.2.3  Filter-Bank TS5+LR Decoding pipelinef . . . . . . ... ... 78
H.2.4 Fvaluationl. . . . . .. ... o 79
[5.2.5 Meta-analysis and Statistical Evaluation| . . . . . . . . . .. 79
B3 Resulld. . . . . . 000 82
[>.3.1 Cross-Validation Strategy Comparison| . . . . . . . . .. .. 83
[5.3.2  Significant Meta-Features for Efficiency| . . . . . . . . . . .. 84
[>.3.3  Classifier Coefhicient Sparsity] . . . . . . . ... .. ... .. 84
b4  Discussionl . . . . . ..o 85
.o Conclusionl. . . . . . .. oo 89

6 Discussion| 91
[6.1 The reproducibility crisis| . . . . . . .. .. ..o 92
[6.2  'The replicability crisis| . . . . . ... ... ... ... 92

[6.2.1  Determinants of Success: Rhythmic Protocols and Covariance |
Stability] . . . . . .o 93
622 Futureworkl . . . . . . ... 94

APP C

[A Chapter 4: Supplementary Materials| 98

[A.1 PFvaluated Datasets| . . . . .. .. .. ... oo 98
(A.1.1 ISl Dataset: Kara Onel . . . . .. ... .. ... ... ... 98
[A.1.2 [SlDataset: Corettal . . . . . . . . . .. ... ... ... ... 99
(A.1.3 IBllDataset: Nietol . . . . . . ... oo o000 99
[A.1.4 [SlDataset: Our datasetl . . . . ... ... ... ... .... 100

VL



Contents

A 15 IMIIDataset: Weibdl . . . . . .. ... ... ... ....... 100
[A.1.6 |MI Dataset: Physionet| . . . . . . .. ... ... ... .... 101
A L7 IMIIDataset: Ted . . .. ... ... ... ... ........ 101
A.1.8 IMIl Dataset: Schirrmeisterl . . . . ... ... ... ... ... 102
[A.2  Decoding pipelines for time-frequency testingf. . . . . . . . . .. .. 102
[A.3  Evaluated Decoding Approaches| . . . . . . . . .. ... ... .... 103
[A.3.1 KOI1 |23] approach| . . . .. ... ... ... ... ...... 103
[A.3.2 KO2 decoding [132] approach| . . . . . ... ... ... ... 105
[A.3.3 KO3 decoding [166] approach| . . . . ... .. ... ... .. 106
[A.3.4 KO4 decoding [169] approach| . . . . . ... ... ... ... 107
[A.3.5 CTI decoding [95] approach| . . . . . ... ... ... .... 107
[A.3.6 CT2 decoding [135] approach| . . . . .. ... ... .. ... 108
[A.3.7 CT3 decoding [166| approach| . . . . . ... ... ... ... 109
[A.3.8 CT3 decoding [122] approach| . . . . .. ... ... .. ... 110
A4 ExtraResultd . . . .. ... ... 111

[A.4.1 Time-Frequency Decoding results of [I'54+LR]on [SIjand MI| . 111

[A.4.2  Time-Frequency Decoding results from other decoding pipelines|114

[A.4.3 Results on parameter selection|. . . . . . . ... . ... ... 114
[A.4.4 Results on the use of participants with faulty datal. . . . . . 116

[B Chapter 5: Supplementary Materials| 117
B.1 Fvaluated Datasetsl . . . . .. . ... ... o000 117
[B.1.1 Corettal . . . . . . ... 118
(B.1.2 Kara Onel ... ... ... ... .. 0. 118
B.1.3 Liwickil. . . . . .. oo 119
.............................. 119
(B.1.5 Nguyen| . .. ... . ... .. ... 120
BIG Niefd. . . . . .o 120
BI7 Owd . . ..o 121
(B.1.8 Ours rhythmicf. . . . . . ... ... ... ... ... ..... 121
B.1.9 Rekrutl. . ... ... . o 121




Contents

(B.1.11 Tec game| . . . . . . . . . ... ... ... ... 122

[B.2  Pairwise comparison of statistically and practically significant accuracies{123

1



List of Figures

[2.1 Flowchart of study selection| . . . . . ... .. .. ... ... .... 15
[2.2  Retrieved papers and neuroimaging methods| . . . . . . . . ... .. 16
2.3 Frequencies of stimulus types| . . . . . . ... ... 21
[2.4  Distribution of focused trequencies in |LEG| . . . . . .. ... ... 26
[2.5 Spatial map of brain regions| . . . . . .. . ... 28
[2.6  Summary of feature extraction techniques| . . . . . .. ... .. .. 33
[2.7  Counts of feature selection techniques|. . . . . . . . . . . ... ... 34
2.8 IITRlestimation for modalities and classifiersl . . . . . ... ... .. 41
[3.1  Experiment Timelines, . . . ... ... ... ... ... ....... 50
[4.1 [MIf vs[S]] Classification Accuracy Heatmaps|. . . . . . . . . . .. .. 67
[4.2  Highest Pair-wise Decoding Accuracy Distribution|. . . . . . . . .. 68
4.3 Trial Count Effect on Accuracies . . . . . . . . . .. ... ... ... 70
.1 Pooled accuracy distributions| . . . . . . . ... ... ... 81
[>.2 CV strategy comparison| . . . . . . . . . . ... ... .. 82
[>.3  Top tour efficiency meta-teatures(. . . . . . . . ... ... ... ... 85
[>.4  Normalised relative power spectrum|. . . . . . .. ... ... .. .. 86
[5.5 Classifier coefficient sparsity correlation|. . . . . . . .. .. ... .. 87
[A.1 Alternative [SIl Class Pair Accuraciesl. . . . . . ... ... ... ... 111
[A.2 Alternative Targets Highest Decoding Accuracies] . . . . . .. . .. 112
[A.3 Original Targets Highest Decoding Accuracies (95%)| . . . . . . .. 113
[A.4 |CSPHLDA] Classification Accuracy Heatmaps| . . . . . . . . . . .. 115
[A.5 |CNN| Classification Accuracy Heatmaps|. . . . . . . . . . ... ... 115




List of Tables

[2.1 Screening criteria for query results|. . . . . . . ... .. ... .. .. 14
[2.2  Frequency of speech units| . . . . .. .. ... ... ... ... .. 20
2.3 Summary ot |[CSP|reports|. . . . . . ... ... ..o 27
[2.4  Reports with Frequency Decomposition Methods|. . . . . . . . . .. 29
(2.5 Studies using Riemannian geometry|. . . . . . . . . ... ... ... 31
[2.6  Summary ot Deep Learning reports| . . . . . . . ... ... ... .. 36
[2.7  Real-time SI decoding studies summary|. . . . . . . . . . ... ... 42
[3.1 Speech Units Phonetic Characteristics| . . . . . .. ... ... ... 49
[4.1  Evaluated [SIf Datasets Description|. . . . . . . ... ... ... ... 59
[4.2  Evaluated [MI| Datasets Description| . . . . . . ... ... ... ... 59
[4.3  Coretto [SI| Decoding Pipelines Overview| . . . . .. . ... ... .. 61
[4.4  Coretto [SI| Decoding Pipelines Overview| . . . . .. ... ... ... 61
[4.5 Missing Information in Kara One Pipelines| . . . . . . ... ... .. 62
[4.6  Missing Information in Coretto Pipelines| . . . . . . .. .. ... .. 63
[4.7  Kara One Replication Results Summary] . . . . . . ... .. .. .. 65
[4.8  Coretto Replication Results Summary|. . . . . . .. ... ... ... 66
.1 Summary of evaluated datasets| . . . . .. ... ... ... ... .. 78
[A.1 SVMI Parameter Grid-search Resultsl . . . . ... ... .. ... .. 116
[A.2 [ICA] Component Grid-search Results] . . . .. . ... ... ... .. 116
[A.3 Participant Count Results| . . . ... ... ... ... ... ... .. 116

[B.1 Percentage (%) of participants from the BCIComp dataset achieving

statistically significant classification accuracies per class pair.|. . . . 123

Tl



List of Tables

[B.2  Percentage (%) of participants from the BCIComp dataset achieving |

| practically significant classification accuracies per class pair.| . . . . 123

[B.3  Percentage (%) of participants from the Liwicki dataset achieving |

[ statistically significant classification accuracies per class pair.|. . . . 124

[B.4 Percentage (%) of participants from the Liwicki dataset achieving |

[ practically significant classification accuracies per class pair.| . . . . 124

[B.5 Percentage (%) of participants from the Malta dataset achieving |

[ practically significant classification accuracies per class pair.| . . . . 124

[B.6 Percentage (%) of participants from the Nguyen dataset achieving |

[ statistically significant classification accuracies per class pair.|. . . . 124

[B.7 Percentage (%) of participants from the Nguyen dataset achieving |

| practically significant classification accuracies per class pair.| . . . . 125

[B.8 Percentage (%) of participants from the Nieto dataset achieving |

| statistically significant classification accuracies per class pair.|. . . . 125

[B.9 Percentage (%) of participants from the Nieto dataset achieving |

[ practically significant classification accuracies per class pair.| . . . . 125

[B.10 Percentage (%) of participants from the Rekrut dataset achieving |

| statistically significant classification accuracies per class pair.|. . . . 125

[B.11 Percentage (%) of participants from the Coretto dataset achieving |

| statistically significant classification accuracies per class pair.|. . . . 126

[B.12 Percentage (%) of participants from the Coretto dataset achieving |

[ practically significant classification accuracies per class pair.| . . . . 126

[B.13 Percentage (%) of participants from the Tec game dataset achieving |

| statistically significant classification accuracies per class pair.|. . . . 126

[B.14 Percentage (%) of participants from the Tec game dataset achieving |

| practically significant classification accuracies per class pair.| . . . . 126

[B.15 Percentage (%) of participants from the Tec dataset achieving stat- |

[ istically significant classification accuracies per class pair| . . . . . . 127

[B.16 Percentage (%) of participants from the Tec dataset achieving prac- |

| tically significant classification accuracies per class pair.|. . . . . . . 127

i1



List of Acronyms

BCI Brain-Computer Interface
BOLD  Blood-Oxygen-Level-Dependent

CNN Convolutional Neural Network
CSP Common Spatial Patterns
CVvV Cross-Validation

DTCWT Dual-Tree Complex Wavelet Transform
DWT Discrete Wavelet Transform

ECoG Electrocorticography
EEG Electroencephalography
ERD Event-Related Desynchronisation

fMRI functional Magnetic Resonance Imaging

fNIRS  functional Near-Infrared Spectroscopy

ICA Independent Component Analysis
IFG Inferior Frontal Gyrus
ITR Information Transfer Rate

LDA Linear Discriminant Analysis

LR Linear Regression

MAE Mean Absolute Error
MEG Magnetoencephalography
MFCC  Mel-Frequency Cepstral Coefficients

M1 Motor Imagery



List of Acronyms

MTG

PCA
PSD

RF

SAN
SD
SEEG
SI
SNR
SSVEP
STG
SVM

TS
[TSH-LR

WER

Middle Temporal Gyrus

Principal Component Analysis

Power Spectral Density
Random Forest

Success-Anchored Normalisation
Speech Decoding

Stereotactic Electroencephalography
Speech Imagery

Signal-to-Noise Ratio

Steady-State Visual Evoked Potentials
Superior Temporal Gyrus

Support Vector Machine

Tangent Space

Tangent Space + Linear Regression

Word Error Rate

T



Introduction

This chapter introduces the motivation, research objectives and structure of this

thesis.

1.1 Motivation

If you can read this paragraph silently, you are probably experiencing a voice inside
your head. Where is this voice coming from? Do you perceive it as your ordinary
voice, or does it have different characteristics? Is it the same as in your deepest
moments of reasoning? Speech Imagery , also referred to as auditory verbal
imagery, is defined as the mental representation of sounds in the absence of external
auditory stimuli; it evokes the kinesthetic experience of "hearing" speech inside our
heads]|1]. [SI)is closely related to Inner Speech (IS), and their definitional boundaries
are thin. Inner Speech has long been a central topic in the intersecting fields of
psychology, philosophy, and neuroscience. Once defined by Plato as "the voice
within the mind," it is a relevant conscious experience linked to thought. [ST] also
intersects with ongoing discussions in the fields of language and consciousness [2].

In contrast with other types of imagery as visual, gustatory or olfactory, that
represent basic sensory mechanisms and perceptual functions, Motor Imagery

and [SI] are higher brain functions that require both execution and perception
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and encompass further cognitive processes |2, 13]. As a linguistic phenomenon,
[ST encompasses three main components: the auditory or phonological part, as
the experience resembles hearing someone speak; a semantic character, as the
meanings carried in sentences; and an articulatory component, which may involve
articulator movement preparation or planning of its utterance. However, how
exactly each of these elements relates to [SI, and whether [SI] can happen without
any of them, is still under debate [4].

Brain imaging studies have demonstrated significant overlap in neural activation
between speech imagery and overt speech. These findings suggest that
recruits core linguistic processes, such as phonetic decoding and syllabification.
However, while overt speech culminates in articulatory movement, [SI|is thought to
involve a simulatory process that generates the kinesthetic experience of an inner
voice. Common activated regions include the inferior frontal cortex, sensorimotor
cortex, and the temporal-parietal junction |1, 5-11]. Beyond these shared areas,
some research indicates that [SI] uniquely engages hippocampal structures associated
with memory retrieval [12} 13]. Furthermore, while auditory areas are often linked to
the subjective experience of "hearing" during [SI their precise involvement remains
a subject of ongoing debate |2, 14} [15].

Given that [SItrelated neural activity can be reliably captured through various
neuroimaging techniques, leveraging it as a paradigm for [BCI| has become a
logical progression in the field. Active [BCI| systems are designed to enable direct
communication between a user’s brain and a computer, typically by translating
specific patterns of brain activity into commands [16]. For such systems to be
effective, the brain activity must be voluntarily generated by the user. This
requirement has led to the exploration of different cognitive strategies, including a
strategy known as endogenous paradigms—approaches in which the relevant brain
activity is internally generated without reliance on external stimuli. Within this

context, mental imagery has emerged as a particularly compelling approach. Among
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imagery paradigms, Motor Imagery —the mental simulation of movement—
has gained significant attention and has become one of the most established and
validated paradigms in research [17, |1§].

The idea of communication merely through thoughts or telepathy was in the
mind of Hans Bengerg, who developed the back in 1924 [19]. In modern
terms, designing a [BCI| system that allows users to control a device simply by
thinking of a command is not only intuitive but also highly appealing. In contrast
to well-established [BCI| paradigms such as Steady-State Visual Evoked Potentials
(SSVEP)), which require continuous visual stimulation, can, in principle, be
produced spontaneously, without external cues. While [SSVEP] applications—like
visual spellers—are limited by the number of items that can be displayed on a
screen [20], [SI| could theoretically offer a broader range of commands, depending
on how many words or speech units can be accurately decoded. This potential for
flexible, spontaneous communication makes [SI| a particularly promising paradigm
for assistive [BCI| applications, especially in the context of speech synthesizers
aimed at aiding communication. As such, [S]| stands out as a naturally compelling
candidate for [BCI| research and development.

The first notable attempt to decode internally generated speech was made by
DaSalla et al. (2009) [21], who recorded single-trial responses as participants
imagined articulating two English vowels: /a/ and /u/. Their classification results
exceeded chance levels, paving the way for [SI| to be considered a viable [BCI] control
mechanism. By 2016, the release of two open-access [SI| datasets [22, 23] led to a
rapid increase in decoding studies, and literature grew with complex pipelines and
encouraging accuracy reports. However, despite this recent interest, Speech Imagery
has yet to be consolidated as a reliable [BCI| paradigm. One of the main challenges
is the limited understanding of its underlying cognitive and neural mechanisms.
Although several studies have reported related neural activity |7, [24-26], no
consistent neural signature has been identified, as responses vary widely across
individuals. This contrasts with [MI where well-characterised patterns such as

Event-Related Synchronisation and Desynchronisation (ERS/ERD) are documented
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and understood. In addition to neurophysiological uncertainty, [BCI] inefficiency,
also referred to as [BC] illiteracy, remains a significant concern [27, [28]. This
phenomenon—where some individuals are unable to produce brain signals that can
be accurately decoded—affects all [BCI| paradigms to varying degrees. It is plausible
that [SI] may be similarly affected, though its specific susceptibility is still unknown.
Hypothetically, if [S]| were associated with a lower rate of [BCI| inefficiency compared
to other paradigms, it could present a valuable advantage for[BCI|design. Conversely,
a higher inefficiency rate would further challenge its feasibility. Psychological factors
also complicate the use of [SI] in [BC]| applications. Studies in cognitive science
and psychology highlight the difficulty of reliably assessing a person’s capacity for
inner speech. While some findings suggest that up to 50% of individuals frequently
experience internal monologues, this estimate varies widely, and the subjective
nature of inner speech makes it hard to quantify [29-31]. These considerations
underscore the importance of accounting for individual differences when designing
and interpreting [SI}based experiments.

Second, no standardised experimental protocol exists for eliciting [SIl There is
ambiguity in how participants are instructed to perform the task, and [SI] can be
easily confused with related but distinct cognitive processes. These include silent
speech (covert articulation with minimal movement), silent reading, which has
often been mistaken for [SI| [32, [33], and object identification tasks, which have also
been misclassified as [SI|in some studies |22, 34]. Third, and importantly, despite
the growing number of [SI] decoding studies and datasets, only a small number of
real-time S]] decoding implementations have been published. This lack of real-time
applications may indicate underlying reproducibility issues within the field and
raises concerns about the practical feasibility of [SItbased BCIs.

Speech Imagery holds promise as a [BC]| paradigm; however, its complex nature
has led to a body of research that is heterogeneous and lacks standardisation. A
focused effort toward reproducibility and methodological consolidation is needed
to assess its true feasibility. Advancing our understanding of [SI] could also deepen

insights into inner speech, aid in identifying psychological profiles more likely to
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produce decodable [Strelated activity, and ultimately support the development of
strategies for modulating [SI] activity and enhancing [BCI] learning.

1.2 Research Objectives

This thesis aims to explore the feasibility of speech imagery Brain-Computer
Interfaces (BCls) using electroencephalography . The primary objective is
to identify methodologies that demonstrate consistent success in decoding [SI| by
evaluating the reproducibility of existing results and their replication potential
across open-access datasets and internally recorded data using tools like [LaTeX]

Addressing this objective involves answering the following research questions:

RQ1 To what extent does current literature support the feasibility of [S]| as a viable
[BCI) paradigm?

RQ2 What is the current state of reproducibility in [SI|research, given the variability

in available datasets?

RQ3 Can existing [S]] decoding pipelines be successfully reproduced using the most

prominent open-access datasets?

RQ4 Is it possible to identify a decoding pipeline that achieves performance

significantly above chance level across multiple [SI| datasets?

RQ5 Which recording protocols, if any, are associated with significantly higher

decoding accuracies?

RQ6 How do decoding results from internally recorded data compare to those

obtained from open-access datasets?

1.3 Thesis Structure

Chapter 2 presents a systematic literature review of speech imagery decoding
across various neuroimaging modalities. It evaluates the different experimental

designs and machine learning pipelines employed in the field, while highlighting
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trends in feature extraction techniques and the recent exponential growth in [S]]
research (RQ1). Additionally, it analyses the prevalence of real-time versus offline
decoding approaches and pictures the current condition of the paradigm as a
feasible candidate (RQ2).

Chapter 3 introduces the experimental framework designed to test the reprodu-
cibility of prominent [SI] decoding techniques. First, the chapter describes the signal
acquisition design along two variations of the protocol tested. Second, it describes
the main decoding pipeline used in this thesis. Third, it describes the evaluation
procedures used to compare decoding accuracies across different [SI] datasets.

Chapter 4 details a reproducibility and replicability study. It follows the
methodologies of three significant decoding attempts using two of the most widely
cited open-access [S]| datasets to further support RQ2 answer, comparing the
reproduced results with those originally reported (RQ3). Furthermore, it compares
the replicability of the [SI| paradigm against the Motor Imagery paradigm by
evaluating various decoding pipelines across both modalities (RQ4).

Chapter 5 extends the analysis of replicability to identify whether specific
variables within the datasets lead to significantly higher performance (RQ5). It
provides an estimation of [SI{BCI| inefficiency within currently available [SI| data and
includes a meta-analysis to identify metrics that may indicate lower-performing
participants or datasets and distinctiveness of any protocol (RQG6).

Chapter 6 summarises the core findings of this research, offering conclusions

and suggesting directions for future work in the neural decoding of speech imagery.



A Systematic Literature Review

This chapter presents a systematic literature review of speech imagery decoding

from neural activity. This systematic literature review has been published in [35]

2.1 Introduction

Inner speech, along with inner seeing or feeling, is referred to as mental imagery
activities. Neuroimaging techniques have shown clear brain activity elicited by these
cognitive tasks [36-40]. These patterns of activity have been explained as perceptual
internal representations reconstructed without perceptual processing of external
stimulation [41]. Mental imagery has been proposed as a predictive process where
the perceptual consequences can let us gain an advantage in different aspects of our
human experience (such as motor control, decision-making, and language) [41}, 42].

Brain-Computer Interface systems provide an interaction channel to
computers directly from brain activity and can help people who have lost control
over their voluntary muscles by providing a new communication pathway [16]. Such

systems work by decoding brain signals recorded via neuroimaging methods such

as electroencephalography (EEG)), stereotactic electroencephalography (SEEG),

electrocorticogram (ECoG)|), or magnetoencephalography (MEG] for brain electro-
magnetic fields, and functional near-infrared spectroscopy (fNIRS|) for blood-oxygen-
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level-dependent signals. Each technology has different characteristics and
limitations. [EEG]is one of the most used neuroimaging modalities for [SI| research
because of its relatively lower cost and portability [43, 44].

[BC]| paradigms can be categorised based on whether the origin of brain activity
is exogenous, wherein the recorded activity is generated by an external stimulus,
or endogenous, wherein the recorded signals come from spontaneous activations
related to the user’s intention. Because additional devices are required for exogenous
paradigms, endogenous paradigms may present a more comfortable and intuitive
user experience. However, they can bring further challenges as they require user
training and their performance can vary considerably over users [45, 46].

Motor Imagery is a category of mental imagery tasks that shares some
properties with speech imagery when used as a[BCI| paradigm. [MI] has been broadly
studied for [BCI| designs. The kinesthetic experience has been described with
the use of internal forward models producing a simulation activity that has been
denominated as efference copy [47]. Presence of efference copies of the motor cortex
and other motor-related regions has been demonstrated in a variety of brain imaging
studies [4850]. [MI}related activity can be measured by and has been utilised
to help design applications to control robotic limbs [51], communication interfaces,
such as spellers [52], and videogames [53]. Like is an attractive mental
imagery-based m paradigm. Tian and Poepple [25] showed comparable brain
activation processes for both paradigms and work by Wang et. al [54] demonstrated
classifiable [EEG] signals in both [SI] and [MI] paradigms.

The idea of a perceptual representation of inner speech was presented by Tian
and Poeppel [25] where activation in the auditory cortex was observed during
speech imagery. Tian and Poeppel’s experiments did not include auditory stimuli,
so they explained this auditory cortex activation as being due to the presence of
a perceptual efference copy. Work by Grandchamp et.al [55] supports the idea
that this efference copy comes from motor commands that were inhibited due to

the absence of articulatory onset during [SI]
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[STis an attractive paradigm for use in speech synthesis applications for people
who have lost the ability to speak. It may have an advantage over [MI] in some
control applications because it may be more intuitive for users to imagine command
words rather than limb movements. Consequently, [SI| as a [BC]| paradigm has
gained attention among researchers, therefore, so we aim to identify key aspects
of [S]] decoding attempts with the following questions. What feature extraction
techniques have been frequently used, do researchers agree with a most informative
feature, is there an ideal [SI] experiment design, and what decoding results can
be achieved with different modalities?

This paper reviews the existing literature on the decoding of imagined speech,
with the goal of examining critical aspects of [SIIBCI| design. Specifically, we aim to
identify methodological trends associated with successful decoding, as well as speech
units that exhibit greater discriminability. Furthermore, we assess the proportion
of offline versus online decoding implementations, in order to evaluate the extent
to which reported methodologies have been validated in closed-loop settings. By
analysing the literature, we aim to provide a comprehensive overview of the current
state of the art in [SI{BCI| research. This analysis also serves to highlight ongoing

challenges and propose potential directions for future research in this emerging field.

2.2 Speech and Speech Imagery Related Brain
areas

Throughout years of research into the brain’s language system, two regions have
been identified as being most broadly associated with language understanding
and generation: Wernicke’s and Broca’s areas of the temporal and frontal lobes.
Broca’s area was first linked with word production by Paul Broca in 1861 [56].
This posterior portion of the left inferior frontal gyrus has been related to
articulatory activity. However, further evidence shows that it is implicated in diverse
cognitive processes such as action execution and music listening [14], 57]. Due to
evidence of Broca area’s involvement in speech production but not other oral-motor

movements, its specific role during speech is still debated [58, 59]. Wernicke’s
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area was first identified as the brain’s area that manages speech in 1874 by Carl
Wernicke [60, 61]. The current knowledge about this anatomical site consisting
of the pSTG (posterior Superior Temporal Gyrus) and the supramarginal gyrus
(SMG) is that it represents a critical area for speech production, associated with the
brain’s representation of phonological information, a process named phonological
retrieval [62]. However, further evidence suggests that the phonological processing
involves a larger network including regions with the middle temporal gyrus
and angular gyrus (AG) [63].

Core speech operations consist of retrieving a word’s phonological representation,
translating it into articulatory code, and coordinating the motor instructions for
vocal articulation [3]. An early definition of a speech production model proposed
by Idefrey and Levelt [64] is that word production, regardless of its stimulation
(reading, naming, or generating), starts with a conceptual preparation step, i.e., if
we intend to name APPLE, the concept of a FRUIT is likely to first be activated.
The second step is the lemma retrieval or lexical selection based on the activated
concept, which involves retrieving the words’s syntax (grammatical encoding), a
task associated with the MTG| The next step is the form encoding and phonetic
code retrieval involving Wernicke’s area. This step is proposed to be responsible for
morphological encoding, i.e., if the intended word is HIS, codes for /he/ and for
possession /is/ are retrieved, as well as syllabification information. Finally, a step
of phonetic encoding, that was originally attributed to Broca’s area, makes syllable
codes turn into motor action instructions that are forwarded to the ventral premotor
and motor cortex for articulatory execution. The whole process is estimated to
take around 600 ms until the beginning of articulation |14].

One influential model of speech production is the dual-stream model [65], which
separates speech processing into semantic and sensorimotor parts, assigning two
streams to it. According to this model, word production starts with a phonological
network around the [STG| and diverges into parallel streams. In the ventral stream,
information flows from lemma retrieval in the posterior MTG|and posterior temporal

sulcus (ITS) that communicates with the dorsal stream, these regions are consistent
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with evidence for semantic decoding [66]. The dorsal stream is left-hemisphere
dominant. In this stream, information is processed in the Sylvian parietal-temporal
(Spt) area, considered a sensorimotor interface that forwards information to the
articulatory network consisting of Broca’s area and the primary left motor and
premotor cortices. Further evidence about Broca’s function in speech production
suggests that its activity involves information mediation between the somatosensory
representation of words coming from [STG| and their corresponding articulatory
gestures sent to the motor cortex [67].

Broca’s area, as well as the temporal cortex, has been shown to be active after
participants performed imagined speech tasks. Early studies [68-70] have shown that
these common areas are shared with with overt speech tasks without involvement of
the motor cortex. However further [MR]| studies comparing overt and covert speech
found that covert speech also involves activation of the motor cortex with lower
oxygenated blood level amplitude [71-73]. There are also additional reports that
suggest more prominent Broca’s activity in covert compared to overt speech |74, |75].

Based on the dual stream model of speech, the dual stream prediction model
(DSPM) was proposed by Tian et. al [1} [76]. This model defines mental imagery as
an internally generated quasi-perceptual experience, suggesting that, as in other
imagery tasks, [S]| involves a forward model that simulates the somatosensory
expected outputs and auditory representations as a predictive tool for possible
speech mistakes. Such perceptual neural representations are produced in the
auditory cortex. Work by Whitford et. al [15] collected evidence on the inhibition
of the auditory response in favour of an efference copy produced in the auditory
cortex by [SIl However, both streams of DSPM may create the kinesthetic experience
of [ST] and involve the [STG] region, these are referred to as the memory retrieval
and the simulation estimation streams.

In the memory retrieval stream, auditory representations can be accessed from
episodic memory involving hippocampal structures [12, [13] or from lexical and
semantic information networks including the [FG] the posterior parietal lobe, and

IMTG] regions. In the simulation-estimation stream, the perceptual consequences
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of the auditory representations are predicted by simulation of the articulation
and corresponding perceptual changes as an auditory feedback. Some researchers
have suggested that [SI] involves a motor inhibition step by control signals of the
intended articulatory execution [55] [77], such a process has been proposed for
motor imagery |14} 15| allowing some to hypothesise involvement of event-related
synchronisation activity during [SI| [25].

Solid evidence has settled the classic language regions (Broca’s and Wernicke’s
areas) correlates of both convert and overt speech production. However, our
understanding of all the underlying processes involving these two is still under debate
and these higher-order functions require parallel activation of a wide array of cortical
neural networks. Recent work highlighted the complexity of brain interactions
involved in language-related tasks by analysing a collection of high-resolution [MR]]
studies that show evidence of the importance of subcortical structures [78].

Different studies hypothesise that evolves core speech processes such as
phonetic retrieval and encoding, syllabification and articulation prompting with
a suspected reference copy responsible for the kinesthetic experience of inner
speech. Multiple studies agree on the existence of common areas for these speech
variations which include the inferior frontal cortex, sensorimotor cortex (motor
and premotor regions), and temporal parietal-junction with a left hemisphere

predominant role [1, 5-{11].

2.3 Literature Review Methods

To examine this topic, we followed the Preferred Reporting Items for Systematic
review and Meta-Analysis (PRISMA) guidelines [79]. In this section we describe
how the study selection process was carried out and introduce Information Transfer
Rate as the metric for evaluation. Due to the substantial differences in the
data across studies, a direct and fair comparison of the decoding approaches is not
feasible. Nevertheless, a partial comparison is proposed by grouping the studies
according to the primary type of extracted features and ranking them according

to their their reported or estimated [[TR]
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2.3.1 Study Selection

We searched within Google Scholar and PubMed databases to identify papers
reporting imagined speech decoding attempts, the search was run from August

2023 to October 2024 with the following search queries:
1. “Speech Imagery"
2. “Speech Imagery" AND (Classification OR Decoding OR Recognition)

3. (“Speech Imagery" OR “Inner Speech") AND (decoding OR [EEG| OR [ECoG
OR [MEG| OR [INIRS| OR fMRI| OR |BCI))

4. “Linguistics [BCII

We first screened each result from the databases including any paper describing
work related to covert and overt speech decoding. We then filtered our results
using the criteria set out in Table 2.1}

To further identify related articles that were not found via our initial search
queries, we analysed cited references that described speech imagery decoding
attempts or results, we ended up with a list of 104 articles which describe decoding
pipelines for covert speech. Figure [2.1] shows a flowchart of the selection of records

along with the number of studies identified during the screening process.
Information Transfer Rate

[TR]is a widely accepted metric in [BCI| research; it quantifies the effective amount
of information that a system can reliably transmit per unit of time. It is considered
an optimal metric to report performance as it accounts for accuracy and a decoding
time frame [80]. uses the number of [SIf classes the decoder is attempting
to label, the time window selected from the signals, and the reported decoding

accuracy, as defined in [81] by:

1—
B =log, C + p log, p + log, (C—l) (2.3.1.1)
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Table 2.1: Screening criteria used for query results

Include Exclude
1. Studies describing an attempt to 1. Studies researching neural rep-
develop and evaluate a model for resentations of Speech Imagery
imagined speech decoding in hu- without classification attempts

man participants ) o )
2. Studies describing decoding of

2. Studies clearly describe the meth- perceived speech, auditory atten-
ods used and the results in terms tion, overt speech or listening/-
of accuracy/efficacy. motor imagery

3. Papers that skip stimulus detail
on experiment design

4. Papers on pre-print version
without peer review.

5. Report is a review, position, or
discussion articles

ITR|= = (2.3.1.2)

Where C' denotes the number of classes, p denotes the classification accuracy
and T the time window in seconds used for decoding. It is expressed in bits
per minute in [BC]| evaluation.

[TR]is based on the assumption of discrete choices and is well suited for applic-
ations involving a fixed set of predefined options. However, in the context of [BCI]
communicastion systems, an ideal objective is the generation of continuous speech.

Word Error Rate WER] has been proposed as BCI| Speech Synthesizers per-
formance measure and utilised to evaluate real-time decoders of attempted speech
[82-84]. is a widely recognised metric to assess the performance of machine
translation, quantifying the proportion of incorrect words relative to a reference
sentence [85]. Nevertheless, we consider better suited for our analysis, as the
majority of decoding approaches examined in this study are offline and are designed

to decode brain signals corresponding to discrete units of [SI]

14



2. A Systematic Literature Review

[ Identification of studies via databases and registers ]
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2 Bgjstars. (W= ) by automation tools (n =0 )
= Records removed for other
reasons (n =0)
| S
)
Records screened .| Records excluded
(n=2041) (n = 1456)
E‘l
s Reports sought for retrieval Reports not retrieved
g (n = 585) (n=8)
7]
Reports assessed for eligibility Reports excluded:
(n=577) . Inc. criteria 1 unmet (n = 201)
Inc. criteria 2 unmet (n = 33))
Exc. criteria 1 (n = 137)
Exc. criteria 2 (n = 59)
Exc. criteria 3 (n =43)

Studies included in review
(n=104)

Figure 2.1: The flowchart describing the selection steps of the studies analysed in this
review

2.4 Results

We first review the distribution of reports found across time to check for any
changes in interest in [SIL We then analyse the neuroimaging methods that have been
employed to record [Slirelated signals. We enumerate available datasets that have
been published and re-used. We analyse the experiment designs used to prompt
participants and lastly, we report the signal processing and feature extraction
techniques used in the attempts with a section dedicated to the prominent use
of Deep Learning techniques.

Figure 2.2la shows the time distribution of reports found, an important jump in
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Figure 2.2: a Histogram of distributions of retrieved papers of reports attempting
decoding over time. The first paper was found in 2004 and a significant increase in results
is seen from 2019. Our retrieval was conducted in the middle of 2024, therefore there
might be further papers published after our search. b Histogram of the selection frequency
of each neuroimaging method, 82.26% of [SI| decoding reports used

the number of reports happened since 2018, several years after the first reported
attempt at [SI] decoding back in 2004, this is because in 2015 and 2017 three open [S]]
datasets were made available, since 2021 we have found a consistently larger number
of publications. Our retrieval was conducted in the middle of 2024, therefore there

might be further papers published after our search.

2.4.1 Neuroimaging methods

Five neuroimaging techniques (EEG] [[NIRS| [ECoG] and [SEEG]) and multiple

different decoding approaches have been explored in the reports we retrieved that

attempt to classify inner speech from brain activity.

Most reports on [SI| decoding (82.6%) have used data, due to S good
temporal resolution and portability, it is relatively cheaper and easier to use than
other techniques, it is the most feasible neuroimaging device for labs to acquire even
despite its drawbacks such as low spatial resolution and noise sensitivity , , .
[EEG] data is used in 84 studies we identified in our review, another reason for its
popularity is due to open-access [S]] datasets recorded with [EEG] that we discuss in
Section [2.4.2] Figure[2.2]b shows the distribution of the number of studies involving

different neuroimaging techniques used in [S]| decoding approaches.
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Of the other studies (7.3%) used invasive neuroimaging methods such as

ECo(| and [SEEG] Because these techniques are based upon the implantation

of recording electrodes within the brain, the signal-to-noise ratio of these techniques
is considerably better than non-invasive neuroimaging techniques such as [EEG|

has been employed in five studies (4.7%). For example, Wandelt et. al
[88] utilised signals recorded during |SI| of six words and two pseudowords from
participants implanted with microelectrode arrays in the supramarginal gyrus and
somatosensory cortex. Invasive approaches, in general, have yielded promising results
due to their superior spatial and temporal resolution. These methods often rely
on relatively simple features that are sufficiently informative to produce significant
decoding outcome. Unlike non-invasive approaches, which typically require more
elaborate feature extraction techniques. For example, the study by Martin et al. |7,
where the envelope of the high-gamma band derived from stereotactic
recordings showed clear and distinguishable modulations, enabling the decoding of
two [SI| words with an accuracy of up to 88%. Similarly, Angrick et al. [24] applied
a logarithmic transform to the high-gamma power of [SEEG] signals to develop a
closed-loop [BC]| capable of synthesising speech, achieving a statistically significant
correlation between the intended and generated output.

The relatively limited number of published invasive neuroimaging studies focused
on [S]| can be attributed to the practical and ethical constraints associated with
these modalities. Such studies typically involve participants who have undergone
electrode implantation for clinical purposes. For instance, Ment et al. [24] conducted
research with a participant diagnosed with intractable epilepsy who had SEEG]
electrodes implanted for clinical monitoring. Likewise, the participants in Martin
et al. [7] had subdural electrodes implanted as part of presurgical evaluation
for epilepsy treatment.

has also been demonstrated to allow decoding of related activity[7,
89-92]. uses beams of light in the near-infrared spectrum to measure
oxygenated and deoxygenated haemoglobin levels in the cortex via changes in

the refracted and reflected light. For example, Hwang et. al [89] showed the
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capability of [NIRS| for real-time [SI] decoding of “yes' and “no" words with an
average accuracy of 73% =+ 9.4.

Multimodal approaches have also been attempted to decode [SIl For example,

Rezazadeh et. al [26] combined [[NIRS| and [EEG]| to classify [SI| of “yes" and “no",

achieving an accuracy of 80.4% =4 19.1 that proved significantly better than either
of the modalities alone. Cooney et. al |93] classified 4 different words showing

significant improvement when combining [NIRS| and [EEG]

2.4.2 Open datasets

Some researchers who acquired [EEG] data in covert speech studies have granted
open access to their data allowing other research groups to attempt decoding and to
evaluate different decoding methods. We found that 38 out of 84 [EEGHSI| decoding
reports acquired their own data, 2 used internally shared data from their research
group/lab and the remaining 44 reports made use of open-access datasets.

We have listed open datasets found in our review, and the corresponding

data descriptors below:

1. Wang et. al [94], published in 2013, recorded data from 8 participants
performing [SI] of 2 monosyllabic Chinese characters. The data set is publicly

available upon request to the authors.

2. KaraOne dataset [23], published in 2015, includes data from 8 participants
performing [SI| of 7 phonemes and 4 words. This dataset is publicly available at

https://www.cs.toronto.edu/~complingweb/data/karalne/karalOne.html

3. Coretto et. al [95], published in 2017, contains records from 15 participants
imagining the pronunciation in Spanish of 5 vowels and multi-syllabic words.
After further investigation, the data is publicly available at https://sinc.

unl.edu.ar/downloads/imagined_speech/

4. Nguyen et. al [22], published in 2017 contains recorded from 15 parti-

cipants performing|[SI|of 3 short words (monosyllabic), 2 long words (trisyllable)
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and 3 vowels. The dataset is available at https://www.dropbox.com/s/

01k9c75j0x3jfb9/dataset.zip?d1=0

5. The International Competition in 2020, made available an [SI| dataset
containing data from 15 participants who imagined five common English

words. The dataset is available at https://osf.io/pq7vb/

6. Nieto et. al [96], published in 2022, includes recorded via 136 channels
from 10 participants performing [SI of 4 Spanish words and a rest condition.
To the best of our knowledge, no studies attempting decoding on this dataset
have been published to date. The dataset is publicly available at https:
//openneuro.org/datasets/ds003626/versions/2.1.2/download

7. Liwicki et. al [32], published in 2023, reports the first open dataset considering
a bimodal approach, that records [SI| of 8 words from 4 participants using

fMRI| and [EEG] No studies have been published with decoding results using

this dataset. The dataset is available at https://openneuro.org/datasets/

ds004196/versions/2.0.2

2.4.3 Experiment design

Experimental design is a critical step in [BCI| research. The classes to decode
are decided in this step along with other aspects of the data collection process
that can result in different participant behavior and impact the data quality.
This section discusses two important aspects of an [SI| experiment design: speech

units and stimulus presentation.

Speech Units

[T decoding models aim to identify units of speech a person is imagining at a specific
moment in time. Therefore, [SIBCI] studies begin with an experiment designed
to instruct participants to focus their attention on specific units of speech (e.g.,
syllables, words or phrases) during a specific, time-bound period while their neural

activity is recorded. The recorded signal is then processed to isolate the signal
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Table 2.2: Frequency of speech units used in [SI| experiment designs.

Count Class Prompts

38 words hello, help me, thank you, yes, no, one

16 vowels a, e, i,0,u

9 phonemes m, n, ba, fo, le, ry, gi

7 commands go, up, down, right, left, select, stop

7 words + phonemes iy, uw, piy, tuy, diy, pat, pot, knew, gnaw

6 words + vowels in, out, up, cooperate, independent

4 phrases that is perfect, how are you, goodbye, I need help

of interest, extract and select discriminative features, and subsequently train a
classification model and evaluate its performance based on how accurately the
recorded samples can be labelled to the speech unit.

Different speech units have been used as prompts to design [SI] decoding experi-
ments. These typically range from small units, such as phonemes, to long words and
phrases. The experiment designs aim for speech units that have different phonemic
characteristics that can be projected and decoded from brain signals. For example,
[ECoG]studies have shown clear differences between phonemes in the ventral Sensory-
Motor Cortex (vSMC) region of the brain [97, 98] suggesting these speech units may
work well in experiments using this neuroimaging modality. Table [2.2] shows the
frequency of use among the different categories of units of speech in the literature.

The five vowels (/a/,/e/,/i/,/0/,/u/) have been used in 16 [S]|studies. In the open
dataset by Coretto et. al [95], Spanish vowels were selected because of their acoustic
stationarity and lack of individual semantic meaning. DaSalla et. al [21] reported
one of the first approaches to single-trial classification of [SI} in which they chose
to decode the /a/ and /u/ vowels due to their similarity of the muscle activations
involved in articulating these vowels. Gosh et. al (2022) [99] used the Bengali version
of these vowels, justifying the selection of these vowels due to their ease of utterance.

Syllables have been chosen for use in [S]| studies by considering differences in
their phonetic characteristics and consequent combinations of language muscles.
The KaraOne dataset [23] used the phonemes (/iy/, /uw/, /piy/, /tuy/, /diy/,
/m/, /n/). Jahangiri and Sepulveda [100] used the phonemes (/ba/, /fo/, /le/,
/ry/) that were abbreviations of commands (back, forward, left, right). Zhang
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Figure 2.3: Histogram of selection frequencies of stimulus types, the written caption
is the most preferred stimulus type in [SI] experiment designs, while visual stimuli that
involve picture naming is the least preferred.

et. al (2020) |101] used the phoneme /ba/ and asked their participants to utter
it using 4 different tones (/ba/, /ba/,/ba/, /ba/), similarly, work by Guo
and Chen tried 4 different tones applied to the Chinese equivalents of the
vowel phonemes (/a/,/e/,/i/,/o/,/u/).

Different words have also been explored as prompts for [S]] tasks, reports in
have used commands and directions (e.g., up, down, select, forward, etc.)
for [SI] decoding. Participants were presented with closed questions, which they
imagined answering with the words /yes/ or /no/ in 91]. Simple common
English words such as /hello/ or /thank you/ have also been employed [105{107].

Lastly, some [ECo(] approaches have asked participants to perform [SI] of full
sentences to isolate all available English phonemes [82, [84].

Stimulus delivery

The presentation of a stimulus to a participant causes differences in neural activity,
and these differences can leak into the decoding window, which can mislead or
confound the decoding of the activity of interest when the cue is included in
the period of decoding. Such influences of the stimulus have not been widely
investigated, and it is considered important that stimulus-evoked potentials, such as
Event Related Potentials (ERPs), are handled to ensure they do not influence the
decoding performance [93, [108]. Three modalities to cue imagery tasks have been
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explored: text stimuli as written captions, visual stimuli such as object pictures,
and auditory stimuli such as a natural voice uttering the intended unit of speech.
Figure [2.3] shows the frequency of uses of the different types of stimuli modalities.
Images have been used as indirect representations of words when users have to
perform picture-naming tasks [34} 103} 109]. Picture-naming-induced imagery tasks
may be more effective as stimuli as they encompass a picture identification stage that
could induce more prominent activation of learning and retrieval processes |110].
Audio stimuli are commonly used for [SI| experiments, as they have the practical
advantage of demonstrating the intended pronunciation to the participants, as
when not sufficiently practised participants may mispronounce the units of speech.
However, this type of stimuli may also entail some downsides. Specifically, the brain’s
response to the auditory stimulus, which happens in the auditory cortex in a temporal
region close to speech-related areas, may be included in the recorded signal of interest
and mislead the analysis. Another consideration related to audio stimuli is that
hearing someone else’s voice may cause less natural speech imagery attempts [111].
Text stimuli have been the most frequently used within the reviewed articles.
Text is perhaps the most practical way of presenting a stimulus as this may be done
via a written caption displayed statically on a monitor. It is also more consistent
than pictures, which could be subject to variable interpretation. As with any visual
stimulus, text induces changes in activity in the occipital lobe. However, as this
part of the brain has not been linked to speech production or comprehension this
activity may not have a big impact on our signals of interest [112]. In the case
of text stimuli, experiments have also been designed such that the task involves
participants performing a silent reading or performing the imagery task a few
seconds after the stimulus. With auditory or picture-naming, the task is specific
to covert speech generation based on memory retrieval.
Some experiments have combined two stimuli modalities. For example, Zhao
and Rudzicz [23] used a text prompt and its corresponding audio utterance to ensure
correct pronunciation. Nguyen et. al [22] cued the imagery task with a written

caption alongside a periodic beep to mark an activation rhythm.
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A common approach for combined stimuli is the use of masking in which the
intended imagery task is first prompted, then masked, before cuing the [SI] onset
with another stimulus. For example, Jahangiri and Sepulveda (2017) |100] showed
images of arrows as stimuli and after a few seconds the imagery was cued by
an auditory stimuli. Park and Lee [113] prompted the participant to imagine
the intended vowel via an audio cue, and after 1 second, cued the participant’s
imagery period with an auditory beep.

The use of combined stimuli for masking may bring the advantage of higher
cognitive workload as a step of memory retrieval is involved, which may help isolate
the imagery-induced activity from the prompt identification process, while a possible
downside may be the risk of imagery task mismatch by the participant.

Cooney et. al [93] investigated different types of stimuli presentation. They found
that presenting an image for participants to name led to the highest classification

compared to auditory or text prompts.

2.4.4 Signal Preprocessing

Depending on the recording modality /ies used, different preprocessing methods
have been employed to improve the signal-to-noise ratio by removing bad recording
sections, referencing the data to neutral channels or applying average referencing,
filtering frequencies of interest, and reducing the signal dimensionality.

For electromagnetic-based records (such as [EEG)), it is common to filter the
signals in frequency ranges that are thought to capture cognitive-related activity.
For example in the case of [ECoG]| filtering has focused on allowing high-frequency
ranges above the gamma band (>70 Hz)[87, 114]. It is common not to see further
preprocessing of [ECoG] signals other than windowing to isolate the [SItrelated
potentials and due to the high signal-to-noise ratio of this signal it is common to
feed the raw signal directly into classification models [84, 88].

Filtering is a broadly used preprocessing technique. Power spectrum density
(PSD) analysis shows the power distribution of the signal over a range of frequencies.

It is common for [EE(] signals to find [MI}related activity in the same frequency
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range as the mu (8-13 Hz) rhythm and a portion of frequencies in the beta rhythm
(13-30 Hz) and harmonics of the mu rhythm [115, 116]. It is also common to
find power peaks at 50 or 60 Hz that come from power noise, this noise is usually
filtered out by a notch or band-pass filtering.

Our review revealed a wide selection of frequency ranges from which [SI| may
be decoded ranging from 0.1 to 150 Hz for [EEG] signals. Some studies have
experimented with the performance of their decoders focusing on different frequency
bands. For example, Jahangiri and Sepulveda [100] studied the contribution of
different frequencies in [SI} and showed that the high gamma band activity leads to
lower classification power but encompasses the highest number of features among the
evaluated frequency bands. However, the gamma band led to the best classification
accuracies in work by Min et. al |[117]. Kaongeon et. al[104] concluded that the
gamma and delta bands had the highest F-score when classifying an imagery task
against a resting state. Lee et. al |[118] tested three different classifiers with different
groups of frequency bands, the wide gamma group (30-125 Hz) led to the best
classification accuracy results. Kambale et. al [119] tried with 6 different frequency
ranges to feed a deep learning model, their result suggested that the gamma range
(30-100 Hz) gave the most informative features.

Figure shows the frequency distributions among frequencies from 0 to 150
Hz reported in studies using Some of the studies (25 reports) used the whole
frequency range or did not specify the most informative frequency band.

In intracranial studies, signal resolution due to direct cortex contact allows
researchers to focus on higher frequency bands. For example, work by Meng et al.
[11] divided the gamma frequency band range into 4 sub-bands covering from 30—
195 Hz or Willet et. al [84] focuses on markedly high frequency bands, specifically
filtered the signal from 200 to 5000 Hz.

Electromagnetic-based signals are very easily corrupted by electrical potentials
generated by muscular movement. Electromyography (EMG) generated by muscles
presents potentials in the order of several mV, which is easy to detect in [EEG]
recordings (which are typically in the order of several V). However, EMG may
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often lie in the same frequency range as the [EEG]signals of interest and this presents
a challenge when trying to remove EMG. Independent Component Analysis (ICA))
is one of the most common source separation techniques used to identify and remove
artifacts, especially eye blinks or head movements, we found that [CA] was used
as the main artifact reduction technique in 6 studies [93, |101}, |120-123].

Another common preprocessing technique is down-sampling, this helps to reduce
the data dimensionality thereby reducing the computational cost of processing
the data. Liwicki et. al. |122] have highlighted the importance of down-sampling
when applying deep learning methods, an [EEG] signal originally recorded at 1024
Hz was down-sampled to 128 Hz, leading to better classification performance via
a convolutional neural network .

For [[NTRS] signals the use of light as the medium of measurement has the
advantage of not being as sensitive to physiological, or motion artifacts in the way
many other neuroimaging modalities are. The hemodynamic response has frequency
content predominantly below 0.5 Hz, after converting raw optical intensity to a
measure of haemoglobin, an increase in activity of around 1.6 Hz can be seen due
to the person’s heartbeat and at 1 Hz due to spontaneous oscillations in arterial
blood pressure called Mayer waves [124]. Bandpass filtering may also be used
to focus on frequencies from 0.05 to 0.7 Hz. Another common artifact is found
in a range from 0.2 to 0.3 Hz due to respiration [26, (90, 93]. Hwang et. al|95]
used common average reference (CAR) on (Oxygenated Haemoglobin) HbO, to

help reduce this noise component.

2.4.5 Feature Extraction and Classification

Multivariate analysis methods are predominantly used, as modern neuroimaging
systems allow multiple-channel recording. All the [S]] studies we identified are
based on multichannel signals. These multivariate signals may be used to help
find relations between different cortical regions.

The analysis of [SItrelated signals involves forming an array of features that

uncover the representation of neural activity related to speech processes such as
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Figure 2.4: Distribution of focused frequencies in Most approaches focus on the
alpha (8-12 Hz) and beta bands (12-30 Hz), but wider ranges have been investigated.

information retrieval, syllabification or articulation, among other cognitive tasks [3].
These features can be grouped based on what they represent, including temporal
patterns like event-related potentials (ERPs) and oscillations, spatial details through
cortical localisation, spectral characteristics such as oscillatory frequencies, and
connectivity measures revealing brain network interactions.

After feature vectors are formed, the decoding pipelines usually involve machine
learning models that aim to find patterns in these features to decode the speech
imagery condition. In this section, we discuss the different types of features and the
methods used to extract them from raw signals, along with the machine learning

models employed for classification.
Spatial Features

Spatial features represent information about specific brain regions and their involve-
ment during [SI} These features can be extracted in different ways.

One way is to choose specific brain regions potentially active in [SI. This could
be done before the data collection takes place, as is the case when choosing the

locations in which to implant of implant [ECoG]| or SEEG] electrodes, or by selecting

a subset of channels that project from those regions, therefore restricting the

dimensionality after data recording.
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Table 2.3: Summary of reports with Common Spatial Patterns as the main feature
extraction technique along with their estimated @ in bits per minute.

Report Number Record  Subject Features and methods Classification  [[TRI

of Depend- (bit-

classes ent s/min)
[94] 2 EEG [CSP| SVM 1.43
[109] 3 EEG Graph features SVM 1.70
[21] 2 EEG CSP SVM 3.49
[90] 2 INIRS| Common spatial, activa- [SVM| 5.76

tion and connection

[125] 12 EEG Bank filters, |CSP, SVM 15.30
[101] 4 EEG, [CSP] SVM 44.96

Another way is by applying a spatial filter that generates new channels that
highlight the activity from regions of interest. Common Spatial Patterns
is a commonly used technique that produces a new filtered space based on the
variance of activity between different conditions, it does so by solving the generalised
eigenvalue problem where the covariance matrices are computed from the mean
of trials of different imagery tasks [126].

Following its popularity in [MI] [CSP] was first used in the context of [SI] by
DaSalla et. al [21]. Due to its high performance it was used then in several further
early attempts at [SI| decoding. Table describes the reports that have used a
[CSP}based decoding pipeline. All these reports also use Support Vector Machines
as classifiers and make use of either the average power of the obtained
filters as features or compute additional statistical values from the [CSP}derived
feature set, such as reported in the work by Guo et. al [90].

Spatial features have been chosen with the feature selection process by assigning
weights to features from all channels and retaining the ones that are most relevant
for classification or, alternatively, by iteratively testing different sets of vectors
in order to optimise the classification accuracy.

Only 33 reports from those included in our review (33%), have mentioned which
brain regions were most relevant for [SI| decoding, either during recording, channel
selection, filtering, or feature selection. Figure[2.5]shows a spatial histogram of brain

regions used for [SI] decoding. Based on the specific channels and brain locations
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Figure 2.5: Spatial colour map of general brain regions showing the frequency of selection
of features from each of these areas. Features from the left-frontal area of the brain were
described in more than 20 reports as informative for [SI] decoding his area of the brain
corresponds to Broca’s area.

mentioned in the studies we have grouped the brain into 9 different regions (left and
right frontal, temporal, sensorimotor, parietal, and occipital regions). Consistent
with the literature, the map shows a predominance of the left hemisphere and

Broca’s area in [S]] decoding.
Spectral Features

These features describe the spectral properties of the brainwaves associated with
the process of speech imagery. Some frequency bands (theta, alpha, beta, and
gamma) have been linked with distinct conscious states of the brain. One direct
method of extracting spectral features has been bandpass filtering, which is usually

performed in the preprocessing step. As we can see in Figure the majority of
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Table 2.4: Reports with Frequency Decomposition Methods as the Main Feature
Extraction Step along with their estimated ITRs in bits per minute.

Report Number Record  Subject Features and methods  Classification (bit-

of Depend- s/min)

classes ent

5 EEG DWT LDA 0.98

6 EEG DWT) SVM 1.73

3 DWT| HbO RLDA 2.90
1129] 2 DWT| energy sum, [LDA 3.77

waveform length

1130] 2 FFT, amplitude of each [SVM 4.16
- frequency
120 5 MaxLCor [SVM] 4.80
102 3 WPD Light GBM 5.41
131 2 CSP| kNN 5.66
103] 2 DW T DNN 7.80
123 5 DWT Random forest 9.33
132] 11 MEFCC| SVM 9.60
133 10 FFT RE 15.22
134 4 DWT] [CSP ELM 21.92
135 8 DWT} [CSP SVM 50.08
136] 26 DWT| [CSP SVM 91.49
88 300 FFT LDA] 139.15

[EEG}related reports have focused on the alpha (8-12 Hz) and beta bands (12-30
Hz). However, multiple studies have also focused on the gamma band. The invasive
studies emphasise rapid frequencies, as they have shown clear dynamical differences
in the high gamma bands as in work by Angrick et.al that used signals in the
range 70-170Hz or Leuthardt et.al that focused on singles from 40 to 160Hz.
Table groups the reports that have used a frequency decomposition technique
as an important feature extraction step in their decoding pipelines.

For approaches, the hemodynamics occur in a low-frequency range and,
features are extracted from a narrow portion of the spectrum mainly below 0.5 Hz.
Therefore, no other frequency decomposition techniques have been employed.

The Fast Fourier Transform (FFT) is a widely used technique for frequency
decomposition, converting the time-domain signals into coefficients of frequency
representation. Such coefficients have been directly used as features as in the [ECoG]

based [SI| decoding approach reported by Mugler et. al and Bejestani et. al [130].
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The Mel Frequency Cepstral Coefficients were introduced for speech in
audio processing, because of the 1/f property of sound, proposes scaling
to balance high-low frequency amplitude contributions by applying a filterbank
and logarithmic operations based on the human audio scale. [MFCC]| has been
proposed to extract features and was applied by Mini et. al |[13§] to extract
features. Rusnac et. al [139] used a slightly different version of the
equation considering a lower dynamics scale.

The Discrete Gabor Transform (DGT) is a case of a short-time Fourier transform
that uses a Gaussian function to obtain the frequency domain representation of
a signal. It was used in work by Jahangiri et. al to decompose the signal into 2
Hz components to rank their classification power |100]

Wavelet Decomposition is another method widely used to decompose [EEG|
signals, it addresses the limitations of FFT as decompositions include temporal
information. Wavelet Decomposition uses a family of function wavelets that scale
down the original signal by applying a convolution series. There have been different
types of Wavelet Decomposition used to decode [S]| such as the Discrete Wavelet
Transform (DWT]). Continuous Wavelet Transform (CWT) and Wavelet Packet
Decomposition (WPD) are two types of wavelet decomposition that differ in the
scaling and type of wavelet usage. Some [S]| decoding reports have preferred the
family of Dabeuchi 4 (db4) wavelets as it led to optimal performance [99, 102,
135, 140, (141]. However, Biorthogonal and Symlet wavelet families have also

been explored for [SI| decoding.

Connectivity Features

These features refer to statistical dependencies between activity recorded from
different parts of the brain, which are interpreted as a form of functional connectivity.
They can be used to provide insights into how different parts of the brain coordinate
to produce imagined speech patterns.

Connectivity features can be derived from a covariance matrix analysis, cov-

ariance matrices encode the inter-channel variability during the length of a trial.
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Table 2.5: Summary of studies that used Riemannian geometry either for projecting
SPD matrices or in the classifiers and estimated I'TRs in bits per minute.

Report Number Record  Subject Features and methods Classification (bit-
of Depend- s/min)
classes ent

[22] 3 EEG Tangent projection of [SVM 1.70

SPDs
[104] 4 ear- Tangent space projection MLELM 1.78
EEG SPD
[142] 4 EEG] tangent projection of [SVM| 3.69
SPD
[143] 2 Correntropy SPD MDM 6.37
[144] 5 ear- tangent projection of MLELM 36.00
[EEG] TSMBC

Such matrices are Symmetric Positive Definite (SPD). If SPD matrices are placed
as multidimensional points they lie in a Riemannian space or manifold. Therefore,
Riemannian classifiers could have an accurate distance measure, and consequently,
have been used in [SI| decoding attempts [145]. SPD matrices can also be projected
into their corresponding tangent space to construct feature vectors whose distance
can be approximately Euclidean for regular classifiers [22, 104]. The SPD property
is also true for other estimators for matrices such as coherence matrices or cross-
spectral density matrices [143, |146]. Table [2.5 groups the reports that have used
Riemannian geometry in their approaches, either with tangent projections or
Riemannian distance classifiers.

Phase connectivity features have been considered for the analysis of [EEG]
signals. For example, Panachakel et. al [147] computed the Mean Phase Coherence
(MPC) and Magnitude-Squared Coherence. The resulting statistical measures of
phase synchronisation between channels resulted in two connectivity matrices that
were used as inputs for a DL model, achieving an average result of 91% for binary
classification. Phase and amplitude connectivity were used as a primary feature in an
study by Proix et.al [148]. In their approach, phase-amplitude cross-frequency
coupling was computed between the phase of one frequency range and the amplitude
of a higher-frequency range and achieved a higher than chance classification accuracy

with coupling of the Beta band and high gamma frequency band.
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Guo et. al [149] used Pearson Correlation coefficients between pairs of HbO
channels to measure synchronisation between channels over the motor and frontal
cortices. They found that connections were stronger in Broca’s area than in other
regions, and consequently selected those channels for classification.

Chengaiyan et. al [36] employed phase synchronisation measures coherence,
and Partial Direct Coherence) as well as Granger Causality measures (Direct Transfer
Function) and entropy as feature vectors from 5 frequency bands to feed a DL
model, which reached 79% average accuracy for binary classification.

llipoulos and Papasotiriou [150] developed an [SI| decoder by using operational
architectonics, a neuroscience concept of brain function, to compute from [EEG]
windows, the abrupt jumps in [EEG] amplitude named Rapid Transition processes
(RTPs) to compare the relations between distinct areas and obtained measures (de-
gree, strength, weighted global efficiency, density, weighted transitivity, eigenvector
centrality) that formed the final feature vector. This vector was used to train a
Naive Bayes Classifier, which achieved an average accuracy of 65% for 3 classes.

Figure [2.6la summarises the most frequently selected feature extraction methods
by the reports considered in this review. The DWT] has been the most frequently
selected through the years of [SI| research. We are also interested to see how
preferences for feature selection change over time. In Figure 2.6lb we explore
the cumulative sum of mentions for each method. We can see a recent increase of
approaches using the raw signal due to the recent popularity of DL models. We cover

the reports that used DL models to extract features from [S] signals in Section [2.4.5
Feature Selection

The high dimensionality of neural data compared with the limited amount of
available samples presents a considerable challenge when training classification
models. In the case of [EEG] a large number of channels, frequency decompositions,
and further characteristics extracted from those decompositions can result in very

large feature vectors and may lead to under-fitting issues for classification algorithms.

32



2. A Systematic Literature Review

F DWT

- CSP

- raw

I statistical features

F spectral entropy
-tangent projection of SPD
 Discrete Gabor Transform
FMFCC

T T T
0.0 2.5 5.0 7.5 10.0 12.5 15.0
Percentage (%)

Features\ Feature extraction

MFCC
Discrete Gabor Transform

15 4

] -
=2 10 4 —— tangent projection of SPD
:‘% —— spectral entropy
c —— statistical features
§ > — raw
L i
Z = @/’ — C5FP
_— -
01 — DWT

T T T T T T T
2008 2010 2012 2015 2017 2020 2022
year

Figure 2.6: a Histogram of counts of the 7 most used feature extraction techniques
among [SI] decoding attempts. b Timeline showing the cumulative sum of the most used
feature extraction techniques over recent years, [CSP] has exhibited constant growth since
its application in early approaches. The ‘raw’ feature describes approaches that use the
unprocessed [EEG] signal to train DL models. DL approaches have become predominant
in recent times.

In Figure we have counted the feature selection algorithms used in papers
selected for our review. Only 24 (22%) of the approaches we reviewed applied
feature selection algorithms.

Some researchers have applied feature selection algorithms such as Principal
Component Analysis to help combine features based on their amount of
variance, as used by Mini et. al to derive uncorrelated components coming
from [MEFCC] coefficients to train a DL classifier. Analysis of Variance ANOVA has
also been used to reduce dimensionality. For example, Macias-Macias selected
the most descriptive statistical features from the filtered [EEG] allowing them to
reduce the vector size from 264 to 30. Fisher Score has also been chosen to select
features. For example, an approach by Guo et. al ranked HbO mean

values using F-score to select the most important values and train an [LDA] Other
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Figure 2.7: Histogram of counts of used feature selection techniques.

approaches, such as in work by Bajestani et. al , decided to select their features
by choosing a subset of [EEG] channels by removing non-{S]| related channels based
on literature, usually selecting temporal or central channels and removing frontal
or occipital channels or work by Sree and Kavitha that selected only channels
from the left frontal and temporal hemisphere. However, these approaches do not

compare against the effects of using the full set of [EEG| channels.
Deep Learning Approaches

Deep Learning has successfully solved numerous non-linear problems. Multilayer
neural networks have also been employed for the classification of Speech imagery-
related data.

Some studies have not used features fixed a-priori and instead have used the
raw signals to train a neural network to extract either temporal, spectral or spatial
features. For example, Cooney et. al used rawto train three Convolutional
Neural Networks (CNNs), a shallow whose temporal (2D convolution) and
spatial (deepwise) convolutions are hypothesised to be analogous to bandpass and
spatial filtering stages or a deeper version of the same [CNN]inspired by computer
vision networks, is designed to extract broader features from . Without
constraining the feature types, [CNN| has shown sensitivity to phase and amplitude
features in the signal. Different architectures have been proposed such as
EEGNet . This compact architecture has depth-wise and spatial convolution
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layers that act as a filter bank approach, this architecture have been used to
decode different [EEG] paradigms.

Min et. al [117] mentioned the overfitting phenomenon of as the number
of samples tends to be much smaller than the dimensionality of features, so they
augmented their available data by dividing each imagery trial of 3s into 30 time
segments of 0.2s length with a 0.1s overlap, and then computed further statistical
features from those segments. Additionally, they used a sparse regression model to
select an ideal number of features that were then classified by a single hidden
layer Neural Network.

Saha and Fels [146] state that deep learning techniques such as Recurrent
Neural Network (RNN) or autoencoders fail to individually learn a complex
representation of single-trial [EEG] data. Their investigation demonstrated that it
is crucial to use multichannel features, so they used cross-covariance matrices as
feature vectors to feed a parallel DL architecture with an RNN on one side and
a [CNN] on the other. These parallel architectures reached an average accuracy
of 83% for 3-class classification.

Multiple other architectures have been explored, and most of them prove to
be able to learn from [SI| features. Rousis et. al [154] introduced the Symetric
Positive Definite Network (SPDNet) model for [SI| decoding, they proposed combining
EEGNet to extract frequency features into SPDNet after transforming EEGNet
output to SPD matrices. SPDNet accounts for the Riemannian geometry in the
network’s forward and backward operations and it is hypothesised to work better
with covariance matrices as we discussed in Section 2.4.5]

Table groups the reports that have used DNN models as classifiers.

Other Approaches

A few attempts at decoding [SI] have used other techniques, based on temporal
properties of the signal or mapping representations. For example, Watanabe et. al
[9] used first Dynamic Time Warping (DTW) to realign the signals from each trial

to the envelope of each stimulus. This was then, used to compute the Euclidean
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Table 2.6: Summary of reports using Deep Learning models as feature extraction
techniques or classifiers and estimated ITRs in bits per minute

Report Number Record  Subject Features and methods Classification  [[TRI

of Depend- (bit-
classes ent s/minute)
8 5 EEG] SI raw CNN 0.50
139 7 EEG CNN| CNN| 0.57
122 6 EEG] TCA CNN 1.02
91 2 EEG DWT SNN 1.23
103 5 EEG] spatiotemporal convolu- 1.32
tion
2 EEG, [csP] Caps 2.63
2 EEG] MPC SNN 2.83
11 EEG] raw SPDNET 3.03
2 EEG SPWVD CNN 3.58
5 EEG DWT] ELM 3.79
2 EEG statistical features DNN 4.68
6 EEG instantaneous frequency [CNN 4.73
- and spectral entropy
11 2 EEG] CSP DNN 4.76
138) 2 EEG MFCC SNN 6.66
E: 2 EEG raw 7.31
103 2 EEG] DWT| DNN 7.80
159 6 EEG covariance ELM 8.83
160 2 EEG] raw CNN| 8.96
161 2 EEG] spectogram CNN 10.97
121 5 EEG Deep  belief 11.70
network
162] 5 EEG raw CNN] 15.76
113 5 EEG MEMD CNN 18.81
Z—Oﬂ_ 4 EEG spectro-spatio-temporal  [CNN| 19.30
convolution
146) 6 EEG, cev 20.43
140 11 EEG] daubecheis-4 (db4) wave- DNN 20.90
let
134) 4 EEG CSP ELM 21.92
163 3 EEG raw LSTM 22.72
g: 50 ECOU' amplitude envelope 25.06
117 5 EEG] sparse regression model ~ELM 28.24
164 5 EEG 28.54
146 8 EEG covariance matrices RNN 34.33
151] 11 EEG] statistical features Caps 39.10
i—élﬂ_ 4 EEG] spatio-temporal convolu- Fully connec- 49.47
tion ted layer
[165] 11 EEG] Grammian transforma- DCNN 53.16
tion
1166] 11 EEG raw CNN| 99.83
1167 5 EEG ST raw CNN| 100.88
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distance between the standardised test data and a template waveform of each class
constructed by averaging the training data belonging to the specific class. This
approach reached an average accuracy of 38.5% for 3 classes.

This process was inspired by the work of Martin et. al [114] who used
signals which were time-aligned to their corresponding stimulus using DTW to
compute the envelope from a high gamma band using the Hilbert transform. A
further pair-wise classification of these features was then performed using [SVM]
based on Euclidean similarity measures.

Another approach is reported by Garcia-Salinas [168] who concatenated
trials into a single vector to then generate a codebook based on K-NN clustering.
With 250 clusters they could represent the signal via code-words where each epoch
was represented as a histogram with the code-words count. The set of histograms
was then fed into a Naive Bayes classifier, reaching an accuracy of 59% for 5 classes.

Einizade et. al [109] made use of graph-based features, these features are based
on the structural connectivity of the signal where graphs are formed with the
spatial information of the channels. A Laplacian matrix is obtained giving a 3D
representation of the signal. The feature space is then reduced with the matrix
eigenvalues to help identify important weights in the representation. The feature
vector was then classified with an [SVM] in a hierarchical model via a multiclass
one-vs-all scheme, reaching an average accuracy of 50% for 3 classes.

Alizandeh and Omaranpour [169] proposed a based approach by combining
One-vs-One and One-vs-All approaches. The filtered features were used to train an
Ensemble Learning Classifier (ELC) compound composed of four different models.
Logistic Regression, KNN, DT, and [SVM] Their results proved better for the
ELC than the individual classifiers.

Carvalho et. al [170] introduced Delay Differential Analysis (DDA) for [SI| data,
this method has been proposed as a fast and robust feature extraction techniques
capable of finding patterns in the raw signals [171]. In their work, they
performed subject-dependent binary classification of DDA features with an

classifier, achieving an average accuracy of 85%.
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Real-time decoding approaches

The transition from offline analysis to online, closed-loop systems represents a critical
milestone in [SI{BCI| research. Despite the vast majority of literature focusing on
offline generalised models, a select subset of studies (5.7%) has successfully implemen-
ted real-time decoding with user feedback. These studies span various neuroimaging
modalities and demonstrate the practical feasibility of [SIin interactive environments.

Rezazadeh Sereshkeh [91] demonstrated a 3-class utilising . Capturing
signals from 44 measurement channels across the frontal, parietal, and temporal
cortices. The study involved 12 able-bodied participants who performed covert
rehearsal of the words "yes" and "no" for 15 seconds, alongside an unconstrained rest
condition. The experiment was divided into two sessions: the first session utilised
36 offline trials for initial model training, followed by two online blocks of 24 trials,
while the second session comprised four online blocks of 24 trials. Immediately
following the 15-second imagery window, participants received visual feedback on
a screen displaying their detected answer. The decoding methodology extracted
the mean value of the oxygenated hemoglobin concentration change across the time
window, classifying these features using 77. By the final online block, 9 out of 12
participants performed above chance, with an average online 3-class accuracy of
64.1% over the last three blocks, and top performers reaching an accuracy of 83.8

Angrick et al.(2021) [24] achieved real-time synthesis of imagined speech using
minimally invasive ?7. Data was acquired from a single 20-year-old female epilepsy
patient implanted with 119 electrode contacts across 11 shafts. The experiment
began with an open-loop training run of 100 audibly spoken Dutch words, followed
by closed-loop testing runs of 100 whispered and 100 imagined words. The speech
units consisted of randomly drawn short words and numbers. In a major leap for
feedback strategies, the system provided real-time, continuous auditory feedback by
presenting the patient with a synthesised acoustic waveform over loudspeakers while
she imagined speaking. The decoding pipeline extracted high-gamma band (70-170
Hz) log power features buffered with up to 200 ms of temporal context. These

neural features were classified into nine discrete energy levels across 40 mel-scaled
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frequency bins using individual 7?7 models, which were then synthesised into audio.
The reconstructed audio for [S]] achieved a mean dynamic-time warping Pearson
correlation coefficient of 0.32, functioning significantly above the chance level of 0.17.

Kaongoen et al.(2022)[144] introduced a highly wearable system employing
ear{EEG] Signals were acquired using a custom 3D-printed headphone device
equipped with 8 channels positioned around the ears. The study involved 11 healthy
participants who controlled an interactive simulated television. The training phase
required participants to complete 50 offline trials for each of six commands ("power",
"up", "down', "next", "back', and "rest"), taking roughly 20 minutes. This was
followed by three online testing and calibration sessions of 60 trials each, culminating
in a real-world continuous scenario task. Feedback was provided visually via a
checkmark or cross mark, immediately followed by the state change of the simulated
television. The decoding approach filtered the ear{EEG] into multiple frequency
bands (15-120 Hz), applied a multiclass algorithm, and utilised Riemannian
tangent space projections of the covariance matrices. These features were classified
using a Multilayer Extreme Learning Machine (77). In the final online session, the
average True Positive Rate across all participants reached 59%, with the highest-
performing participant achieving an 85% success rate and a command delivery
time of 3.79 seconds per command.

Jeong et al.(2023) [161] tackled the challenge of combining multiple neural
languages into sentence-level commands using non-invasive 64-channel scalp [EEG]
Involving 11 healthy participants, the acquisition protocol required 50 calibration tri-
als per word, later deployed in an online phase comprising 25 high-level collaborative
tasks. The decoded speech units were categorised into subjects ("I", "partner"), verbs
("move', "have", "drink"), and objects ("box", "cup', "phone"). The feedback strategy
was highly interactive: the decoded sentences were transmitted as neural commands
to a prosthetic arm, allowing the user to perform real-time cooperative tasks—such
as passing a cup—with a human partner. The decoding methodology, termed deep

neurolinguistic learning, processed 30-125 Hz [EEG] signals through a encoder,
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utilising a Gated Recurrent Unit (77) to regress the features into target mel-
spectrograms. The final classification was determined by calculating the Structural
Similarity Index Measure (7?) between the predicted and ground-truth spectrograms.
Real-time classification accuracies averaged 69.9% for subjects, 72.2% for verbs,
and 73.5% for objects, yielding an overall collaborative task success rate of 72.36%.

Wu et al.(2024)[172] specifically investigated how adaptive classification can
overcome the non-stationarity of [EEG] during real-time control. Data was acquired
via a 64-channel [EEG] system from 20 healthy participants across two separate
online sessions on different days. Following an offline training phase of 90 trials,
participants were tasked with the mental imagery of two distinct syllables ("/fo/" and
"/gi/"). The feedback strategy utilised a dynamic visual display of an empty battery
that filled up or depleted in real-time, updated every 50 ms based on the continuous
probability output of the classifier. The decoding methodology extracted [PSD|
features between 1 and 70 Hz. Crucially, an adaptive [LDA] classifier continuously
updated its mean and inverse covariance matrix parameters during the online control
phase as new trials were completed. [BCI| control performance with the adaptive
classifier averaged 55.7%, demonstrating a statistically significant improvement over

the 52.3% baseline accuracy achieved when using a traditional static classifier.

2.4.6 Summary

We analysed 104 [SI] decoding pipelines, observing considerable variability in ex-
perimental setups, feature extraction methods, and classification algorithms. A
comparison of [TR] across different recording modalities and classifiers is presented
in Figure 2.8l Invasive techniques exhibited a higher median [TR] compared to
[EEG} however, the highest [TR] values in our analysis were achieved using [EEG]
data. The results also suggest that commonly used and relatively simple classifiers,
such as SVMs and [LDA] can achieve ITRs comparable to those obtained with
more complex DL approaches. Nonetheless, DL methods achieved the highest

ITRs among all classifiers evaluated.
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Figure 2.8: a Information Transfer Rate estimation for different recording modalities
used to acquire [SI} b estimation for the different classifiers employed. The middle
line of the box corresponds to the median |TI_Er

Our analysis further revealed that 23% of the studies adopted an inter-participant
approach, aiming to develop decoding pipelines that generalise across participants.
In contrast, 77% of the pipelines were evaluated on a participant-specific basis.
Additionally, we examined dataset usage and found that only 63 studies (60%)
conducted original experiments to collect [S]] data, while the remainder relied on
previously available datasets

Furthermore, only five studies (5.7%) reported real-time [SI| decoding attempts
with user feedback, involving different modalities (2 [ECoG], 1[SEEG] 1 [[NIRS], 2
[24, 91, [144] 161, [172]. A summary table of these datasets is described in [2.7]

2.5 Discusion

Speech imagery decoding has been investigated for over a decade, with several
studies reporting promising results. However, as highlighted in this review, further
research is necessary to consolidate these findings and to more clearly establish the
maturity of [SI as a viable BCI| paradigm. Based on our analysis, we identify two key
aspects of current [SI| research that may be critical for advancing the development
and reliability of [SItbased BCIs: Reproducibility and experiment design. Finally,
we also comment on the decoding of attempted speech, a paradigm which may

evoke activity in similar areas to [SI]
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Table 2.7: Summary of Real-Time Closed-Loop Speech Imagery Decoding Studies

Study Acquisition & Experimental Decoding Online Per-
Cohort Paradigm Methodology formance
Rezazadeh Modality: fNIRS Speech Units: Features: Mean Avg
Sereshkeh et (44-ch) Words (“yes”, “no”) [HbO] change Accuracy:
al. (2019) [91] Participants: 12 and rest Classifier: 64.1%
Healthy Feedback: Visual Regularised LDA Top
Data: 36 offline (immediate textual (RLDA) Performer:
train, 144 online classification 83.8%
test trials result)
Angrick et al. Modality: sSEEG  Speech Units: Features: DTW
(2021) [24, (119-ch) Short Dutch words  High-gamma log Correlation:

Participants: 1

and numbers

power (70-170 Hz)

0.32 (Chance:

Epilepsy patient Feedback: Classifier: RLDA  0.17)
Data: 100 train Continuous + Griffin-Lim audio
(audible), 100 test  auditory synthesis
(imagined) (synthesised
acoustic waveform)
Kaongoen et  Modality: Speech Units: Features: CSP, Avg TPR:
al. (2022) Ear-EEG (8-ch) “Power”, “up”, Riemannian 59%
[144] Participants: 11  “down”, “next”, tangent space on Top TPR:
Healthy “back”, rest covariance 85%
Data: 50 train Feedback: Visual Classifier:
trials/class, 180 (TV interface state Multilayer Extreme
online test trials change) Learning Machine
(MLELM)
Jeong et al. Modality: Scalp Speech Units: Features: 30-125  Task
(2023) |161] EEG (64-ch) Subjects, verbs, Hz bands Success
Participants: 11 objects (combined  Classifier: CNN Rate:
Healthy into sentences) Encoder, GRU 72.36%
Data: 50 train Feedback: Regressor, SSIM
trials/word, 25 Visual /Physical thresholding
online tasks (robotic arm
movement)
Wu et al. Modality: Scalp Speech Units: Features: PSD Avg
(2024) [172] EEG (64-ch) Syllables (“/fo/”,  (1-70 Hz) Accuracy:
Participants: 20  “/gi/”) Classifier: 55.7%
Healthy Feedback: Visual Adaptive LDA
Data: 90 offline (dynamic battery (continuously
train, continuous filling/depleting) updated)

online test
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2.5.1 Reproducibility

As identified in this review, the majority of [S]] decoding studies rely on offline
pipelines that, in theory, hold promise for translation into online [BCI| applications.
However, we found only six instances in which an online [SI{BCI| was implemented.
Given that 57 studies reported conducting their own experiments, often achieving
high offline decoding performance, the limited number of online implementations may
point to challenges in reproducibility. Although certain feature extraction methods,

such as [DWT] and [CSP| have been applied across multiple studies, the resulting

performance varies substantially, underscoring inconsistencies in implementation
and outcome. Reproducibility remains a broader concern in the field of machine
learning, yet we found no systematic efforts to address this issue within [SI] research
specifically. Further development and evaluation of online [SIFBCIs are needed
to establish the paradigm’s viability for real-world applications, particularly in
the context of non-invasive approaches. Moreover, incorporating benchmarking
frameworks and comparing [SI| with more established paradigms, such as[MI] could

be beneficial for its development.

2.5.2 Experiment designs

The inherently subjective nature of speech imagery may present challenges for
its adoption as a robust and widely usable [BCI| paradigm. Estimates suggest
that only 30-50% of individuals regularly experience inner speech [29], which
could limit the consistency and generalizability of [SItbased decoding approaches.
Identifying participants who experience frequent inner dialogue may enhance the
quality of data collection, particularly in early-stage studies. Psychological factors
are known to influence [BCI| performance and should therefore be carefully considered
in experimental design [173].

Effectively instructing participants to perform [SI and assessing their compre-
hension of the task can be complex. Compounding this issue is the variability
in how [SI| can be conceptualised and executed, ranging from visual imagery of

words, auditory imagery, and motor imagery of articulatory movements to silent
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naming. While several studies have explored these different strategies, no consensus
has been reached regarding the most effective approach. Nonetheless, comparable
neural activations and promising decoding performances have been reported across
these methods [11, 24, |[174].

As discussed in Section there have been different approaches to [SI] designs,
and each of them may generate a different outcome. However, based on the reported
results, all different stimuli (auditory or visual) and types of [SI| tasks (naming,
reading or generating) have been decoded with higher than chance accuracy. We
found reports analysing different types of speech units but no significant evidence to
suggest that prompting specific speech units leads to higher classification accuracy.
[95, 103, 122} [148|. Further investigation to compare the performance of speech
units may help in finding optimal prompts for [SI] paradigm.

It is known that machine learning algorithms may generalise better when data is
abundant. We have identified that some of the most used databases in the field of
[ST decoding contain only a small number of trials per class, in some cases containing
as little as 15 trials. Considering this small dataset size and the fact that a large
number of channels are present in most datasets used in [SI] decoding studies, it is
evident that decoding pipelines may under- or over-fit. However, another issue is
that, to acquire more trials or [S]| classes, participants need to spend a long time
in experiments, which can bring mental fatigue or stress and lead to lower data
quality. One potential solution is the use of multi-session recordings, meaning that
participants would need to repeat the experiment for more than one day, which in
turn could also help to test model generalisation and increase the amount of data
collected. Another design suggestion may be the gamification of the experiment,
building something entertaining and adding a sense of purpose have been shown
to be useful in experiment designs [173, |175].

Neurofeedback and [BC]| training remain largely unexplored within the context
of [STl We suggest that future research should prioritise the development of closed-
loop paradigms, enabling participants to receive real-time feedback on their [S]]

performance as a means to validate offline findings. Neurofeedback has been shown
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to enhance [BCI| performance by facilitating users’ ability to modulate their neural

activity through learned self-regulation strategies [176, [177].

2.5.3 Attempted Speech

Notably, recent advances in speech neuroprosthesis have demonstrated the potential
of BClIs for restoring communication in individuals with severe speech impairments.
Unlike [ST|decoding paradigms developed with healthy participants, these approaches
have primarily been applied to individuals with degenerative conditions resulting in
the loss of speech. For instance, Moses et.al [83] demonstrated the feasibility of a
[BCI}based speech synthesizer, achieving a decoding rate of 15 words per minute
with a 25% word error rate. This performance was made possible through the
integration of [SI] decoding and language modelling to enhance accuracy. Similarly,
Card et al. [82] reported a system capable of decoding a 125,000-word vocabulary
with 90% accuracy, enabling a participant to engage in self-paced conversation at
approximately 32 words per minute. A subsequent publication by the same group
highlighted further system adaptations that positively impacted the participant’s
communicative experience [84]. To the best of our knowledge, these represent some of
the earliest and most compelling demonstrations of speech neuroprosthesis, offering
evidence that brain signals can be decoded into intelligible speech in real time. When
compared to [SI] decoding, the superior performance observed in these attempted
speech paradigms may reflect the unique motivation and engagement of participants

for whom [BCI] systems offer a critical avenue for restoring communication.

2.6 Conclusion

Speech Imagery decoding holds significant promise for advancing our understanding
of the brain’s speech preparation processes and the relationship between speech
imagery and cognitive thoughts. [SI| decoding enables the identification of covertly
spoken speech units, shedding light on the neural mechanisms underlying this higher-

order mental activity. Successful decoding systems open up a range of possible
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applications, positioning [SI] decoding as a valuable tool in both neuroscience and
linguistics research.

From a neuroscience perspective, [SI] decoding allows researchers to explore brain
areas responsible for language tasks. Besides core functions such as syllabification
and articulation, it also involves stages of memory retrieval and semantic concep-
tualisation, promoting complex interaction of the brain’s networks as discussed in
different speech models |25, 78], different [SI| models back up the responsibility in
[ST of overt speech-related areas. Additionally, [SI] may include an error correction
step, akin to that which occurs in overt speech production [1, [76], all of which
produce the kinesthetic inner experience of speech.

Furthermore, [SI| decoding holds considerable potential for practical applications,
particularly as a foundation for BCIs designed for communication. In this review,
decoding performance was primarily evaluated using [[TR] as most of the analysed
approaches attempted discrete offline classification. However, we also considered
[WER] as a more appropriate metric for assessing speech-based BCIs, especially in
the context of closed-loop systems designed to synthesise continuous speech.

We identified six real-time decoders reporting statistically significant results
across different imaging modalities. These closed-loop systems demonstrated the
ability to decode up to five [SI] classes using non-invasive techniques, and up to
100 words using invasive methods. Our findings indicate that invasive approaches
not only achieve a higher median [[TR] but also benefit from the use of relatively
simple and highly discriminative features. In contrast, non-invasive techniques
typically require more complex decoding pipelines to extract informative features,
as discussed in subsection 2.4.3l

Moreover, in the context of neurorehabilitation, real-time [SI| decoding can be
coupled with neurofeedback to actively train and reinforce language-related neural
pathways. By translating covert speech attempts into an explicit, perceptible
representation, these systems enable users to consciously monitor their neural
activity and iteratively adjust their cognitive strategies to better match predefined

neural targets. This closed-loop interaction has been demonstrated in online
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approaches where participants either read the decoding output |91} [174], hear the
intended speech unit rendered as synthetic speech [24], or control an external device
[144] 161]. Such feedback mechanisms may support operant conditioning for speech
recovery and rehabilitation, opening new possibilities for assisting individuals with
speech-related neurological impairments. However, it is important to note that
the closed-loop approaches identified in our review focused primarily on system
feasibility and did not systematically investigate how this feedback impacted or
improved the participants’ longitudinal [SI proficiency.

Our results reflect a developing[BCI| paradigm that holds fundamental challenges,
as evidenced by the diversity of decoding strategies and the variability in reported
outcomes. One clear challenge evidenced in our results is reproducibility; we consider
that the ratio of real-time decoding attempts is limited (6 studies) in contrast
with the number of offline approaches, that carried data collection experiments
(57 studies), suggest a gap between the experimental development and practical
implementation possibly due to reproducibility challenges.

This literature review provides a comprehensive overview of the current state
of [T decoding within the broader context of BCI| research. While several studies
report promising results, the field remains in a formative stage. The substantial
variability in the studies, followed by the limited replication of findings, complicates

efforts to determine the maturity of this field.
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This chapter presents the methodology employed to evaluate Speech Imagery. The
chapter is structured to detail the complete research pipeline, beginning with the
experimental design and data acquisition, followed by the core decoding pipeline
used for SI classification. Subsequently, the cross-validation procedures and the
thresholds established for statistical significance are described.

The experimental paradigm was designed to classify electroencephalography
(EEG) signals distinguishing between two speech imagery words and a resting
state. Furthermore, the protocol aimed to compare the effects of rhythmic imagery
against single-word imagery. Utilising a masked stimulus paradigm, participants
were instructed to internally articulate a prompted word immediately following a
flash-like visual cue. The EEG data recorded during these experimental sessions
serve as the foundation to address the primary research objectives explored in

the subsequent chapters.

3.1 Experiment

3.1.1 Key choices

Chapter [2 reviewed studies that approached speech imagery decoding. Three key

elements are considered when designing an experiment: the neuroimaging method,
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the speech unit targeted for classification, and the stimulus presentation.

Neuroimaging methods

Apart from some invasive approaches, most of the approaches to [SI| decoding have
been recorded using [EEG]| (see Section [2.4.1]). is an appealing modality for
[ST decoding as it has the advantage of portability, and it also provides good

temporal resolution.

Speech units

Speech imagery experiments have explored a range of speech units (see Section
, from the smallest unit—a phoneme—to entire sentences. Unit selection
aims to maximise differences in phonemic characteristics, although some studies
have attempted classification based on word length. Phonemes have been tested
either as vowels or consonants, while other approaches have selected units based
on communicative intent. Our choice of the speech units was based on words that
may be used as commands for a control application with phonetically disimilar
characteristics. The words ’left’, right’, 'pinch’, and ’stop’ were selected; each
has a different initial phoneme and manner of articulation, description of each

is stated in table B.1l

Table 3.1: Phonetic Characteristics of the chosen speech units for experiments.

Word Initial sound Manner of articulation

left /1/ Tongue up

right  /r/ Tongue back
pinch /p/ Lips close

stop  /s/ Tongue on palate

Mental Task

Two main approaches to [SI| have been explored: single speech imagery and imagery
repetition. Imagery repetition is intended to strengthen the [Sllrelated signal by
having participants internally repeat a word throughout the imagery period. The

repetition rhythm may be externally paced using auditory cues [22] or left to
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Figure 3.1: a. Timeline of the experiment for single-time imagery, b. Timeline of
experiment for rhythmic imagery

the participant’s own discretion [106, |149]. In this work, we investigate whether
either of these mental tasks can elicit neural activity that leads to improved

decoding performance.

Stimuli

Three main types of stimuli have been used to cue [ST (see Section [2.4.3)): visual
cues, such as written captions of the target speech unit or pictures of objects to be
named during the imagery period; auditory cues, such as a synthetic voice uttering
the speech unit or rhythmic beeps to guide repetition; and mixed modalities that
combine both. The choice of stimulus is critical, as different presentation modes elicit
distinct neural responses, which can affect the time windows of interest , . In
this study, we adopted a stimulus masking approach: participants were prompted
with the intended speech unit in advance, but the imagery itself was triggered by a
brief flash-like visual cue. This ensured that neural responses to the prompt did
not contaminate the signal or otherwise lead to inflated decoding results . It

also ensured that the mental task was generated deliberately by the participants.
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3.2 Experimental design

Participants were seated in a comfortable chair facing a 52-inch screen. A graphical
user interface developed with PsychToolbox 9.0 [179] in Matlab R2022 was used to
display the prompts over a plain grey screen. Each S| trial began with a fixation
cross to prompt participants to prepare for the task. This was followed by the
imagery prompt, displaying the words “one time” or “repeat” to indicate single
or repeated imagery, respectively, along with a large-text display of the target
imagery word. The speech units were shown randomly for each trial, or each block
in the rhythmic variation, for a total of 25 times per unit. Next, another fixation
cross appeared to give participants time to memorise the speech unit and prepare
mentally. The cue stimulus—a circle displayed for 0.3s and perceived as a brief
flash—then signalled the start of imagery.

For single imagery, the task period lasted 2s. For repeated imagery, participants
were cued simultaneously with visual and auditory stimuli marking an 800 ms
rhythm for five repetitions, which formed one block. They then continued the
rhythmic imagery for an additional 4 s without auditory cues before entering a rest
period. The rest period varied randomly between 5-10s. The full experimental

timeline is shown in Figure |3.1

3.2.1 Participants

Sixteen right-handed able-bodied participants (9 female, 15 male) between the ages
of 20 and 35 (u = 25.65,0 = 8.3) were recruited from the student population of
the University of Essex. Participants received a compensation voucher worth £10
(GBP) for their time. All volunteers read, understood and signed the consent form
based on the recommendations of the Ethical Committee of the University of Essex

in January 2023 (Reference Number ETH2223-0220).

3.2.2 Instrumentation

We collected [SThrelated brain activity simultaneously from on each device’s

acquisition software and synchronised the recordings via hardware triggering.
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3.2.3 EEG

The signal was recorded using a 64-channel Biosemi Active-Two system. Electrode
placement was done via the international 10-20 system, plus 2 electrodes close to
each eyebrow for Electrooculography (EOG) and 2 electrodes around the mastoids
for Electromyography (EMG) recording. Data was recorded at a sampling rate
of 2048 Hz unaffected by hardware cut-off.

3.3 Riemann Tangent Space Projection and Lo-
gistic Regression Pipeline

The tangent space projection with logistic regression (TS+LR) is a Riemannian
geometry-based method that has proven successful in motor imagery classification
[18]. We extended this approach by incorporating a filter bank step, defining 20
frequency bands (2-128 Hz) with 8 Hz bandwidths and 6 Hz moving windows.

For each frequency band, we computed the spatial covariance matrix for each
EEG trial. To ensure the matrices were well-conditioned, especially given the small
sample size relative to channel count, we applied Ledoit—Wolf shrinkage |180] to
obtain regularised covariance matrices. These calculations and the subsequent
mapping of the Symmetric Positive Definite (SPD) covariance matrices into the
Euclidean tangent space were performed using the pyRiemann library [181]. This
projection maps the manifold structure onto a tangent space at the geometric mean
of the training data, allowing the matrices to be represented as feature vectors.

Specifically, we used a vectorisation operator to extract the upper triangular
elements of the projected matrices, preserving the Riemannian metric by applying a
V2 weight to off-diagonal elements. The resulting feature vectors from all frequency
bands were concatenated to form the final input for the classifier.

We employed a Logistic Regression (LR) model with an L; penalty (Lasso),
implemented via the scikit-learn library [182]. L; regularisation adds a penalty
equal to the absolute value of the magnitude of coefficients, which effectively

performs feature selection by shrinking the coefficients of less informative features
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to zero. This induces sparsity in the model, promoting robustness and mitigating
overfitting when dealing with the high-dimensional concatenated feature space. The

model was trained with a maximum of 600 iterations to ensure convergence.

3.4 Evaluation

Evaluating EEG-based Brain-Computer Interfaces requires rigorous statistical
frameworks, primarily due to the inherent non-stationarity of neural signals, low
signal-to-noise ratios, and characteristically high inter-subject variability. When
working with relatively small sample sizes, relying on simple train-test splits often
leads to over-fitted models. To ensure robust, unbiased estimates of decoding
performance and to mitigate the effects of variant values across sessions, we

implemented cross-validation evaluation procedures.

3.4.1 Stratified Cross-Validation

For standard evaluations, we utilised a Stratified K-Fold cross-validation strategy.
This procedure divides the dataset into K mutually exclusive subsets while strictly
preserving the percentage of samples for each class in every fold. Maintaining
the original class distribution is crucial to prevent the classifier from developing
a bias toward the majority class. The implementation was carried out using the

StratifiedKFold module from the Scikit-Learn Python library [182].

3.4.2 Group Cross-Validation

In experimental designs where trials are recorded in distinct blocks or runs, standard
cross-validation methods risk artificially inflating decoding accuracy due to data
leakage. Consecutive trials within the same block inherently share temporal
correlations, background noise, and baseline physiological states. To control for
this, we implemented Group Cross-Validation using Scikit-Learn’s GroupKFold
[Pedregosa2011]. By leveraging the dataset’s block structure to define groups,

this method ensures that all trials from a single experimental block are assigned
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to either the training set or the test set, providing a realistic estimate of how

the classifier performs on unseen data.

3.4.3 Pooled Accuracy

To aggregate performance across all folds, we reported the Pooled Accuracy. This
calculates the overall performance by dividing the total number of correct predictions
across all folds by the total number of evaluated samples:

K
Z¢:1 C;

K
Zi:1 n;

(3.4.3.1)

Accuracypooled =

where K is the total number of folds, ¢; is the number of correct predictions in

fold i, and n; is the total number of samples in fold 1.

3.4.4 Statistical Significance Threshold

To determine whether decoding accuracy was significantly better than random
chance, we utilised a threshold based on the binomial distribution, specifically
tailored for BCI applications [183]. We computed the adjusted Wald confidence
interval (Agresti-Coull) to account for small sample sizes.

For a two-class problem (py = 0.5), the adjusted probability p given n trials is:

nx 0.5+ 2
j— - = 3.4.4.1
p n+4 ( )

The critical threshold for statistical significance at a 99% confidence level
( = 0.01) is:

p(1 —p)

Threshold = p o
resho D+ 21/ n 4

(3.4.4.2)

where 21_,/2 & 2.576. Any pooled accuracy exceeding this threshold was deemed

statistically significant.
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Decoding Speech Imagery or just noise: A
symptom of the reproducibility crisis

4.1 Introduction

Brain-Computer Interfaces (BCIs) aim to build a direct communication channel
with computers by decoding brain signals. In active [BCI|paradigms users perform an
instructed cognitive task while their brain activity is recorded [16]. Among different
paradigms, Speech Imagery has caught the attention of researchers as it
represents an intuitive approach for [BCI| designs. An [SI{BCI| system requires the
user to attempt speech without moving articulators or producing any sound. It
is thought to be ideal to use a single word or sentence to control a system
[184]. For example, if the user imagines speaking direction commands this may
be simpler than imagining moving limbs as with Motor Imagery . Moreover,
may be evoked endogenously, i.e., without the need of external stimulation as
visual- or auditory-based BCIs [185]. [SI}BCIs have the potential to vastly increase
the possibilities for communication aid applications if a significant number of words
can be accurately decoded [148| |186].

The current state-of-the-art for [SI] decoding looks promising, with a trend of new
decoding attempts achieving significant classification accuracies [35]. Open-access

electroencephalography (EEG)) datasets [23]95] have opened the possibility of trying
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different decoding techniques and, therefore, building a benchmark of how feasible it
is to classify imagined speech units from [EEG]signals. However, [SI]decoding presents
known intrinsic [BCI| challenges as well as paradigm-specific concerns that need to
be addressed in order to unlock its full potential as a paradigm [35]. One important
issue is replicability. Successful replication of other studies facilitates verification
and validation of findings and highlights techniques that enable progress in the field.

Replicability is a major concern in [BCI| research, as it involves obtaining
consistent results across studies that answer the same research question and is
closely related to reproducibility, which means to obtain consistent results by
analysing the same input data [187]. exists as a multidisciplinary junction
that poses difficulties to knowledge sharing due to the domain-specific ways to
share and report findings [188]. Broadly, there are two main sources on which to
focus when addressing replicability in [BCI (1) procedures related to data collection
that due to the complex nature of the brain result in high data variability between
participants, experiment protocols and recording devices, and (2) the diversity
of analysis/decoding techniques that include Machine Learning (ML) algorithms,
usually with multiple parameters that affect their outputs [189).

The importance of a clear and complete description of all steps taken to decode
[EEG and how such decoding results are evaluated represents a key aspect for
research reproducibility. Existing literature on [BCI| reproducibility suggests that a
substantial proportion of published studies may yield results that cannot be reliably
reproduced [190] [191]. Existing literature on [SI| decoding also suggests potential
replicability issues, particularly due to the very low number of real-time decoding
implementations. In our previous work, we found that only 6% of published
decoding attempts were conducted in real-time settings [35]. In this study, we
aim to investigate the reproducibility of [SI] decoding methods by focusing on three
main aspects: (1) Completeness of methodological reporting, as prior research
has shown that 32% of studies lack key methodological details [192]; (2)
Evaluation procedures, since improper evaluation methods—such as the absence

of cross-validation—can result in inflated performance metrics. This is especially

56



4. Decoding Speech Imagery or just noise: A symptom of the reproducibility crisis

problematic in [EEG] studies, where data is typically limited and models are prone to
overfitting, as noted by Kinahan et al. [190]; (3) Reproducibility gap, by comparing
our replication results with those reported in the original publications. For context,
Menon et al. [191] failed to reproduce classification results in two m paradigms,
with accuracy differences ranging from 10% to 20%.

We adopt a similar methodology to that of Menon et.al [191], attempting step-
by-step reproduction of published [SI| decoding pipelines, documenting any missing
or ambiguous information, and explaining how we addressed those gaps. We extend
Menon’s approach of a single reproduction attempt per dataset by adding 3 extra
studies and widening our estimation on the reproducibility of [SI| For this study,
we selected two open-access datasets that, to the best of our knowledge, are the
most widely cited in [SI| decoding. The first is the Kara One dataset [23], released in
2015, which contains [EEG] recordings of [S]] involving 4 words and 7 phonemes. The
second is the dataset by Pressel Coretto et al. |95], released in 2017, which includes
[ST data of 6 words and 5 vowels. For each dataset, we attempted to replicate the
original authors’ approaches, as well as three additional decoding attempts that
employed techniques currently trending in [SI| decoding (35, 193].

Our study also aims to address replicability by applying standard decoding
pipelines and comparing the results from the two datasets with data from our [S]]
experiments and a third open-access [SI| dataset [96].

In the next sections, we present the selection criteria and a summary of the
decoding attempts, explaining the information that was missing for replication
and the steps we took to overcome it. We also show how the results we obtained
vary compared to the reported results in the literature. Finally, due to the high
variability between the evaluated decoding results and our replication attempts, we
investigate the apparent inconsistency of [SI features and discover that informative
features seem sparse across participants and datasets. To support our hypothesis,
we run a replicability analysis on [M]| datasets by evaluating classification accuracies
across a range of time-frequency configurations using different decoding pipelines

and compare the performance consistency with results from [SI| datasets. This
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approach enables us to identify configurations that consistently capture informative
features for [M]| datasets and assess whether any analogous consistency exists for
Shrelated features. Our study suggests that decoding [SI| from [EEG] signals may be

more challenging than the current results reported from the literature suggest.

4.2 Study Selection

For the reproducibility study, we select two widely used open-access speech imagery
datasets based on their considerable popularity and attempt to replicate the results
reported by the original authors, as well as three additional decoding approaches.
To select the additional approaches, we screened results from Google Scholar on
"Speech Imagery decoding of Kara One OR Coretto dataset" and selected the first
three from each that satisfied the inclusion criteria inclusion criteria: (1) Peer-
reviewed published reports, (2) Record has been cited at least 10 times (3) Feature
extraction methodologies belong to trends on [SI| decoding identified in [35} 193],
including Common Spatial Patterns , Discrete Wavelet Decomposition (DW'T)
or Mel Frequency Cepstral Coefficients and the use of Convolutional
Neural Networks .

Including the original authors’ baseline models, our study systematically eval-
uates a total of eight distinct decoding approaches. This broad methodological
scope provides a highly robust and representative assessment of the current state
of reproducibility within the [S]] literature.

For the replicability study, we include a recently published [SI] dataset alongside
a newly collected dataset of our own. The primary characteristics of all evaluated
[ST datasets are summarised in Table [4.1 We additionally incorporate four [MI]
datasets. Because [MI] decoding has been successfully and consistently replicated
using the Mother of All Benchmarks (MOABB) framework [1§], the inclusion
of these [M]| datasets serves as a robust reliability test for our analysis. Therefore,
this balanced four-versus-four comparison yields highly representative evidence
regarding the replicability of these paradigms. Given the limited number of open-

access |SI| datasets currently available in the literature [35], the evaluation of four
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distinct [SI] datasets provides a comprehensive and accurate assessment of the
paradigm’s current challenges.

Our newly collected dataset consists of 16 participants, representing the largest
sample size among the [S]| datasets evaluated in this study. To ensure a balanced
and comparable analysis across paradigms, considering that two of the [M]| datasets
included recordings from over 50 participants [194, |195]. we limited our evaluation
of the larger [M]] datasets to their first 16 participants. Furthermore, the single-task
design utilising the directional words ’left” and 'right” was chosen deliberately. These
specific targets are standard in [S]| research and were explicitly selected to enable
direct cross-dataset comparisons with the open-access Coretto and Nieto datasets,
which also employ those words. The selected [M]] datasets were chosen based on
their reproducible decoding results reported and being able to access them through
MOABB. We summarise the evaluated [MI| datasets in Table [£.2] For a detailed
description of each of these and the [SI] datasets, please refer to [A.1]

Table 4.1: Description of evaluated [SI| datasets.

Kara One 23] Coretto |95] Nieto [96] Our own

Classes 11 11 4 2
Trials/class 13 50 50 25
N 14 15 10 16
Ch 64 6 64 128
Fs (Hz) 1000 1024 1024 2048

Table 4.2: Description of evaluated datasets.

Weibo [196] Physionet [194] Lee [195] Schirrmeister [152[

Classes 7 4 2 4
Trials/class 80 23 100 120
N 10 109 (16) 54 (16) 14
Ch 64 64 62 128
Fs (Hz) 200 512 1000 500

4.3 Methodology

We provide a summary of the decoding pipelines used in the Kara One and Coretto
ST datasets, which we aim to replicate, in Tables[£.4)and [4.3] respectively. To simplify
references throughout the report, we assign each decoding approach an identifier

based on the initial of its dataset. We followed the step-by-step implementation of
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their pipelines using the following analysis tools: MNE Python library [197] was
used to read and format the [EEG]| data into epochs. MNE was used to apply filters
and run independent component analysis and downsample when required in
the preprocessing steps; it was also used to apply common spatial patterns .
Scikit-learn [182] was used to compute statistical features from the signals or from
discrete wavelet transform coefficients as well as fast Fourier transform
(FFT) Coeficcients. was implemented using the PyWaveletes library [198].
Support vector machine , linear discriminant analysis , and random
forest were implemented from the scikit-learn library, and Convolutional
Neural Networks were implemented using the Keras library [199).

We identify any missing or ambiguous information while following their published
description of the decoding pipelines implementations and list the steps we took
to attempt reproduction in Tables and [£.6| However, we also explored how
assuming missing parameters from methods influences in final results by running a
grid-search for approaches where parameters were assumed, namely (C and
gamma) parameters and the removed components. For a detailed description
of each of the decoding approaches, please refer to the supplementary document
provided with this publication.

It is important to note that Kara One decoding approaches present results
using distinct numbers of participants; this is due to faulty data that we discuss
further in the dataset definition (see [A.1.1)). We further explored how including
all participants’ data influences overall scores.

Additionally, we describe the time-frequency analysis used to assess replicability

on [SIl and [M]l datasets below.

4.3.1 Features Comparison Between Speech Imagery and
Motor Imagery

To attempt a comparison of features from [SI|and [M]] paradigms, we use a Riemannian
geometry-based pipeline that has demonstrated success in extracting [MI] features

[18], mainly composed on a tangent space (TS| projection of regularised covariance
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Table 4.3: Overview of [S]] decoding pipelines
papers listed in the first column.

from the Coretto dataset, with source

Report Preprocessing Feature Extraction Classifier Analysis Evaluation
tool
CTl Downsample to 128 Hz. (D2 - D5, A5) [RE} 5 initial ran- Matlab Within participant
Filter (2 - 40 Hz). Relative wavelet energy  dom features, 200 10-fold Cross-
(RWE) from each level.  trees validation
CT2[135] Downsample to 256 Hz. (D1 - D4, A5) [SVM] with RBF  Matlab Within participant
Filter using (4 Kernel fvtool 5-fold cross-
components) for each dwtfilterbank validation
decomposition level.
Use the variance of each
[CSP] component
CT3[200] Downsample to 128 Hz ~ Use Raw signal Python Within participant
Filter (2-40 Hz). Sckit-learn  5-fold cross-
[I[CAl validation
Scaling.
CT4[122] Filter (2-40 Hz). Use Raw signal Matlab Within participant

80% training - 10%
testing - 10% valid-
ation

Table 4.4: Overview of [S]] decoding pipelines
papers listed in the first column.

from the Coretto dataset, with source

Report Preprocessing Feature Extraction Classifier Analysis Evaluation
tool
CTl Downsample to 128 Hz. (D2 - D5, A5) [RE} 5 initial ran- Matlab Within participant
Filter (2 - 40 Hz). Relative wavelet energy ~ dom features, 200 10-fold cross-
(RWE) from each level.  trees validation
CT2[135] Downsample to 256 Hz. (D1 - D4, A5) [SVM with RBF  Matlab Within participant
Filter using (4 Kernel fvtool 5-fold Cross-
components) for each dwtfilterbank validation
decomposition level.
Use the variance of each
@ component
CT3[200] Downsample to 128 Hz ~ Use Raw signal Python Within participant
Filter (2-40 Hz). Sckit-learn  5-fold Cross-
ICAl validation
Scaling.
CT4 \ Filter (2-40 Hz). Use Raw signal Matlab Within participant

80% training - 10%
testing - 10% valid-
ation
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Table 4.5: Description of missing information in [SI| decoding pipelines applied to the
Kara One dataset.

Report

Missing Information

Steps Taken

KO1[23]

KO2[132]

KO3[166]

KO4[169]

Feature extraction:

It is not clear how to get derivatives from
the obtained features. If the derivative
features are the same length as the
feature vector, then 32 x 17 segments
= 816 features per channel. However,
1197 features are mentioned.

Preprocessing:

It is not mentioned what [[CA]algorithm
was used, how the noise components
were selected, and how many were re-
moved.

Classification:

[SVM] regularisation parameter C' not
specified

Classification:

The kernel sizes of the Convolution
layers specification is ambiguous; the
authors conclude that a kernel size equal
to the input shape performed better.
However, this changes behaviour.
Ambiguous data splitting procedures:
authors first state a 50-50 split but
then a cross-validation procedure is men-
tioned without specifying the number of
folds. No model training specifications
given.

Feature Extraction:

features were extracted from each
component and how many components
were considered are not mentioned.

Feature Extraction:

We compute the derivative of the vector
composed of all the obtained feature values.
The number of features per channel we
obtained is 221.

Preprocessing:

We opted for the Picard [[CA]algorithm; we
excluded one component associated with
eye blinks, characterised by activity con-
fined to frontal electrodes and the absence
of 1020 Hz power in its spectral profile. A
second component was removed if lateral
eye movements were evident, indicated by
spatial lateralisation of the component’s
topography.

Classification:

[SVM] regularisation parameter C' was set
to the default value from Scikit-learn
Classification:

We define the Convolutional layers’ kernel
sizes of (7x7) and (3x3). We applied a
repeated 2-fold cross-validation. We train
the model for 200 epochs and a batch size
of 64.

Feature Extraction:
This approach is not replicable as critical
information regarding @ is missing.
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Table 4.6:

Description of missing information in decoding pipelines applied to
Coretto’s dataset.

Report Missing Information Steps Taken

CT1[95) Preprocessing: Preprocessing;:
It is not mentioned what [[CA]algorithm  Same as with the steps taken in KO2 (see
was used, how they selected the noise Table
components, and how many were re-
moved.

CT2[135] Classification: Classification:
[SVM] regularisation parameter C' and [SVM] regularisation parameter C' set to 1
Kernel Coeficient gamma not specified and Kernel Coeficient to 1/n where n is the

number of features.

CT3[200] Preprocessing: Preprocessing:
Not clear how to select noise compon- Same as with the steps taken in KO2 (see
ents from [[CA] and how many were Table
removed Feature Extraction:
Feature Extraction: Used the raw signal (6 x 496) as input
Not explicitly mentioning the raw signal ~data for the [CNN|
as features or the shape of the input
data for the M

CT4[122]  Preprocessing: Preprocessing:

Not clear how to select noise compon-
ents from [[CA] and how many were
removed

Feature Extraction:

Not explicitly mentioning the raw signal
as feature or the shape of the input data
of the [CNNI

Classification:

The report specifies 40 filters in the
initial convolution layers, however, 20
filters are set in the source code

Same as with the steps taken in KO2 Table
Feature Extraction:

Used the raw [EEG]signal (6 x 496) as input
data for the

Classification:

We used 20 filters as specified in the source
code, considering a smaller number of train-
able parameters

matrices using Ledoit-Wolf estimation [180] and a logistic regressor (LR]), covariance

estimation and [TS] transformation was implemented using the PyRiemann library
[181]. We refer to it as the LR| pipeline. Further details of this pipeline
can be found in [A.2]

We evaluated this pipeline using a binary classification approach for each motor

imagery (MI)) and speech imagery dataset. This analysis aimed to identify

consistent features across participants within each dataset, regardless of the specific

unit being classified. For all datasets, we classified left versus right hand

imagery. For the [SI] datasets, we classified the imagined words ’left’ versus 'right’

(in the Coretto, Nieto, and our datasets) and 'pot’ versus 'knew’ (in the Kara One
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dataset). Additionally, we tested an extra pair of classes for the Coretto (/u/ vs.
/a/), Nieto ("up’ vs. ’"down’), and Kara One (/iy/ vs. /m/) datasets to determine
whether classification performance varied significantly based on the chosen phonetic
or linguistic targets. We applied this pipeline to different frequency and time
window settings and analysed the distribution of mean classification accuracies. The
evaluation protocol was standardised to a within-participant basis to help identify
common patterns across datasets. A 10-fold cross-validation procedure was used
to enable meaningful comparisons of pipeline performance

Specifically, for each dataset, we tested all combinations of 16 frequency bands
(from 0 to 130 Hz, each 10 Hz wide, with an 8 Hz overlap) and 7 time windows
(ranging from 0 to 3.5 seconds, each 1.5 seconds long, with a 0.3-second step).
For each combination, we calculated the median accuracy across participants
and evaluated the results as a matrix of accuracies. This allowed us to visually
identify any consistent configurations for both paradigms. To check for statistically
significant median accuracy across participants on each dataset, we applied a
Bonferroni-corrected one-sample t-test.

Thereafter, to check for the individual participant’s highest-performing configura-
tions, we check for significant median accuracies above the threshold of the binomial
distribution of accuracy considering the number of trials [183] with 99% confidence
(o« = 1%) and evaluated the distribution across configurations for participants

with statistically significant accuracies only.

4.4 Results
4.4.1 Reproduction of existing literature

The decoding accuracies obtained from our replication attempts were generally
lower than those originally reported in the majority of the studies. To evaluate
performance, we compared the mean reported accuracy across participants from
the original studies with the accuracies obtained in our replication attempts.
For the Kara One dataset, our results were on average 22.4% lower than reported,

with the exception of one condition in the KO1 approach, where our results were
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Table 4.7: Summary of results (mean £ standard deviation of accuracy) obtained with
the different decoding approaches for the Kara One dataset and the corresponding results
from our replication attempts and the p-value from the Welch difference t-test. The KO4
report did not include the standard deviation of their results.

Decoding Approach  Condition Results Reported in  Replication Welch T-test
Literature (%) Results (%)  P-value
KO1 C/V with 56.9 4+ 14.1 49.3+ 5.8 0.18
C/V with DBN 88.6 4+ 4.9 49.5 + 1.2 <0.01
Juw/ with 56.8 + 13.6 59.14 6.5 0.68
Juw/ with DBN 80.1+2.7 59.8 + 3.1 <0.01
KO2 20.45 + 5.7 15.54 6.5 0.09
KO3 31.6+0.4 15.6+0.08 < 0.01

close to chance level. We were unable to replicate the KO4 approach due to
missing essential information regarding the features extracted through [CSP] in
the original publication. The results for Kara One are summarised in Table
[4.7] as average accuracies, including our replication efforts and those originally
reported in the relevant literature. The results on the influence of including
data from the faulty participants show lower mean accuracies when including
all participants, but the difference is not statistically significant. Results of this
analysis are shown in table [A.3]

For the Coretto dataset, our replication results were on average 14.2% lower
than those reported in the original studies. A detailed comparison of these results
is provided in Table [4.8]

The influence of parameter selection showed that grid-search led to higher mean
accuracies; however, the results were not statistically significant. Results on grid-
search of SVM] parameters are presented in table [A.T] and the results of grid-search
of the number of [CA] components is showed in table [A.2]

4.4.2 Replication results: Time-Frequency Comparison of
and MI

Due to the large discrepancies observed in decoding performance, we further explored
the nature of [S]| features by performing a grid search over configurations that yielded
statistically significant decoding accuracies. In the following subsection, we present

results from a well-established [MI] decoding pipeline using a variety of time-frequency
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Table 4.8: Summary of results (mean + standard deviation of accuracy) obtained with
the different decoding approaches for the Coretto dataset and the corresponding results
from our replication attempts and the p-value from the Welch difference t-test. No
standard deviation value was reported in the CT2 results.

Decoding Approach  Condition Results Repor- Replication Res- Welch T-test
ted in Literature ults (%) P-value
(70)
CT1 vowels 223+1.8 19.1+8.1 0.29
words 18.5 4+ 1.47 159472 0.18
CT2 Ab-Iz 81.1 51.7 £ 10.7
Atz 80.3 484+ 11.1
CT3 35.2+3.9 193+7.1 < 0.01
CT4 22.3+1.81 19.1£8.1 0.52

configurations on four different [MI] datasets and four [SI] datasets. As shown below,
the results indicate that, unlike [MI] [EEG] features associated with [SI| exhibit low
consistency across participants and datasets for both tested class conditions.

We present the median accuracy of the [TSHLR] pipeline across participants for
each time-frequency configuration in Figure [1.1 The results show that consistently
high decoding performance was achieved with the datasets in the 0-20 Hz
frequency range across most time windows, which aligns with the established
literature on [MItbased BCIs. Using a Bonferroni-corrected one-sample t-test, we
identified several statistically significant accuracies for the datasets (Weibo:
6, Physio: 7, Lee: 7, Schirrmeister: 18).In contrast, the datasets do not
exhibit any clear or consistent regions of high performance across frequency or
time. Furthermore, no median accuracy reached statistical significance (p < 0.05,
Bonferroni-corrected one-sample t-test) for either of the class pair conditions.
Figure also illustrates similar results for the extra pair of classes for Coretto (/u/
vs. /a/), Nieto ("up’ vs. ’down’), and Kara One (/iy/ vs. /m/). Although the Kara
One dataset displays several regions that appear to contain discriminative features
for [SI| (e.g., 70-100 Hz for windows starting at 1.2 s), these patterns are not observed
in the other [SI] datasets, and these apparent peaks do not deviate significantly from
the dataset’s overall accuracy distribution. This raises the question of whether

the [TSHLR] pipeline generalises well to [SI] features. To address this, we tested
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Figure 4.1: Heatmaps of median classification accuracies across participants for various
time and frequency windows using the[TS|and [LR] pipeline. The top row displays results for
four Motor Imagery datasets, while the bottom row displays results for four Speech
Imagery datasets. The evaluated tasks were left versus right hand imagery for all
datasets, and the imagined words ’left’ versus 'right’ (Coretto, Nieto, and our dataset)
or 'pot’ versus 'knew’ (Kara One) for the [SI] datasets. Evaluation was performed using
10-fold cross-validation. The results demonstrate that [MI] datasets exhibit consistently
high, statistically significant performance in low-frequency ranges (0-20 Hz), whereas
datasets lack any consistent regions of significant accuracy (p <0.05)

two other pipelines, one based on Common Spatial Patterns and the other
with a Convolutional Neural Network model. All pipelines showed similar
patterns: informative regions for [M]| were consistently found in lower frequencies,
while [SItrelated features remained sparse and inconsistent (see [A.4.2)).

While considering the highest individual accuracies for each participant across
the two paradigms, we found that on average, only 36.1% of participants in
datasets achieved statistically significant decoding performance at a 99% confidence
level (aw = 0.01), compared to 91.2% of participants in datasets. Figures d
and [£.2]e illustrate the proportion of participants in each dataset with significant
results for both paradigms. Similar results are obtained with the extra pair of classes
tested, while there was more participants with statistically significant accuracies in
Coretto dataset (/u/ vs. /a/), the number of good performers decreased for Kara
One (/iy/ vs. /m/) and Nieto ("up’ vs. ’down’) as shwon in Figure [A.2]

The distribution of the highest decoding scores across configurations shows a clear
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Figure 4.2: Distribution of the highest pair-wise decoding accuracies using the and
pipeline across different time-frequency configurations for the Motor Imagery
and Speech Imagery datasets. The evaluated class pairs were left versus right hand
imagery for all [M]] datasets. For the [SI] datasets, the tasks consisted of the imagined
words ’left’ versus 'right’ (Coretto, Nieto, and our dataset) and 'pot’ versus 'knew’ (Kara
One). Only participants with statistically significant performance at the 99% confidence
level (alpha = 0.01) are included. a. Scatter plot of individual participant results across
time-frequency space. Clusters of at least five points are found using DBSCAN. The size
of the circles indicates the number of participants in each cluster; only [M]] participants
show clustering, primarily within the 0-30 Hz range. b. Frequency distribution of peak
decoding accuracies, with each point representing a participant, colour-coded by dataset.
c. Distribution of best accuracies across time, where the Y-axis indicates the starting
time of each 1.5 s decoding window. d.The proportion of participants in each [SI| dataset
achieving significant accuracy, with non-grey bar segments indicating successful cases.
e.Same as (d) but for datasets; all participants from the Schirrmeister dataset reached
significant performance. f Overall accuracy distributions for [SI) and [M]| participants, with
individual scores color-coded by dataset

pattern for [M]] participants. Most high-performing configurations are concentrated
in frequency bands between 0 and 25 Hz and time windows starting between 0
and 0.9 s. In contrast, [S]| participants do not show any consistent time-frequency

region where high-decoding performance can be achieved. Figure f.2]a displays
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the top-scoring configuration for each participant in both paradigms. We applied
DBSCAN clustering to identify groups of at least five nearby samples within a 0.5
distance range. Clusters were found for participants in the [M]] datasets, but none
were identified for [SIl Figure [£.2lb shows a boxplot of frequency distributions for
each participant, colour-coded by dataset. [MI] participants exhibit a tightly grouped
distribution centred around 14 Hz, with only a few outliers at higher frequencies. In
particular, all participants from the Lee dataset show optimal performance in the
same frequency range. In contrast, the frequency distribution for [S] participants
is much more scattered, with a standard deviation of 27 Hz in contrast with the
16 Hz for [M]] participants. Figure [£.2lc presents the distribution of optimal time
windows. For [MI] most participants show peak decoding performance in time
windows starting between 0 and 0.9 s with a median at 0.3 s £ 0.4. [S]| participants
again show broader variability with a median starting value at 0.9 s & .6.

Overall accuracies in Sl are lower (t-test p-val < 0.05), with a median accuracy
of 83.3%, compared to 76% for |SI| datasets. This comparison is shown in Figure
[4.2lf, where each point represents the highest achieved accuracy with a colour-
coded label for indicating the corresponding dataset. Notably, participants from
the Kara One dataset with statistically significant results achieved the highest
values among [SI| participants.

Interestingly, when we lower the statistical threshold to 95% confidence, the pro-
portion of [S]| participants for whom decoding accuracy is above chance performance
increases by 42.4% (from 13 to 30 participants). In contrast, the increase for
participants is just 7.2% (from 51 to 55). However, even with this relaxed threshold,
we still do not observe consistent time-frequency patterns among [SI| participants.
The extended results for the 95% confidence analysis are included in the [A.4.1}

Additionally, we noticed an influence of the number of trials used for classification.
In Figure [4.3] we compare the decoding performance of Nieto and Coretto [S]]
datasets with Lee and Weibo [MIl datasets at various consecutive trial counts used
for the cross-validation evaluation. The datasets showed consistent patterns

starting from 30 trials, and such patterns persist as more trials are added. For
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Figure 4.3: Effect of trial count on median classification accuracies across time and
frequency windows using the [TS] and [LR] pipeline. Heatmaps display cross-validated
accuracy as the number of training trials sequentially increases (30, 40, 50, 60, and >100
trials) for (a) two Motor Imagery datasets (Lee and Weibo) and (b) two Speech
Imagery datasets (Nieto and Coretto). The results indicate that while datasets
develop consistent, robust discriminative patterns starting at 30 trials, [SI| datasets fail to
yield reliable patterns, with any early high-accuracy configurations diminishing as more
trials are added.

the Nieto [SI] dataset, using the first 30 trials led to seemingly consistent high
scores in high-frequency configurations. However, this consistency diminished as
more trials were added. Coretto’s dataset decoding results do not present patterns

of significantly high accuracies.

4.5 Discussion

The accuracy scores from our reproduction attempts were generally lower than
those reported in the original studies, with discrepancies ranging from 8.1% to 36%
for Kara One approaches and from 2.6% to 31.9% for Coretto approaches. These
findings reveal a significant and previously overlooked issue of reproducibility in [S]]
decoding. Our analysis identified multiple factors that likely hinder reproducibility,
consistent with the challenges highlighted in the [BCI| reproducibility literature
discussed in Section , . We found that each of the evaluated studies

lacked methodological details. Some missing elements — such as the number of [CA]
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components removed during preprocessing or the classifier parameters (e.g., the
gamma value) — may be inferred based on common defaults or conventions in
software tools. However, other omissions involved parameters with wide possible
variations that could significantly affect results, such as the kernel sizes in deep
learning convolutional layers. In study KO4, critical information regarding feature
extraction was missing, and no source code or supplementary materials were provided
with the publication. Furthermore, our attempts to contact the original authors
were unsuccessful, which ultimately prevented us from attempting to reproduce
this pipeline Importantly, our grid-search analysis showed no significant differences
compared to the assumed parameters. This suggests that factors such as the [SVM]
C and v values or the number of [CA] components may not substantially affect the
reproducibility of decoding attempts. Instead, issues related to model evaluation
and data leakage are likely the main causes of overestimated results.

We also found that the CT4 and KO3 approaches did not include cross-validation
in their evaluation. As discussed by Kinahan et al. [190], this is particularly
problematic given the small number of trials and the inherently high variability
of [EE(] signals. Without appropriate validation methods, performance can be
overestimated. Furthermore, only the approach CT4 made their code available,
highlighting a significant barrier to reproducibility across the literature. It’s
important to note that we used different analysis tools than those reported in
the original studies, and prior research suggests that software choices can influence
decoding performance [201]. However, we believe that missing methodological details
or flawed evaluation procedures likely had a greater impact on reproducibility than
the choice of software itself.

We also evaluated replicability in [SI] decoding by testing the [TSHLE] pipeline,
confirming its consistent performance across four [MI] datasets in line with MOABB
findings [18]. While decoding demonstrated strong replicability across independ-
ent datasets, our analysis revealed highly variable outcomes for [SI| Importantly, the
highest decoding performances in [M] were driven by consistent, shared frequency

configurations across participants. These patterns were evident even in small
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cohorts, such as the 10-participant Weibo dataset. In contrast, no such feature
consistency was observed across the [SI| datasets. Even with a larger cohort
of 16 participants in our newly collected dataset, no shared representational
patterns emerged. Furthermore, this lack of consistency persisted even when
evaluating alternative speech units, confirming the absence of generalised [SI| features.
Although several high-accuracy configurations were observed in the Kara One
dataset, these did not deviate significantly from the overall distribution; given
the low number of trials, these peaks could reflect overfitting. Ultimately, this
demonstrates a fundamental challenge of the [S]| paradigm: the participant-dependent
feature variability.

Our comparison of time-frequency decoding performance using the [TSHLR]
pipeline further supports this point. Among [MI] participants, significant results
clustered consistently in the 0-20 Hz range, reflecting informative features commonly
attributed to event-related synchronisation and desynchronisation in motor imagery.
In contrast, fewer [S]| participants achieved above-chance results, and their peak
performance occurred across a wide range of time and frequency configurations,
with no identifiable clusters in the time-frequency space. Even when the confid-
ence threshold was relaxed to include more participants, the spatial and spectral
distribution of [SIl features remained scattered and inconsistent.

We also observed an interesting effect related to the number of trials used for
model training. It is well-documented that the quantity of trials can influence
[EEG] signal quality, and that extended recording sessions may introduce fatigue
and reduce data reliability [202]. In our experiments, related patterns were
evident even with a small number of trials (as few as 30) and became more robust
as additional trials were included. In contrast, the [SI| datasets exhibited clustered
patterns when using only the first 30 trials, but these patterns gradually faded
as more trials were added. This suggests that [S}related features may deteriorate
over time during extended recording sessions. Possible explanations for this effect

are discussed in the following section.
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4.6 Conclusion

We argue that the current state of speech imagery as a paradigm in [EEG}based
BClIs may be misleading due to non-reproducible decoding approaches with inflated
performance scores. To advance as a viable paradigm, the field must align
more strongly with reproducibility standards. Reproducibility is essential for
enabling independent verification of findings and supporting progress toward real-

time applications.

Summary Box: Key Recommendations for Reproducibility in [SI|research
Our findings highlight three key aspects that should be indispensable in[SI]decoding
research:

« Adhering to ML reporting frameworks such as CRISP-DM [203] to
ensure that no methodological details are missing.

« Applying rigorous evaluation practices: decoding accuracies marginally
above chance are often reported as meaningful without proper statistical
testing, particularly in small datasets. Researchers should use robust
validation strategies, including cross-validation for participant-dependent
models and leave-one-participant-out methods for participant-independent
approaches.

e Sharing code publicly to allow verification of methods across different
datasets.

[STkspecific challenges may also stem from variability in the internal experience
of [SI across individuals [29]. It is therefore critical that participants are thoroughly
instructed and verified to engage in the intended cognitive task, whether auditory,
articulatory, or otherwise. Exploring different [SI] modalities—such as internal
monologue versus imagined dialogue—could help clarify the construct. Furthermore,
participant screening with validated psychological instruments, such as the Varieties
of Inner Speech Questionnaire (VISQ-R) [204], could enhance data quality by
identifying individuals with distinct inner speech profiles. Our findings also suggest
that [STtrelated signals may degrade over time, possibly due to participant fatigue

during long sessions or to decoding pipelines that overfit on small datasets and fail
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to generalise to larger ones. We observed that decoding performance declined as
more trials were used to train the classifiers, implying that prolonged sessions might
reduce signal quality for [S]| more than for [MI] Finally, while our results showed
that significant [SI| decoding accuracies were achieved by only 36% of participants, a
central challenge for future [SI| research lies in identifying these variant informative
frequency ranges. We suggest that the field should adopt participant-dependent
approaches, focusing on methods to detect and track informative frequencies and
on studying how these may vary across trials or experimental sessions.

In summary, our findings highlight two distinct challenges in [SI| decoding: meth-
odological issues within current literature and intrinsic challenges of the paradigm
itself. Regarding the literature, our reproduction attempts consistently yielded
much lower classification accuracies than originally reported, often approaching
chance level. Regarding the intrinsic nature of [SI our replicability analysis revealed
that informative features are highly participant-dependent, and performance tends
to degrade as more data is introduced. These combined findings raise concerns
about the reliability of [Sltrelated [EEG] signals for practical [BCI| applications. They
suggest that the proportion of participants whose [S]| signals can be successfully
decoded may be below 50%, likely due to the inherent difficulty in consistently
evoking or detecting [Slirelated neural activity. Importantly, we are not suggesting
that the Speech Imagery paradigm is inherently unfeasible or without merit. Rather,
our evidence firmly indicates that prior studies have significantly overestimated

its current practical readiness and feasibility.
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Consolidating the Speech Imagery
Paradigm: Evidence that Rhythmic
Protocols Drive Superior Decoding
Accuracy

5.1 Introduction

Speech Imagery is an emerging and compelling paradigm within Brain-Computer
Interface research. It is considered intuitive to instruct participants to
internally articulate a word to control a device, and it is naturally envisioned by
researchers as an optimal candidate for speech neuro-synthesis applications [184].
[S]] research has gained increasing attention in recent years, and the release of
open-access datasets has greatly facilitated the development and testing of decoding
pipelines [35]. However, the large variability in decoding results and the limited
number of real-time implementations raise uncertainty about the actual feasibility
of decoding speech imagery from electroencephalography [35, [170], [172].
One of the most trusted ways to verify the feasibility of a paradigm is
via successful replication and validation in real-time scenarios [205]. Our previous
investigation into the replicability of [SI|[d] revealed that, in contrast to the well-
established endogenous paradigm of Motor Imagery , only 39% of participants
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exhibited [Sl}related activity that could be classified with statistically significant
accuracy in a binary decoding task—compared with 91% in datasets. These
results raise the question whether [Slrelated neural signals can be reliably produced
only by a limited portion of the population. A fundamental issue of [EEG}based
[BCT| research is the low performance of some users with known as [BC]]
inefficiency. It is estimated that, for sensorimotor responses, this may affect
between 15-30% of users |17], 206).

As [BC]| inefficiency appears more prevalent in speech imagery, we argue that it
is pressing to study this phenomenon to consolidate the paradigm. However, it is
crucial to consider that acquisition protocols play a critical role in [BCI| performance
and could lead to a reduction in inefficiency |176, |207]. In contrast to other mature
paradigms—such as [MI] where there is consensus regarding the kinesthetic strategy
(feeling movement from a first-person perspective) [208] and established acquisition
procedures like the Graz protocol, with defined temporal markers and feedback
interfaces [209]; or in Steady-State Visual Evoked Potentials (SSVEPs), where
stimulus presentation is fixed based on standard display frequencies and harmonics
[210]—Speech Imagery presents a strongly heterogeneous landscape filled with
diverse decoding strategies and often contradictory results [35].

The current study aims to quantify [BCl|inefficiency in [SI|across 12 heterogeneous
datasets to evaluate how data acquisition protocols influence performance. Building
on our previous findings regarding pipeline stability [211], we employ tangent
space projection of covariance matrices to ensure a robust baseline for accuracy
distribution. To standardise the definition of "efficiency" across varying sample sizes,
we utilise a dual-threshold approach: a statistical significance marker derived from
binomial distributions [183] and a 70% practical utility threshold established for
clinical viability [212, 213]. Additionally, we aim to evaluate the influence of cross-
validation procedures on performance estimation, particularly within rhythmic
experimental designs where consecutive trials may exhibit temporal dependencies

that can inflate the decoding accuracies [214].
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Furthermore, we conduct a multi-stage meta-analysis to investigate the physiolo-
gical and algorithmic drivers of success, aiming to isolate the factors underlying
[SIIBCT] inefficiency. We analysed spectral modelling features previously employed
in motor imagery research [17], while also examining features from the covariance
matrices’ structures. Finally, we evaluate model feature coefficients to identify
specific importance mappings that characterise high-performing participants. Estab-
lishing whether these structural characteristics correlate with accuracy is essential for
identifying why certain experimental variations yield superior results, representing

a critical step toward a cohesive pathway for [SI{BCI| research.

5.2 Methods

We identified 9 open-access datasets and included our own acquired data. Two of
the datasets have protocol variants, giving a total of 12 datasets. We evaluated
our pipeline per participant across all 12 datasets and analysed the distribution

of the obtained accuracies on each dataset.

5.2.1 Datasets

We summarise the employed datasets in table [5.1] and give a full description of
the employed dataset in the appendix section

5.2.2 Preprocessing

Data from each source was read and formatted into epochs using MNE Python
library v1.11.0 [197]. The signal was re-referenced using common average
referencing to mitigate common-mode noise. We analysed the [PSD] distribution and
applied a notch filter at 50 or 60 Hz, depending on the dataset, where prominent
line noise was identified. If the sampling rate exceeded 256 Hz, the signal was
resampled to 256 Hz to ensure even resolution across datasets. [[CA] using the
Picard algorithm was employed to identify eye-blink and lateral eye-movement
artifacts. Based on the [PSD] and component distribution across epochs, one to

two components were removed, and the signal was subsequently reconstructed. No
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Table 5.1: Summary of the 12 evaluated datasets, encompassing diverse acquisition
protocols, stimulus modalities and trial structures used to evaluate replicability in Speech

Imagery

Dataset Prompt Cue Protocol Time(s) Trials | N
BCI Competi- | auditory blank rhythmic 2 70 15
tion [215]

Coretto [95] text text single 4 50 15
Kara One [23] | audio+text |ns single 5 26 14
Liwicki [32] text on prompt single 2 20 4
Malta [216] visual on prompt single 4 40 5
Nguyen [22] visual auditory rhythmic 1 100 6
Nieto [96] visual visual single 2.5 50 10
Ours text visual single 1.5 25 16
Ours rhythm text auditory rhythmic 0.8 100 16
Rekrut [217] no prompt fix cross game 2 80 15
Tec [218] text text+audio | rhythmic 1.4 30 15
Tec game [218] | no prompt visual game 1.4 30 15
Note: Time = time window for imagery; Trials = trials per class; N = number of participants;
ns = not specified; fix cross = fixation cross.

preprocessing was applied to the Coretto dataset, as the published data was already
filtered (2-40 Hz) and cleaned of eye blinks via [[CA| Similarly, the Nguyen dataset
was used as published, having been bandpass filtered (8-80 Hz) and cleaned of

ocular artifacts using electrooculography channels.

5.2.3 Filter-Bank TS+LR Decoding pipeline

The tangent space projection with logistic regression (TSHLR]) is a Riemannian
geometry—based method that has proven successful in motor imagery replication
studies |18]. We extended this approach with a filter bank step. Filterbanks were
defined with an 8 Hz bandwidth and a 6Hz moving window, covering 2-128Hz (20
bands) for most datasets, 2-40Hz for Coretto, and 2-80Hz for Nguyen.

For each frequency band, the filtered signal was transformed into regularised
covariance matrices using Ledoit—Wolf estimation [180]. These matrices were then
projected into the tangent space, converting them into Euclidean feature vectors that
preserve their Riemannian structure. Each resulting vector has a dimensionality
of n(n + 1)/2, where n is the number of channels.

Finally, the tangent space vectors from all frequency bands were concatenated and

used to train an [LR] classifier with an L1 penalty and a maximum of 600 iterations.
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5.2.4 Evaluation

To evaluate decoding performance while accounting for the experimental structure
of each task, we implemented two distinct cross-validation (CV]) schemes based

on the paradigm type:

o Non-Rhythmic Paradigms: Performance was evaluated using a standard

10-fold stratified random cross-validation procedure.

o Rhythmic Paradigms: To account for the dependent structure of consecut-
ive trials, we employed a Group 10-fold [CV] approach. Folds were constructed
by grouping trials based on the specific repetitions performed within a block,
ensuring that all trials from a single repetition group were kept together to

prevent data leakage during validation.

For both validation schemes, we reported the pooled accuracy across folds.
Pooled accuracy provides a more statistically justified measure than the me-
dian or mean accuracy, especially in small datasets, as it accounts for fold-size

weighting [219).

5.2.5 Meta-analysis and Statistical Evaluation

To compare results across heterogeneous datasets, we performed a meta-analysis of
features derived from the imagery task window of all recorded trials. Participants
were categorised into "Efficient" and "Inefficient" groups based on a performance
threshold (> 0.7). To ensure comparability across diverse recording conditions,
we applied the [SAN]

Statistical significance between groups was assessed using Welch’s t-test—to
account for unequal variances and group sizes—complemented by Cohen’s d to
determine effect sizes. Furthermore, we investigated the sparsity of the learned
models by analysing the distribution [LR] coefficients assigned to the [T'J] vectors.
Specifically, we computed the proportion of features with near-zero weights to
evaluate whether successful paradigms (e.g., rhythmic) promote more concentrated

and efficient feature representations compared to non-rhythmic tasks.
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Power Spectral Density (PSD) Features

Spectral parameter modelling was performed using the SpecParam library [220] to
decompose the power spectrum into aperiodic and periodic components. Features
were averaged across electrodes (C3, C4, P3, P4). The primary features retained

for meta-analysis were:

e Alpha Prominence: The amplitude of the periodic peak within the alpha
band (8-13 Hz) relative to the aperiodic signal, serving as a measure of

oscillatory strength.

« Spectral Error (MAE]): The of the model fit, representing the devi-

ation of the actual power spectrum from the idealised modelled components.
Covariance Matrix Dynamics

To quantify the stability and complexity of the signal structure, we cal-
culated metrics based on the eigenvalues of the Riemannian mean covariance

matrices for each trial:

o Covariance Entropy Std: The standard deviation across frequency bands
of the Shannon entropy of the normalised eigenvalue distribution. This reflects

the trial-to-trial variability in signal complexity.

e« Log Condition Number Std: The standard deviation of the base-10
logarithm of the matrix condition number (the ratio of the largest to smallest

eigenvalue). This measures the stability and of the spatial covariance.
Linear Regressor Weight Analysis

To evaluate the "efficiency" of the learned models, we analysed the structural

distribution of the absolute values of the [LR] classifier coefficients.

« Sparsity (Prop. Near Zero): The proportion of features assigned
weights near zero. This metric evaluates the model’s ability to selectively
identify key biomarkers while discarding non-informative noise, particularly

in thythmic versus non-rhythmic paradigms.
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Figure 5.1: Pooled accuracy distributions for each dataset for the filter-bank TS+LR
pipeline. The datasets recorded with a rhythmic protocol are grouped on the right side.
The blue dashed lines indicate the statistically significant accuracy thresholds with 95%
confidence, while the orange-red dashed line marks the practical threshold of 70%.

Success-Anchored Z-score Normalisation

To analyse feature distributions from the perspective of proficient users, we imple-
mented a [SAN] For each dataset, features were normalised by centring the data
around the mean (u) of the high-performing subset (accuracy > 0.7). However, the
scaling factor (o) was derived from the standard deviation of the entire dataset.
In instances where a dataset contained no participants meeting the performance
threshold, standard dataset-wide Z-score normalisation was applied as a fallback.

Standard normalisation centres the feature space around the global population
mean, which, in heterogeneous datasets with many low-performing users, can be
dominated by noisy or non-informative patterns [221]. By using the efficient-
performer distribution as the reference, we obtain a metric that quantifies how
far each participant’s features deviate from the feature space associated with

good BCI performance.
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Comparison of Stratified CV vs Group CV Performance
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Figure 5.2: Comparison of decoding accuracy between cross-validation (CV) evaluation
schemes across three rhythmic datasets: BCIComp, Ours—rhythm, and Nguyen. The blue
boxplots represent Random (Stratified) CV performance, while the red boxplots represent
Group CV performance. Horizontal lines within the boxes indicate the median values,
dots show individual participant accuracies.

5.3 Results

The proportion of participants achieving statistically significant decoding accuracies
varied substantially across the evaluated datasets, ranging from 0% to nearly 90%.

Figure [5.1] illustrates these results for the optimal [S]] class pairs.

o Significance and Protocol: Only two datasets, Nguyen and BCIComp,
saw more than 80% of participants reach statistical significance. While both
utilised rhythmic protocols, this trend was not universal; the rhythmic Tec
dataset reached only 40% significance, and our rhythmic data (Qurs—rhythm)
reached 12.5%. Notably, the raw performance of our internal data remained
relatively stable between rhythmic and non-rhythmic sessions. However, the
significance threshold (blue dashed line) for the rhythmic session is lower due

to the number of available trials.

e Practical Utility: When applying the more stringent practical threshold
(70% accuracy), BCIComp and Nguyen were the only datasets where over 50%

of the cohort achieved practically viable results, as indicated by their median
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lines sitting above the 0.7 mark. In contrast, the majority of other data-
sets—regardless of protocol—remained centred near or below the significance

boundary.

The decoding results for all available [S]| class pairs are presented in appendix
section [B.2] The diversity of speech units and the inconsistent outcomes preclude
the identification of specific [S]| classes that reliably lead to better performance across
studies. It is noteworthy, however, that in one of the best-performing datasets
(BCIComp), the percentage of statistically significant results remained above 70%
even for its least discriminative class pair. In contrast, for low-performing datasets,
accuracies remained low across all tested pairs. The Coretto dataset exhibited
the greatest performance variability; for example, classifying a word against a
consonant led 60% of participants to achieve a significant score, while classifying

between words yielded no significant results.

5.3.1 Cross-Validation Strategy Comparison

Our results show the impact in decoding performance of the different [CV] procedures.
The distribution of accuracies in figure shows different degrees of impact. For
BCIComp, the distribution of decoding accuracies remained highly stable between
the two procedures. The median accuracy for Random [CV] was 0.73, matching
the median accuracy observed for Group [CV] though the Group [CV]distribution
contained three lower outliers extending down to 0.44. In Ours-rhythm, a distinct
divergence in performance was observed between the validation methods. While
Random [CV] yielded a median decoding accuracy of 0.72, the median accuracy
fell to 0.43 under the Group [CV] scheme, with the entire interquartile range
shifting downwards. For Nguyen, similarly, a downward shift in performance
was visible between the conditions. The median decoding accuracy decreased
from approximately 0.85 in Random [CV] to approximately 0.70 in the Group
[CV] implementation.
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5.3.2 Significant Meta-Features for Efficiency

Statistical evaluation identified key biomarkers that differentiate efficient and
inefficient performers. The most significant features were predominantly associated
with alpha/mu band prominence and spectral model fit. Specifically, C4 Alpha
Prominence and C3 Alpha Prominence emerged as features with the strongest
group divergence (d > 0.5). Additionally, features related to the SpecParam model
fit, including C4 R? and C4 Spectral Error [MAFE], showed consistent differences
between the two performance groups.

Analysis of the normalised feature distributions, shown in figure 5.3 further
clarifies these distinctions: the efficient group exhibited a statistically significant
positive shift in P4 Alpha Prominence and Log Condition Number Std, Covariance
Entropy Std and Spectral Error MAE] compared to the inefficient group.

Spectral power analysis in the parietal right region (2-60 Hz) provided further
context for the previously identified Alpha Prominence biomarkers as shown in
figure [5.4] Datasets demonstrating higher individual performance, specifically
BCIComp and Nguyen, exhibited a larger alpha peak centred at 10 Hz in the
relative power spectrum. Conversely, the aggregated "Others" group—which showed
lower overall Alpha Prominence—exhibited a lower spectral profile in the alpha band.
Furthermore, this "Others" group maintained a consistently higher relative power
floor in the higher frequency bands (> 30 Hz) compared to the rhythmic datasets,

which showed a more pronounced decay in spectral power at higher frequencies.

5.3.3 Classifier Coefficient Sparsity

Beyond the raw spectral features, we evaluated the structural composition of
the [LR] coefficients to determine how the models weighted the vectors. We
assessed the relationship between decoding accuracy and model sparsity—defined
as the proportion of features assigned near-zero weights—to determine if efficient
performers utilised more selective feature representations, as shown in figure [5.5]
In Non-Rhythmic Paradigms, model accuracy showed no linear dependency on

coefficient sparsity, yielding a non-significant correlation (R = 0.05, p = 0.679). In
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Figure 5.3: Distribution of the top four statistically significant meta-features differen-
tiating the Efficient and Inefficient user groups across all datasets. From left to right,
the panels display: P4 Alpha Prominence, Covariance Entropy Standard Deviation (Cov
Entropy Std), P4 Spectral Error Mean Absolute Error (MAE), and Log Condition Number
Standard Deviation (Std). The vertical axis measures the feature values as a normalised
shift in units of standard deviation (o) derived via Success-Anchored Normalisation.
Individual participant values are overlaid as shaded dots within each violin plot, and
horizontal dashed lines indicate the median and interquartile ranges for each distribution.
Corresponding p-values from the statistical group comparisons are reported above each
subfigure panel.

contrast, rhythmic paradigms exhibited a significant positive correlation between

model accuracy and the proportion of near-zero weights (R = 0.60, p < 0.005).

5.4 Discussion

The substantial variation in the proportion of participants achieving statistical
significance underscores the influence of data acquisition protocols on [SI] decoding.
While two rhythmic datasets (Nguyen and BCIComp) yielded superior outcomes
with over 80% of participants reaching significance, this trend was not universal;
our internal rhythmic variation did not show a corresponding performance increase.
Furthermore, gamified protocols (Tec game and Rekrut) demonstrated no clear
advantage. Although analysis window lengths varied from 0.8 to 5 seconds across
the datasets, this parameter did not correlate linearly with performance, though the
most favorable results consistently aligned with shorter windows of up to 2 seconds.

The effect of evaluation procedure is critical; inappropriate [CV] schemes signi-

ficantly inflate decoding scores. In block designs, consecutive trials share strong
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Spectral Power Comparison: C4 (2-60 Hz)
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Figure 5.4: Normalised relative power spectrum during speech imagery trials recorded
at the C4 electrode channel. Group-level averages and corresponding variance intervals
are plotted for the top-performing rhythmic datasets—BCIComp (blue) and Nguyen
(green)—alongside an aggregated ensemble of all remaining datasets (Others, gray).
Individual subject PSDs were cleaned of 50 and 60 Hz powerline noise, linearly resampled to
a common frequency grid, and normalised to yield relative power values. High-performing
rhythmic groups display a distinct narrow-band peak centred at 10 Hz, whereas the Others
group exhibits a flatter profile and a higher relative power floor across high frequencies
(> 30 Hz).

temporal correlations, allowing a data-driven classifier to fit localised experimental
drift rather than genuine neural features. Notably, BCIComp displayed minimal
sensitivity to the validation strategy, which may be attributed to longer time
intervals between imagery trials. However, because three participants in this
dataset experienced a sharp decrease in accuracy under Group [CV] there remains a
possibility that the original trial sequencing was altered in the public repository,
making perfect epoch grouping challenging.

The difficulty in comparing these highly heterogeneous datasets highlights the
critical need for paradigm consolidation in [SIHBC]| research. Although a wide
variety of speech units (phonemes, words, phrases) were evaluated, classification

performance remained highly variable. Interestingly, within BCIComp, the per-
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Figure 5.5: Correlation between decoding accuracy and classifier coefficient sparsity
across individual participants, separated by paradigm category. The left panel displays
results for Non-Rhythmic Paradigms using circular markers, showing a non-significant
correlation (R = 0.10, p = 0.414) across seven datasets (Liwicki, Ours, Malta, Nieto,
Rekrut, Kara One, Tec game). The right panel displays results for Rhythmic Paradigms
using cross markers, demonstrating a statistically significant positive correlation (R = 0.44,
p < 0.005) across four datasets (BCIComp, Ours rhythm, Nguyen, Tec). In both panels,
solid black lines represent linear regression fits, the surrounding shaded areas denote the
95% confidence intervals, and the horizontal and vertical axes show decoding accuracy
and the percentage of near-zero coefficient values, respectively.

centage of proficient participants only dropped from 100% to 70% when shifting
from the best-performing to the worst-performing class pairs. This implies that
the underlying signal acquisition protocol plays a more pivotal role in ensuring
decoding viability than the specific linguistic token selected.

The identified meta-features align closely with sensorimotor [BC]| efficiency and
proficiency frameworks [17],222]. The efficient group exhibited a prominent positive
shift in P4 Alpha Prominence, confirming that a pronounced oscillatory component
provides more discriminable spatial covariance topologies. This finding presents a
compelling neurophysiological nuance; classically, alpha suppression (ERD)) is viewed
as the primary indicator of active cognitive processing and cortical engagement.
However, the bilateral positive shift across parietal channels observed in efficient
performers can be reconciled through the lens of the inhibition-gating hypothesis
[223] 224]. Under this framework, elevated parietal alpha power represents the
active functional inhibition of task-irrelevant visuospatial networks, suggesting that

proficient users more effectively shield internal speech generation from sensory
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distraction. Methodologically, this mechanism acts as a critical driver of structural
[SNRI Rather than reflecting cortical idling, a distinct and well-organised alpha peak
provides a stable baseline that anchors the spatial covariance configurations across
trials. This is structurally supported by the SpecParam metrics; efficient users
clustered tightly around the baseline for P/ Spectral Error[MAE| and Covariance
Entropy Std. This indicates a stable, predictable, and non-random power spectral
distribution that adheres well to parameterised fits rather than collapsing into an
unstructured 1/f noise floor. Combined with a positive shift in the Log Condition
Number Std, these features reflect well-conditioned, structured covariance matrices.
Conversely, inefficient performers exhibited high signal disorder and feature variance,
which disrupts the mapping stability within the tangent space.

Post-hoc analysis of the [LR] coefficients demonstrated that the [LRHTS| pipeline
successfully drives feature pruning, dropping near-zero weights by up to 95%
(reducing a vector of nearly 20,000 components down to roughly 100 key features).
Crucially, a strong positive correlation emerged between coefficient sparsity and
decoding accuracy within rhythmic paradigms. This suggests that isolating a
compact, highly structured set of neural biomarkers while rejecting background
noise is essential for successful classification in rhythmic contexts—a behavior not
observed in non-rhythmic paradigms, where accuracy fluctuated independently
of model sparsity.

Finally, to estimate a representative baseline for [BCIHS]| inefficiency, we isolate
only the top-performing acquisition protocols, arguing that suboptimal recording
designs artificially skew the failure rate. Defining efficiency as the ability to surpass
the 70% clinical viability threshold, the true inefficiency rate is estimated
to lie between 30% and 50%.

From a practical standpoint, deploying this rhythmic speech imagery protocol

in a real-time application yields specific operational implications:

o Calibration and Retraining: To mitigate day-to-day signal non-stationarities
and maintain classifier stability, a brief daily calibration phase of a few minutes

remains necessary to adjust the baseline spatial covariance matrices.

88



5. Consolidating the Speech Imagery Paradigm: Evidence that Rhythmic Protocols
Drive Superior Decoding Accuracy

+ Real-Time Implementation and Pacing: An online multi-class system
(e.g., a 4-class architecture for mouse cursor navigation) would operate under
a synchronous framework. The system would provide an auditory or visual

metronome stimulus to pace the user’s repetitive speech imagery cycles.

e Impact of Rhythmic SI on Online Performance: Because individual
trials are inherently noisy, the highly structured nature of rhythmic [S1] allows
the classifier to accumulate decoding evidence across three or more consecutive
imagery repetitions. A command is only translated into action once a
system-confidence threshold is satisfied, which would minimise false-positive

activations compared to single-trial decoding.

e Asynchronous Gating: Given the current limitations in multi-class classific-
ation and the reliance on active pacing, early practical iterations would require
a dedicated gating mechanism (such as a simple button or gaze activation) to

allow the user to manually initiate or terminate the decoding phase.

5.5 Conclusion

This study paints a concerning picture of the Speech Imagery paradigm’s feasibility
for EEG}based [BCIgl The landscape is challenging, underscoring the paradigm’s
immaturity. Our results show that [SI] critically struggles with replicability, with data
acquisition protocols having a decisive impact on performance. Beyond acquisition
design, we identified the choice of evaluation procedure—specifically the cross-
validation scheme—as a critical new pitfall that can lead to severe performance
overestimation. In continuous or block-based rhythmic paradigms, consecutive
trials share strong temporal correlations, allowing a data-driven classifier to fit
localised experimental drift rather than genuine neural features if Group [CV]is not
rigorously applied. Even when optimal protocols are used, the viability remains
low: while 2 out of 12 datasets initially showed widespread statistical significance,
proficiency drops considerably when a practical accuracy threshold (> 70%) is

enforced. Ultimately, if [Strelated activity cannot be reliably produced by a large
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portion of the population—as our 30-60% inefficiency estimate suggests—then this
paradigm may remain unfeasible for creating universally accessible BCI] systems.

Nevertheless, our findings do illuminate a necessary path forward. We found
that an important difference between efficient and non-efficient participants is
linked to signal stability. Our meta-analysis shows that high-performers, especially
those using rhythmic protocols, produce a more structured brain signal with lower
entropy in the covariance matrix space. This is an insightful finding because
it suggests that the rhythmic approach helps the brain create a clearer pattern
that leads to better classification. We also found that in good performers, the
classifier consistently pruned the features reducing up to a 95% of features. For
the low performers, the classifier may get lost in the noise and select weight
equivalently more features allaround.

These results should be taken as a clear signal to shift research strategies.
We found that established pipelines can extract [SI| features, suggesting the field
should now prioritise testing signal acquisition protocols and effective [SI| units,
rather than the decoding procedures that are currently abundant yet often lack
reproducibility. Our study specifically indicates that rhythmic paradigms require
deeper investigation because they seem to "force" the brain into a more consistent
state that is easier to decode. Furthermore, at this early stage, research should
focus on maximising accuracy by adhering to pairwise classification to validate the
core concepts before attempting more complex tasks. Finally, while we utilise the
70% accuracy threshold based on established literature, future work should focus
on identifying the optimal practical threshold dictated by the demands of real-time
applications and further refining the characterisation of [BCIHS] inefficiency.

From an optimistic perspective, the paradigm could be refined for the participant
subset that shows promise, aiming to enhance their performance and understand
the neuro-cognitive profiles that enable it. By focusing on how these "efficient" users

organise their brain activity, we might find ways to train others to do the same.
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Discussion

This thesis has critically examined the current state of the art of Speech Imagery
as a paradigm for Brain-Computer Interfaces (BCIs). Throughout this research,
we have addressed our initial research questions and identified significant concerns
regarding the field’s maturity and methodological rigour. While the initial literature
review portrayed a highly feasible paradigm with promising decoding capabilities,
our subsequent investigations revealed an over optimistic landscape lacking the
formal direction necessary for genuine paradigm consolidation.

The scarcity of real-time decoding approaches in the literature—contrasted
with the abundance of offline studies—suggests a field currently characterised
by low reproducibility. Our investigations in Chapters 4 and 5 confirmed this
substantial gap; we highlighted that significant discrepancies of up to 40% in
reproduction attempts often stem from missing methodological details, flawed
evaluation procedures, and inflated performance scores. Furthermore, we identified
that [STtrelated signals are inherently more difficult to produce consistently across
trials than established paradigms like Motor Imagery (MI)). While we identified
stable, high-performing time-frequency configurations for [MI] the configurations for
remained highly variable and inconsistent. However, our evidence also suggests
a potential solution: rhythmic recording protocols may help induce more consistent

neural responses, offering a clearer path for future development.
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The following sections summarise our key findings and provide a roadmap for

guiding [SI| research toward scientific maturity.

6.1 The reproducibility crisis

Our analysis of a vast array of decoding approaches revealed that only 6 out of
104 decoding attempts were conducted in a real-time scenario. Given that 57
of these studies involved original data collection, there is a gap between offline
decoding attempts and real-time implementations. This disparity highlights a
lack of reproducibility within the field; the optimistic results often reported in
offline decoding have not been consistently demonstrated in real-time environments.
Consequently, the practical feasibility of these paradigms remains to be verified,
necessitating further formal research to consolidate and validate the progress
made to date.

These literature-based concerns were empirically evidenced in Chapter 4, where
we attempted to reproduce findings from eight decoding publications across two
popular datasets. Our results revealed substantial discrepancies: reproduction
performance was consistently lower than in the original reports, with four of the
eight attempts showing significant performance drops of up to 40%. Furthermore,
we identified that three of these reports failed to provide a complete description of
either the detailed decoding methodology or the evaluation procedures. Incomplete
documentation often obscures flawed procedures, further increasing the barriers
to reproducibility. These findings align with the broader reproducibility crisis
observed in other areas of and served as the foundation for the evaluative

approach adopted in Chapter 4.

6.2 The replicability crisis

Our literature review revealed an extensive range of approaches toward Speech
Imagery paradigms. Experimental designs have explored diverse methods

for instructing and cueing imagery—ranging from written captions to object
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recognition—as well as various speech units, including phonemes, words, and
full phrases. Furthermore, studies utilised vastly different imagery window lengths
and instructions (e.g., repeated vs. single imagery). Crucially, there is no prevailing
consensus on which techniques produce consistent results. These findings suggest
that the high degree of variation in [SI] research, while attempting to answer the
same fundamental questions, leads to fluctuating results that naturally cast doubt
on the replicability of the paradigm.

The evidence for this crisis was further exposed in Chapter 4, where [SI| was
compared against the well-established Motor Imagery paradigm. While decoding
configurations produced equivalent and stable results for [MI| across four data-
sets—reflecting the known, reliable EEG}-based [M]| response—the results for [S]]
were highly variable. Chapter 4 also demonstrated that [Slirelated prominent
frequency responses are participant-specific. This suggests that only a small subset
of the population may produce decodable [S]] signals, posing a significant challenge
for the generalizability of the technology.

Chapter 5 presents an even more concerning picture of replication failure in [SI|
Through the exploration of 12 heterogeneous [SI] datasets, we found that only three
produced average decoding accuracies above chance levels. By proposing a practical
threshold to assess [BC]| efficiency, we discovered that seven of these datasets had
fewer than two participants achieving usable scores. Remarkably, in none of the 12
datasets did all participants achieve a classification accuracy above 0.7. Ultimately,
the findings in Chapter 5 highlight an urgent need for the consolidation of the [S]]
paradigm, given the current landscape of methodological heterogeneity and the

challenge of achieving optimal, replicable performance.

6.2.1 Determinants of Success: Rhythmic Protocols and
Covariance Stability

Chapter 5 underscored the profound heterogeneity of Speech Imagery research,
yet it also provided a path toward paradigm consolidation. Our analysis revealed that

datasets recorded during the rhythmic performance of [SI]led to significantly higher
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decoding scores. We identified a clear distinction in the features extracted from
the tangent space projection decoding pipeline when comparing "good" and "bad"
performers across datasets. High-performing participants consistently exhibited
lower average entropy in the covariance matrices of their signals across frequency
bands. Mathematically, this indicates a lower noise floor and a more robust signal
structure within those specific experimental setups.

We attribute this to the participant’s ability to produce consistent, repeatable
neural activity. Specifically, a rhythmic task instruction appears to entrain the
brain, forcing a consistent neural response throughout the recording procedure.
This structure-led performance was further validated by a meta-analysis of the
weights assigned by the logistic regression model; we found that the correlation
between model coefficients across frequencies was strongly predictive of the final
classification score.

The findings in Chapter 5 provide a foundational framework for the consolidation
of Sl They suggest that rhythmic protocols lead to superior results regardless of the
specific cues used or the speech units prompted. We further validated this through
our own empirical data collection, where the same participants demonstrated a
significant performance improvement when performing rhythmic imagery compared
to single-trial (discrete) imagery. This evidence suggests that the inefficiency
often reported in [SI] may be a byproduct of suboptimal task design rather than an
inherent limitation of the paradigm itself. However, it must be noted that even with
optimised rhythmic protocols, the percentage of [SIIBCI| inefficiency appears notably
higher than that observed in the Motor Imagery paradigm. This indicates that
while design improvements can help to bridge the gap, Speech Imagery remains a

more complex and challenging modality for achieving universal user proficiency.

6.2.2 Future work

This thesis has revealed that while Speech Imagery remains a promising
[BCI paradigm, it requires urgent methodological consolidation to achieve genuine

progress. Our findings suggest that much of the existing literature has presented an
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overly optimistic view of [SI} often failing to withstand the rigors of reproduction or
real-time application. However, our large-scale replicability analysis offers a clear
path forward, specifically through the implementation of rhythmic protocols. To
facilitate the maturation of [SI] as a viable [BCI| modality, we propose the following

recommendations based on the findings of this research:

o Prioritising Pairwise Classification At this stage of paradigm develop-
ment, research into offline [SI] decoding should prioritise high-fidelity pairwise
classification over complex multi-class attempts. It is more valuable for the
field to achieve robust, optimal decoding accuracies between two states than to

report results that only marginally exceed chance levels in multi-class setups.

e Standardisation of Rhythmic Protocols Following our evidence that
rhythmic instructions may "entrain" neural activity and force a more consistent

response, future studies should adopt and validate rhythmic protocols.

e Accounting for Psychological Factors Given our findings on participant-
specific responses, future work must consider the user’s psychological profile.
Utilising instruments such as the VISQ-R questionnaire [225] to assess inner
speech traits may help identify neural correlates of inefficiency and allow

for the development of participant-tailored decoding models.

e Adherence to Reporting Frameworks To mitigate the reproducibility
crisis identified in Chapter 4, [SI]decoding attempts must follow strict reporting
frameworks, such as CRISP-DM [203]. Crucially, researchers should make their
preprocessing pipelines and decoding code available alongside publications to

ensure that optimistic offline results can be verified by the broader community.

« Transition to Real-time Validation: At the current stage of [SI| develop-
ment, research should prioritise identifying the factors that optimise offline
performance—such as rhythmic protocols and speech unit selection—while
refining the estimation of inefficiency. Once practical and consistent

decoding accuracies are established offline, the next logical step is to validate
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these findings through real-time implementation. This progression is essential

to bridge the gap between experimental development and practical utility.

 Reporting Participant Proficiency Distributions: To accurately es-
timate inefficiency, researchers should go beyond reporting average
accuracies and explicitly state the percentage of participants who achieve
a "functional utility" threshold. This threshold represents the accuracy
required for reliable, impactful control rather than mere statistical significance.
While a 70% benchmark was adopted in this investigation based on existing
literature, future real-time studies are essential to empirically define this level
by determining which specific performance scores translate into a meaningful

result for the user.
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A.1 Evaluated Datasets

The following speech imagery and motor imagery datasets were used in Chapter 4.

A.1.1 Dataset: Kara One

Data was collected from 12 participants, using a 64-channel SynAmps RT to record
the signals. 7 phonemic/syllabic prompts (/iy/, /uw/, /piy/, /tiy/, /uw/, /piy/,
/tiy/, /m/, /n/) and 4 phonetically-similar pairs (pat, pot, knew and gnaw) were
prompted to the participants. Twelve trials were recorded for each one of these
[ST| units. The experiment consisted on a 5-second rest state, a stimulus state
where the prompt text appeared on the screen along with its associated auditory
utterance played over speakers, this was followed by a 2-second preparation period
for a 5-second [S]| state and a final speaking state. Further details can be found
in the author’s publication [23]. This dataset presents a notable challenge for any
decoding effort, as several recordings were affected by unstable sensor connections.
According to the original authors, recordings from 4 out of 12 participants were
discarded due to poor signal quality; however, participant identifiers corresponding
to these exclusions were not specified. Compounding this issue, the dataset includes

14 folders, each containing data from a different participant, leading to a clear
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inconsistency. We contacted the original authors for clarification, but they were
unable to resolve the discrepancy due to information being lost over time. Two out
of three peer-reviewed decoding studies appear to overlook this issue and include the
corrupted data. These faulty signals are distinguishable through visual inspection,
characterised by rapid semi-regular voltage drifts from a non-physiological source.
To mitigate this, we excluded participants exhibiting more than 30% corrupted trials,
ultimately retaining nine participants for our analysis. Full details on the discarded

participants and trials are provided in the code included with this publication.

A.1.2 [ST Dataset: Coretto

[ST signals were recorded from 15 participants, using the 10-20 channel position
system, they placed 6 active electrodes in locations F3, F4, C3, C4, P3 and P4,
using an analogue amplifier, which performs an band-pass filter for each channel at
a lower and upper cutoff frequencies of 0.3 and 35 Hz, respectively. The 5 Spanish
vowels /a/, /e/, /i/, /o/, and /u/ along with the corresponding translation from
the command words “up’, “down", “right", “left", “forward" and “backwards" were
used as prompts. 50 trials per word/vowel were recorded for each participant. The
experiment consisted of a 2-second preparation state, a 2-second stimulus state
where they textually presented the word to imagine, a 4-second imagine interval and

a 4-second rest state. Further details can be found in the author’s publication [95].

A.1.3 [SI Dataset: Nieto

[EEG signals were acquired using a BioSemi ActiveTwo with 128 active [EEG]
channels. The 4 directional words in Spanish, equivalent to “up", “down", “right"
and “left" were used to prompt [SI} For each participant and each word, 50 trials were
recorded. The experiment consisted of a 0.5-second preparation state, a stimulus
state where participants were shown an arrow pointing towards the direction
intended for imagery, followed by a cue to instruct the imagery interval for 2.5s

and final relaxation state with a time-variant interval. Further details can be found
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in the author’s publication [96]. We considered the 64 channels equivalent to a

64-electrode setup in order to reduce the dimensionality.

A.1.4 Dataset: Our dataset

Sixteen right-handed able-bodied participants (8 female, 8 male) between the ages
of 20 and 35 (u = 25.65,0 = 8.3) were recruited from the student population
of the University of Essex. Participants received a compensation voucher worth
£10 (GBP) for their time. All volunteers read, understood and signed the consent
form based on the recommendations of the Ethical Committee of the University
of Essex in January 2023 (Reference Number ETH2223-0220). was recorded
using a 64-channel Biosemi Active-Two system. Electrode placement was done via
the international 10-20 system, plus one electrode close to the pterion after each
eyebrow for electrooculography (EOG) and one electrode behind each ear on the
mastoids for electromyography (EMG) recording. Data were recorded at a sampling
rate of 2048 Hz, unaffected by hardware cut-off. Participants were seated in a
comfortable chair facing a 52-inch screen. A graphical user interface developed
with PsychToolbox 9.0 [226] in Matlab R2022 was used to display the prompts
over a plain grey background. We used a stimulus-masking approach where we
first showed the imagery prompt and then had a visual cue presented as a circle
in the middle of the screen that remained for 300 ms, creating a flash-like effect.
Participants were asked to perform the speech imagery of the words “left” and
“right” as soon as they saw the cue stimulus. 25 trials per class for each participant
were recorded. We first presented a fixation cross for 2 seconds followed by the
imagery prompt for 6 seconds and a time-variant (1.5-2s) fixation cross before the
cue. We cued our participants with the described flash stimulus and proceeded to

leave a plain screen for 5s until the “relax” prompt was shown.

A.1.5 [MI Dataset: Weibo

The [M]] trials were recorded from 10 participants, using 64 electrodes acquired

with a Neuroscan SynAmps2 system that applies a band-pass filter in the range
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0.5-100 Hz. Each trial started with a white circle for 2 seconds, followed by a
preparation stage of marked by a red circle in the screen for 1s. Then the prompting
or the character (“Left Hand”, “Left Hand and Right Foot”, et al) was presented on
the screen for 4 s, during which the participants were asked to perform kinesthetic
motor imagery rather than a visual type of imagery while avoiding any muscle
movement. After 7 seconds, “Rest” was presented for 1s before next trial. Further

details of the experiment can be found at [196].

A.1.6 |MI| Dataset: Physionet

[EEG data were recorded from 109 participants using a 64-channel setup with
a Brainproducts amplifier, recorded with BCI2000 system. In the experiment,
the participants were shown a mark on the left or right side of the screen to
cue the left or right fist opening and closing imagery, they also recorded foot
movement imagery. 25 trials per class were recorded. Further details can be
found in the authors’ publication [194]. For practical reasons and to match the
reduced number of participants in [S]| datasets, only [EEG] data from the first 16

participants were included in our analysis.

A.1.7 [MI Dataset: Lee

signals were collected with 62 Ag/AgCl electrodes from 54 participants with a
BrainAmp amplifier. The experiment procedures started with 3s of a black fixation
cross as a preparation stage. Then the participant performed the imagery task of
grasping with the appropriate hand for 4s when the right or left arrow appeared
as a visual cue. After each task, the screen remained blank for 6s (£ 1.5s). The
experiment consisted of training and test phases, each consisting of 100 trials with
balanced right- and left-hand imagery tasks. More details about the experiment
can be found in the authors’ publication [195]. For practical reasons and to match
the reduced number of participants in [SI] datasets, only [EEG| data from the first

16 participants were included in our analysis.
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A.1.8 [MI Dataset: Schirrmeister

The data was recorded from a 128-electrode headset from 14 participants. The
considered movement classes were left hand, right hand, both feet and rest. 260 trials
of each class and rest were recorded with BCI2000 system. The experiment consisted
of a grey arrow pointing either up (for the relax condition), down (repetitively
clenching their toes), left (finger tapping with left hand) or right (finger tapping
with right hand). Further details from the experiment can be found in the authors’
publication [152]. We considered the 64 channels equivalent to a 64-electrode setup

in order to reduce the dimensionality.

A.2 Decoding pipelines for time-frequency test-
ing

We evaluated three decoding pipelines with different feature extraction strategies
to assess whether any particular type of representation is better suited for
classification. Specifically, we tested: (1) a spatial filtering approach using
combined with Linear Discriminant Analysis ; (2) a Riemannian geometry-
based pipeline employing Tangent Space (TS]) projection followed by a Linear
Regressor (LR]); and (3) a deep learning model based on CNNs. We detail each

of these approaches below.

[CSP| + LDA

is a well-established spatial filtering technique commonly used in research.
It derives spatial filters that maximise variance differences between two classes,
enhancing discriminative information in the data [227]. We selected the first two
and last two spatial components obtained from the projection and computed
the mean power of each as feature inputs. These features were then classified

using single value decomposition [LDA]
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TS| + LR

Riemannian geometry-based methods have demonstrated strong performance and
robustness for decoding tasks [18]. In this approach, each trial is represented
by a covariance matrix, which belongs to the space of Symmetric Positive Definite
(SPD) matrices. When treated as a point, SPD matrices lay on a Riemannian space
[228]. To enable the use of standard machine learning algorithms, these matrices
are projected to a Euclidean space via a logarithmic mapping known as the tangent

space projection. Once mapped, a linear regressor was employed for classification.
CNN

CNNs have been widely applied to decoding problems in recent years [35]. We
implemented the architecture proposed by Wimpff et al. [229], which includes
five convolutional layers and an attention mechanism designed to amplify signals
from informative [EEG] channels. Prior to input into the network, [EEG] signals were
downsampled to 250 Hz to reduce computational complexity. We trained the model,

setting a batch size of 32 samples and 160 epochs.ochs.chs..chs.

A.3 Evaluated Decoding Approaches

We describe the decoding pipelines applied to Kara One and Coretto [SI] datasets
that we attempted to reproduce, we identify missing or ambiguous information in

their method explanations and state the steps we took to attempt reproduction.

A.3.1 KO1 [23] approach

The Kara One authors’ approach to decoding [SI consisted of grouping the classes
based on the phonemic characteristics in vowel vs consonant (C/V) and the
presence of a high-back vowel (/uw/). Therefore, they attempted a two-class

classification approach.
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Preprocessing

The authors applied a band-pass filter between 1-50 Hz. No specification about
type or filter order was given; they also applied a small Laplacian filter to the
data using the adjacent channels.

We applied a FIR hamming window band-pass filter on the described frequencies.

Feature extraction and selection

For each segment, the signal was windowed to 10% of the segment, with a
50% overlap, resulting in 17 segments of 500ms for each channel. From this
segment, various features were obtained: mean, median, standard deviation,
variance, maximum, minimum, maximum + minimum, sum, spectral entropy,
and energy. Also, the mean maximum and minimum, sum and difference of the
maximum and minimum for the absolute value of the segments. Furthermore, the
authors mentioned they computed the first and second derivatives of the above
features, resulting in a final 1197 x 1 feature vector. Due to the high dimensionality
of the features, they ranked the features by the Pearson correlation with each
class and selected the top 5 features.

We found that the description of the procedure for computing the derivative
of the initial feature set is incomplete and may result in incorrect implementation.
We reached out to the authors, but the information couldn’t be clarified due
to the time passed since then. Furthermore, the authors may have employed
additional features not explicitly described, as our reconstruction yields a total
of 32 features per segment, resulting in 816 features overall, which conflicts with
the 1,197 features reported in their publication. In our reproduction attempt, we
excluded the derivative-based features due to the ambiguity in their computation,

resulting in a feature vector of size 221 x 1.
Classification

A participant-independent leave-one-out cross-validation procedure was used to

evaluate two classifiers, a Deep Belief Network (DBN) and a Support Vector Machine
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(SVM]) with quadratic and radial basis function kernels. The DBN was set with
one hidden layer, whose bottleneck size is 25% of the input size. Training was
done over 10 epochs. For both SVMs, we allow 90% of the data to violate the
Karush-Kuhn-Tucker conditions [230].

A.3.2 KO2 decoding [132] approach

The authors compared between different types of features, linear features, non-linear
features, and Mel Frequency Cepstral Coefficients . It was found that
IMFCC]| performed best when classifying the 11 [S]] classes in a participant-dependent
approach. Therefore, we attempted to reproduce the [MFCC]| pipeline. We raise a
concern with this approach as they ignored the faulty data we mentioned in section

and used the data of 11 participants without participant identifiers.
Preprocessing

[EEG] signals were filtered between 1-50 Hz, then a small Laplacian filter was applied
to each channel. The signal of each channel was segmented as in the original
approach, using 500 ms windows with 250 ms overlap. The authors state that,
Independent Component Analysis was performed to remove noise artifacts.
However, there is no detail on the removal criteria for the artifacts or whether the
[CA] was applied before or after the segmentation.

We applied [CA] to the channels before segmenting and removed 1-2 ocular

components based on their location.

Feature Extraction and Selection

Thirteen cepstral coefficients were obtained from each window from a filterbank
of nine filters. Each of the 13 [MECC was calculated on all 62 channels and 17
windows, resulting in a total of 13702 features. To reduce the dimensionality,
Principal Component Analysis was applied and set to keep components
that explain 95% of the total variance.
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Classification

Using 5-fold cross-validation procedure was used for each participant to evaluate
the performance of an [SVM] and decision tree classifiers. The authors did not
specify the regularisation parameter C' of the SVM] We attempt the reproduction
of these results with an and set C to 1.

A.3.3 KO3 decoding [166] approach

The authors approached [S1] decoding with deep learning, they investigated different
architectures of Convolutional Neural Networks (CNNs) and evaluated their per-
formance on classifying 11 [Sltclasses by extracting and comparing temporal and
frequency features in a participant-independent approach. The study concludes that
frequency features perform better than temporal features. The authors took into
account the faulty data and kept only 8 participants. However, the participants’

identifications were not mentioned.

Preprocessing

The signal was filtered using a notch filter to remove 60 Hz artifacts and harmonics

smaller than the Nyquist frequency.
Feature Extraction

Each channel’s signal was divided into different sections of 0.25, 0.5, and 1s
without overlapping in order to identify an optimal window. The authors treated
each of these windows as a new sample. Each signal was transformed using
FFT, and then a covariance matrix was computed for each window, resulting in

a (channel x channel) shaped matrix.
Classification

The authors tried different [CNN] architectures and concluded that an architecture
with 2 convolutional layers and 1 dense layer reached the best performance. However,
the specification about the kernel sizes of the convolutional layers is ambiguous

as they conclude that a kernel size equal to the input shape performed better;
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such a kernel changes the expected behaviour of the [CNN] To evaluate their
model, the authors state that they randomly split the windowed data into 50%
for training and 50% for testing. We assume that the random partition did not
lead to windows of the same trial being leaked into both splits. The authors did
not use cross-validation procedures.

We used (7x7) and (3x3) kernels for the convolution layers.

A.3.4 KO4 decoding [169] approach

The authors explored Common Spatial Patterns in a 1-vs-all approach for mul-
ticlass classification and used an Ensemble Stacking Learning classifier. The authors
did not mention if they addressed the issue of the faulty data, and used data from
13 participants. Unfortunately, the feature extraction description is substantially

incomplete, as we detail below, and we failed to reproduce their approach.
Preprocessing

No preprocessing steps are mentioned.

Feature Extraction

The authors re-labelled the trials in order to perform 1-vs-all [CSP] There is missing
information about how many [CSP| components they used and what features were
extracted from such the components.

This missing information is critical for the reproduction of the findings, as these
choices in the feature extraction steps have a strong influence in results. Therefore,

we were unable to reproduce this approach.

A.3.5 CT1 decoding [95] approach

The Coretto dataset authors” approach attempts classification of [SI| by grouping

the trials into vowels and words.
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Preprocessing

The [EEG] signal was filtered with cut-off frequencies of 2 and 40 Hz. With low
and high-pass FIR filters of orders 372 and 1204 respectively. The signal was
downsampled to 128 Hz. [CA] was used to remove the blinking artifacts, but the
authos did not specify which version of the [CA] algorithm they used.

In our replication attempt, we used the Picard [CA] algorithm.

Feature Extraction

The authors used the Discrete Wavelet Transform to extract frequency
features; they decomposed the signal using the Daubechies wavelet family. From
the decomposition levels generated, they selected detail coefficients from levels 1-5
and the approximation coefficients from level 5. From each of these levels, they

computed the Relative Wavelet Energy (RWE), resulting in 6 features per channel.

Classification

Two classifiers were explored, a random forest (RF|) with 6 features and 50-200 trees
were tested and an with a linear kernel. The pipelines were evaluated in a

participant-dependent manner using a 10-fold cross-validation procedure.

A.3.6 CT2 decoding [135] approach

This classification attempt on [SI combined DWT] and [CSP] to decode 2 [S]] classes.

Preprocessing
Signals were downsampled to 256 Hz.
Feature Extraction

The signal was composed into 4 levels using the Daubechies wavelet family. Among
the decomposition levels, detail coefficients 1-4 and approximation coefficients
from level 4 were extracted. From each of these levels, [CSP| was applied so the

full signal was filtered down to 4 components per level, and the logarithm of the
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normalised variance of each component was computed as the final feature. Resulting

in a feature vector of shape (20 x 1).

Classification

An [SVM] with a Radial Basis Function (RBF) Kernel was used as a classifier. The
authors did not specify the regularisation C' or Kernel coefficient gamma parameters
used for the SVM] The model was evaluated in a participant-dependent manner
following a 5-fold cross-validation procedure.

For our reproduction attempt, we set C' =1 and gamma = 1/n, where

n is the number of features.

A.3.7 CT3 decoding [166] approach

The authors attempted speech decoding using Correto’s dataset and a [CNN| They
investigated capabilities for transfer learning. They proposed a [CNN]architecture
where the first layers could be used as a pretrained model for other users. We
attempted to reproduce their initial within-participant findings without the transfer

learning approach.

Preprocessing

The signal was downsampled to 128 Hz and artifacts were removed using [[CA] The
authors did not specify which criteria were used to select noisy [CA] components or
how many were removed. The signal was finally standardised by centring to the
median and scaling accordingly before feeding the data to the [CNN]

In our reproduction attempt, we removed 1-2 [CA] components related to eye

artifacts based on the scalp location.
Feature Extraction

The paper does not specify any feature to be computed from the raw signal,
suggesting that they directly fed the raw signal of shape (6 channels x 496 times)

as input to the model.
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Classification

A architecture consisting of 7 convolutional layers connected to a final linear
classifier unit. The authors detailed the dropouts and pooling layer specifications
after each convolutional layer. Further details on the architecture can be found in

[166]. The model was evaluated using a 5-fold cross-validation procedure.

A.3.8 CT3 decoding [122] approach

This study emphasised the need of reproducibility as a decoding approach
criteria; they also approached this by using [CNN] and investigated the impact
of downsampling the signal in temporal space. The code for their approach was
made available online. Unfortunately, we found inconsistencies between the shared
code and the report specifications. Therefore, we followed the described methods

in the report as closely as possible.
Preprocessing

The data were downsampled to 128 Hz. [[CA]was applied to remove noisy components.
However, the study does not mention how many components were removed. In
our reproduction attempt we remove 1 IC per participant based on its projected

scalp location.
Feature Extraction

The paper does not specify any feature to be computed from the raw signal, so we

used as input the raw signal of shape (6 channels x 496 times).
Classification

A [CNN] architecture was proposed to classify the signals, it consisted of 7 convolu-
tional layers and a final Softmax layer as output. The normalisation, pooling and
dropout specification is given in detail for all the layers. A complete description
of the architecture can be found in [122]. The model was evaluated with
an 80/10/10 training/validationn/testing split. No cross-validation procedures

were applied. The author’s code, however, specifies an architecture with 20 filters
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Figure A.1: Heatmaps of median classification accuracies across participants for various
time and frequency windows using the [TS| and [LR] pipeline. The top row displays results
for four Motor Imagery datasets, while the bottom row displays results for four
Speech Imagery datasets. For this analysis, the evaluated targets were the imagined
phonemes /u/ versus /a/ (Coretto) and /iy/ versus /m/ (Kara One), and the imagined
words "up’ versus "down’ (Nieto) and ’left’ versus 'right’ (our dataset). [MI] tasks remained
left versus right hand imagery. Evaluation was performed using 10-fold cross-validation.
features continued to lack any consistent regions of significant accuracy (p < 0.05).

in the initial convolutional layers in contrast with the 40 reported. The number
of filters increases significantly the parameters to be tuned, which could play an
important role in performance. In our decoding attempt, we used the parameters

from the publication rather than the code.

A.4 Extra Results

A.4.1 Time-Frequency Decoding results of [TS+LR] on [S]]
and MI

To determine whether the choice of speech unit influenced the consistency of our
[ST results, we evaluated an alternative set of class pairs. Figure compares
the distributions of and [SI| datasets using these alternative pairs: /u/ versus
/a/ for Coretto, 'up’ versus 'down’ for Nieto, and /iy/ versus /m/ for Kara One.
Consistent with our primary analysis, no reliable time-frequency region emerged

across participants in these datasets, with no configurations achieving statistical
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Figure A.2: Distribution of the highest pair-wise decoding accuracies using the
Tangent Space and Logistic Regressor pipeline across different time-frequency
configurations for the Motor Imagery and Speech Imagery datasets. The
evaluated class pairs were left versus right hand imagery for all [M]] datasets. For the [S]|
datasets, the evaluated targets were the imagined phonemes /u/ versus /a/ (Coretto)
and /iy/ versus /m/ (Kara One), and the imagined words 'up’ versus ’down’ (Nieto)
and ’left’ versus 'right’ (our dataset). Only participants with statistically significant
performance at the 95% confidence level (o« = 0.05) are included. a. Scatter plot of
individual participant results across time-frequency space. Clusters of at least five points
are found using DBSCAN. The size of the circles indicates the number of participants
in each cluster; only [MI] participants show clustering, primarily within the 0-30 Hz
range, whereas significant [SI] features remained sparse across the time-frequency space.
b. Frequency distribution of peak decoding accuracies, with each point representing a
participant, colour-coded by dataset. c¢. Distribution of best accuracies across time, where
the Y-axis indicates the starting time of each 1.5 s decoding window. d. The proportion of
participants in each [SI] dataset achieving significant accuracy, with non-grey bar segments
indicating successful cases. Notably, under these alternative [SI| conditions, the proportion
of significant performers decreased for the Kara One and Nieto datasets, but increased
for the Coretto dataset. e. Same as (d) but for datasets; all participants from the
Schirrmeister dataset reached significant performance. f. Overall accuracy distributions
for @ and m participants, with individual scores color-coded by dataset.
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Figure A.3: Distribution of the highest pair-wise decoding accuracies using the
Tangent Space and Logistic Regressor pipeline across different time-frequency
configurations for the Motor Imagery and Speech Imagery datasets. The
evaluated class pairs were left versus right hand imagery for all [MI] datasets. For the [S]|
datasets, the tasks consisted of the imagined words ’left’ versus 'right’ (Coretto, Nieto,
and our dataset) and 'pot’ versus ’knew’ (Kara One). Only participants with statistically
significant performance at the 95% confidence level (alpha = 0.05) are included. a. Scatter
plot of individual participant results across time-frequency space. Clusters of at least
five points are found using DBSCAN. The size of the circles indicates the number of
participants in each cluster; only participants show clustering, primarily within the
0-30 Hz range. b. Frequency distribution of peak decoding accuracies, with each point
representing a participant, colour-coded by dataset. c. Distribution of best accuracies
across time, where the Y-axis indicates the starting time of each 1.5 s decoding window.
d.The proportion of participants in each [SI] dataset achieving significant accuracy, with
non-grey bar segments indicating successful cases. e.Same as (d) but for datasets; all
participants from the Schirrmeister dataset reached significant performance. f Overall
accuracy distributions for [SI| and [MI] participants, with individual scores color-coded by
dataset.
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significance (p < 0.05, Bonferroni-corrected one-sample t-test). Furthermore, when
examining the highest individual accuracies, while the number of participants with
statistically significant performance increased in the Coretto dataset, the number of
successful performers actually decreased for Kara One and Nieto. As observed with
the initial class pair comparisons, the peak accuracies of the best performers remained
scattered across widely different time-frequency configurations as seen in Figure [AT]
further reinforcing the conclusion that [SI| features are highly participant-dependent.

If we evaluate classification accuracies using a binomial distribution threshold
based on the number of trials [183] at a relaxed 95% confidence level (o = 0.05)
instead of 99% (« = 0.01), the proportion of participants with significant results
increases by 42.4% for [SI, but only by 7.2% for However, even with this more
inclusive 95% threshold, no clear consistency in |SI| features emerges. This dramatic
increase in "successful' [SI| participants at the lower statistical threshold indicates
that their decoding accuracies are marginal-—hovering just above the upper limit
of chance—rather than demonstrating robust, highly significant class separability.
Figure shows the time-frequency analysis results for decoding accuracies that
reached this 95% significance threshold.

A.4.2 Time-Frequency Decoding results from other decod-
ing pipelines

The decoding results across different time-frequency configurations for the other
classifiers do reflect a similar difference between the paradigms as with [TSHLE]
pipeline, where accuracies for dataset show a pattern in lower frequency regions,
but no pattern is seen for [SI datasets. Our results also suggest that [TSHLE] scores
outperform the [CNN| and [CSPHLDA] pipeline. [CSPHLDA] accuracy heatmap is
presented in Figure [A.4] and [CNN] results in Figure [A.5]

A.4.3 Results on parameter selection

Table shows the results of grid-search on parameters C' and gamma for

reproduction attempts of K02 and CT2 reports. Mean accuracies across participants
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Figure A.4: Heatmaps of median classification accuracies across participants for various
time and frequency windows using the Tangent Space and Common Spatial Patterns and
Linear Discriminant Analysis pipeline. The top row displays results for
four Motor Imagery datasets, while the bottom row displays results for four Speech
Imagery datasets. Evaluation was performed using 10-fold cross-validation. The
results demonstrate that [M]] datasets exhibit consistently high, statistically significant
performance in low-frequency ranges (0-20 Hz), whereas [SI| datasets lack any consistent
regions of significant accuracy (p <0.05)
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Figure A.5: Heatmaps of median classification accuracies across participants for various
time and frequency windows using the Tangent Space and Common Spatial Patterns
and Convolutional Neural Networks pipeline. The top row displays results for
four Motor Imagery datasets, while the bottom row displays results for four Speech
Imagery datasets. Evaluation was performed using 10-fold cross-validation. The
results demonstrate that [M] datasets exhibit consistently high, statistically significant
performance in low-frequency ranges (0-20 Hz), whereas [SI| datasets lack any consistent
regions of significant accuracy (p <0.05)
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of reports with assumed parameters are lower; however, differences in accuracies
are not statistically significant. Table shows the results of the grid search in
the number of [CA] components to remove for reproduction attempts of KO2 and
CT4 reports. The mean accuracy across participants with 1 removed component
is lower than the grid-search for the optimal number of components; however, the

difference in accuracy distributions is not statistically significant.

A.4.4 Results on the use of participants with faulty data

Table shows the results of reproduction attempts of Kara One dataset (KO2
and KO3) using all participants’ data, in contrast to using only the 9 participants
with non-faulty data. When adding the faulty data, the mean accuracies decrease,

but the difference is not statistically significant.

Table A.1: Results of replication attempt with grid-search of parameters in
comparison with assumed values due to missing information

Decoding Ap- Results Reported in  Results with  Results with grid-
proach Literature (%) assumed values (%) search

KO2 20.45£5.7 15.5£6.5 15.9+£6.2

CT2 81.1 51.7+10.7 52.1+11.3

Table A.2: Results of replication attempt with grid-search of components in
comparison with assumed values due to missing information

Decoding Ap- Results Reported in  Results with  Results with grid-
proach Literature (%) assumed values (%) search

KO2 20.45 £5.7 15.5£6.5 16.1 £7.8

CT4 22.3+1.81 19.1£8.1 21.1+£7.1

Table A.3: Results of replication attempt with different number of participants in Kara
One approaches

Decoding Ap- Results reported in  Results with non- Results with all par-

proach literature faulty data (%) ticipants data
KO2 20.45 £ 5.7 15.54+6.5 14.1+75
KO3 31.6+0.4 15.6 + 0.08 13.1+75
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B.1 Evaluated Datasets

BCI Competition

This dataset is part of competition 2020 [215], data was recorded from 15
participants using a 64 electrode set-up and BrainAmp amplifier. Five phrases
for basic communication were recorded: ‘hello’, ‘help me’, ‘stop’, ‘thank you’,
and ‘yes’. Participants were instructed to imagine the silent pronunciation of
the given word as if it were performed in covert speech, without making any
sound or moving articulators.

An auditory cue of the five words/phrases was randomly presented for 2s,
followed by 0.8-1.2s of across mark. The subjects were instructed to perform
imagined speech of the given cue as soon as the cross mark disappears on the screen.
Four times of cross mark (0.8-1.2s) and imagined speech phase (2s) were followed
in a row per random cue. After performing four times of imagined speech, 3s of
the relaxation phase was given to clear up the mind for the next word/phrase.

A total of 60 trials per class were recorded.
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B.1.1 Coretto

signals were recorded from 15 participants, using the 10-20 channel position
system, they placed 6 active electrodes in locations F3, F4, C3, C4, P3 and P4,
using an analogue amplifier, which performs an band-pass filter for each channel at
a lower and upper cutoff frequencies of 0.3 and 35 Hz, respectively. The 5 Spanish
vowels /a/, /e/, /i/, /o/, and /u/ along with the corresponding translation from
the command words “up", “down", “right", “left", “forward" and “backwards" were
used as prompts. 50 trials per word/vowel were recorded for each participant. The
experiment consisted of a 2-second preparation state, a 2-second stimulus state
where they textually presented the word to imagine, a 4-second imagine interval and

a 4-second rest state. Further details can be found in the author’s publication [95].

B.1.2 Kara One

Data was collected from 12 participants, using a 64-channel SynAmps RT to record
the signals. 7 phonemic/syllabic prompts (/iy/, /uw/, /piy/, /tiy/, /uw/, /piy/,
/tiy/, /m/, /n/) and 4 phonetically-similar pairs (pat, pot, knew and gnaw) were
presented to the participants. Twelve trials were recorded for each one of these
[S]] units. The experiment consisted on a 5-second rest state, a stimulus state
where the prompt text appeared on the screen along with its associated auditory
utterance played over speakers, this was followed by a 2-second preparation period
for a 5-second [S]] state and a final speaking state. Further details can be found
in the author’s publication [23]. This dataset presents a notable challenge for any
decoding effort, as several recordings were affected by unstable sensor connections.
According to the original authors, recordings from 4 out of 12 participants were
discarded due to poor signal quality; however, participant identifiers corresponding
to these exclusions were not specified. Compounding this issue, the dataset includes
14 folders, each containing data from a different participant, leading to a clear
inconsistency. We contacted the original authors for clarification, but they were
unable to resolve the discrepancy due to information being lost over time. Two out

of three peer-reviewed decoding studies appear to overlook this issue and include the
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corrupted data. These faulty signals are distinguishable through visual inspection,
characterised by rapid semi-regular voltage drifts from a non-physiological source.
To mitigate this, we excluded participants exhibiting more than 30% corrupted

trials, ultimately retaining nine participants for our analysis.

B.1.3 Liwicki

Data was recorded from 4 participants using a BioSemi Active2 system with a
sampling rate of 512Hz. A BioSemi 64 channels electrode cap was employed.
Two categories, social and number, with four words each, were selected. The two
selected categories were mapped into different brain areas, and the selected words
appear to have a high word co-occurrence frequency. The social category contained
the words child, daughter, father, and wife. The number category contained the
words four, three, ten, and six. The textual representation of the words was
presented randomly on the screen in front of the participant. During the rest period,
the participants were allowed to relax and prepare for the next trial. The total
duration of the recording which contained 320 repetitions. Further details on the

publication can be found in the author’s publication [32].

B.1.4 Malta

The data was recorded using the BioSemi ActiveTwo [EEG] recording equipment, at
a sampling frequency of 2048Hz. 24 channels of data from the 10-20 system
are available in the dataset. The [SI] tasks were to perform the words: The data
was recorded using the BioSemi ActiveTwo electroencephalogram recording
equipment, at a sampling frequency of 2.048Hz. 24 channels of data from
the 10-20 system are available in the dataset. At the start of a run, subjects are
given one minute to settle down before the cued trials begin. First, a fixation cross
appears on-screen, indicating to the subject to remain relaxed but aware that the
next trial is forthcoming. The cue then appears in the form of an arrow, with its
direction being associated with a particular task. The subject starts executing the

task as soon as they see the cue, and continues even when it has disappeared, until
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the fixation cross appears again. The cues consist of a left-facing arrow for ’left’; a
right-facing arrow for 'right’, an upward-facing arrow for 'up’ and a corresponding
image for ’down’. Each trial, therefore, lasted 4 seconds and 40 trials per class.

Further details on the publication can be found in the author’s publication [216].

B.1.5 Nguyen

Signal was obtained from 15 subjects that were split into groups to perform different
imagined speech tasks, namely short words, long words and vowels. The group of
short words included the words ‘in’, ‘out” and ‘up’, while the group of long words
consisted of ‘cooperate’ and ‘independent’ and vowels consisted in /a/, /i/ and /u/.
The subjects were instructed to pronounce these words internally in their minds
and avoid any overt vocalisation or muscle movements. One session comprised
of 1000 trials per class. During each trial, the subject would hear a beep sound
that was repeated at a period 1.4. This helped create the rhythm that subjects
should imagine pronouncing the words or phonemes. At the beginning of the trial,
the subject was also prompted with a visual cue indicating the desired word to
be imagined. The cue lasted for 7x1.4s. The subject was instructed to perform
speech imagery at each beep sound and continue at the same rhythm until the
visual cue disappeared. Data was recorded using a BrainProducts ActiCHamp
amplifier system from 64 electrodes and recorded at a sampling rate of 1000Hz.

Further details can be found in the authro’s publication [22].

B.1.6 Nieto

signals were acquired using a BioSemi ActiveTwo with 128 active channels.
The 4 directional words in Spanish, equivalent to “up", “down", “right" and “left"
were used to prompt [SI| For each participant and each word, 50 trials were recorded.
The experiment consisted of a 0.5-second preparation state, a stimulus state where
participants were shown an arrow pointing towards the direction intended for
imagery, followed by a cue to instruct the imagery interval for 2.5 seconds and

final relaxation state with a time-variant interval. Further details can be found

120



B. Chapter 5: Supplementary Materials

in the author’s publication [96]. We considered the 64 channels equivalent to a

64-electrode setup in order to reduce the dimensionality.

B.1.7 Ours

Data was recorded from 16 participants, participants signed a consent form based
on recommendations of the Ethical Committee of the University of Essex in January
2023 (Reference Number ETH2223-0220). Data was recorded from a 64-electrode
cap using a BioSemi Amplifier system at 2048Hz. Each trial began with a
fixation cross to prompt participants to prepare for the task. This was followed by
the imagery prompt, displaying the words “one time”. Directional words ’left” and
right’'were employed. Next, another fixation cross appeared to give participants
time to memorise the speech unit and prepare mentally. The cue stimulus—a circle
displayed for 0.3 s and perceived as a brief flash—then signalled the start of imagery.

Task period was 2s and a total of 25 trials per class.

B.1.8 Ouwurs rhythmic

The same participants and setup were employed as in our previous setup.
For the rhythm marking, participants were cued simultaneously with visual and
auditory stimuli marking an 800 ms rhythm for five repetitions. We employed
'stop’ and 'pinch’ words for this task. The rest period varied randomly between

5-10s. A total of 100 trials were recorded.

B.1.9 Rekrut

Data was recorded from 15 participants using a wireless 64-channel with Brain
Products Live Amp 64 amplifier at 500Hz. 80 repetitions. Participants were seated
in a chair and controlled the simulated robot on a screen in a game-like setup
through a maze. They were presented with a birds-view of the robots’ surroundings
with the robot in the middle. Participants had to decide on its next step and
interact for one part of the study via overt and in the second part via imagined

speech. The interaction consisted of moving the robot in 3 different directions
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resulting in the command words "left”, "right” and "up” and picking up screws
and pushing boxes out of the way by the words "pick” and "push”. Whenever the
user had made a decision about the next command they could press the spacebar
to indicate the desire for interaction. After the spacebar was pressed, the screen
turned black for 2s to give the participant time to prepare the input. After the 2s,
a fixation cross appeared, which indicated to start speaking or producing imagined
speech of the desired command, depending on the current condition. After 2s, the
fixation cross disappeared, and the few switched back to the robot with its updated
position. We recorded 80 repetitions per word and paradigm, meaning for the 5

words. Further detail on the experiment can be found on aouthros publication [231].

B.1.10 Tec

Data was recorded from 15 participants with a 24-channel recording cap and
mBrainTrain Smarting amplifier. Used prompts are Spanish command words
“avanzar,” “retroceder,” “derecha,” and “izquierda” (which correspond to “advance”,
“backwards”, “right” and “left”, respectively). Each trial began with a black
screen, followed by the presentation of a visual cue (a written word displayed on a
monitor) and an auditory cue (a beep sound delivered through the headphones).
The visual cue remained on screen for seven intervals, while the auditory cue was
repeated four additional times at a fixed rhythm (period T=1.4s), establishing
the pacing of the task. Participants were instructed to imagine pronouncing the
displayed word each time they heard a beep. After the final beep, they continued
the task for two additional imagined repetitions at the same rhythm, but without
auditory guidance. Only these last three instances of each trial were recorded.
30 trials per class were recorded. Further details on the dataset can be found

in the author’s publication [218]

B.1.11 Tec game

Data was recorded from the same participants and equipment setup as the previous

description. The paradigm is designed as a game; it consists of a character that
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can move in four directions, in Spanish equivalent to: forward, backwards, left, and
right. The goal was to escape a maze by visiting all checkpoints in numerical order.
The main character of this video game was an animated dog with an identifiable face
and tail, which allowed for indicating where it was facing. Cues on this paradigm
were given by color changes in the maze borders, indicating user action. White
borders indicated no specific action, green borders indicated imagined speech, and
blue borders indicated vocalised speech. A total of 30 trials per class was recorded.

Further details on the dataset can be found in the author’s publication [218]

B.2 Pairwise comparison of statistically and prac-
tically significant accuracies

In this section, we present the comprehensive results of all pairwise classification

accuracy percentages for datasets containing more than two available classes.

Table B.1: Percentage (%) of participants from the BCIComp dataset achieving
statistically significant classification accuracies per class pair.

hello  help me stop  thank you yes

hello - 73.33 86.67 80.00 100.00
help me 73.33 - 86.67 86.67 100.00
stop 86.67 86.67 - 100.00 100.00
thank you  80.00 86.67 100.00 - 93.33
yes 100.00  100.00  100.00 93.33 -

Table B.2: Percentage (%) of participants from the BCIComp dataset achieving
practically significant classification accuracies per class pair.

hello help me stop thank you  yes

hello - 33.33  33.33 40.00 46.67
help me 33.33 - 20.00 33.33 46.67
stop 33.33 20.00 - 53.33 60.00
thank you 40.00 33.33  53.33 - 66.67
yes 46.67  46.67  60.00 66.67 -
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Table B.3: Percentage (%) of participants from the Liwicki dataset achieving statistically
significant classification accuracies per class pair.

child daughter father four six ten  three  wife
child - 25.00 0.00 0.00 0.00 0.00 0.00 0.00
daughter  25.00 - 25.00 25.00 25.00 0.00 25.00 25.00
father 0.00 25.00 - 0.00 25.00 0.00 25.00 25.00
four 0.00 25.00 0.00 - 25.00 0.00 25.00 25.00
six 0.00 25.00 25.00 25.00 - 0.00  0.00 0.00
ten 0.00 0.00 0.00 0.00  0.00 - 50.00 0.00
three 0.00 25.00 25.00 25.00 0.00 50.00 - 0.00
wife 0.00 25.00 25.00 25.00 0.00 0.00 0.00 -

Table B.4: Percentage (%) of participants from the Liwicki dataset achieving practically
significant classification accuracies per class pair.

child daughter father four six ten three wife
child - 25.00 0.00 0.00 0.00 0.00 0.00 0.00
daughter  25.00 - 0.00  25.00 25.00 0.00 0.00 0.00
father 0.00 0.00 - 0.00 0.00 0.00 0.00 0.00
four 0.00 25.00 0.00 - 25.00 0.00 25.00 0.00
six 0.00 25.00 0.00  25.00 - 0.00 0.00 0.00
ten 0.00 0.00 0.00 0.00  0.00 - 0.00 0.00
three 0.00 0.00 0.00 25.00 0.00 0.00 - 0.00
wife 0.00 0.00 0.00 0.00 0.00 0.00 0.00 -

Table B.5: Percentage (%) of participants from the Malta dataset achieving practically
significant classification accuracies per class pair.

down left  right up
down - 0.00 25.00 0.00
left 0.00 - 25.00  25.00
right  25.00 25.00 - 25.00
up 0.00 25.00 25.00 -

Table B.6: Percentage (%) of participants from the Nguyen dataset achieving statistically
significant classification accuracies per class pair.

a i in out corporate
a - 50.00 83.33  80.00 83.33
i 50.00 - 0.00 0.00 76.66
in 83.33  0.00 - 0.00 100.00
out 80.00  0.00 0.00 - 76.66
corporate 83.33 76.66 100.00 76.66 -
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Table B.7: Percentage (%) of participants from the Nguyen dataset achieving practically
significant classification accuracies per class pair.

a i in out  corporate
a - 0.00 52.22 23.33 42.22
i 0.00 - 0.00  0.00 23.33
in 52.22  0.00 - 0.00 53.33
out 23.33 0.00 0.00 - 43.66
corporate 42.22 23.33 53.33 43.66 -

Table B.8: Percentage (%) of participants from the Nieto dataset achieving statistically
significant classification accuracies per class pair.

down left  right up
down - 30.00  20.00 30.00
left 30.00 - 0.00  0.00
right 20.00 0.00 - 0.00
up 30.00 0.00 0.00 -

Table B.9: Percentage (%) of participants from the Nieto dataset achieving practically
significant classification accuracies per class pair.

down left right up
down - 0.00 10.00 10.00
left 0.00 - 0.00  0.00
right 10.00 0.00 - 0.00
up 10.00 0.00 0.00 -

Table B.10: Percentage (%) of participants from the Rekrut dataset achieving statistically
significant classification accuracies per class pair.

Left Pick Push Right Up
Left - 833 833 0.00 0.00
Pick  8.33 - 8.33 16.67 0.00
Push 833 8.33 - 8.33 8.33
Right 0.00 16.67 8.33 - 0.00
Up 0.00 0.00 833 0.00 -
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Table B.11: Percentage (%) of participants from the Coretto dataset achieving

statistically significant classification accuracies per class pair.

a back  down e fwd i left o right u up

- 46.67 40.00 13.33 53.33  0.00 0.00 6.67 53.33  6.67 0.00
back 46.67

- 0.00 40.00 0.00 46.67 6.67 40.00 0.00 0.00 6.67
down  40.00  0.00 - 0.00 0.00 26.67 0.00 40.00 6.67 46.67  0.00
e 13.33  40.00  0.00 - 0.00 0.00 60.00 0.00 46.67 13.33 0.00
fwd 53.33  0.00 0.00 0.00 - 53.33  6.67 0.00 0.00 46.67  0.00
i 0.00 46.67 26.67 0.00 53.33 - 60.00 20.00  0.00 6.67 0.00
left 0.00 6.67 0.00 60.00 6.67 60.00 - 60.00 0.00 66.67 @ 6.67
o 6.67  40.00 40.00 0.00 0.00  20.00 60.00 - 0.00 0.00  40.00
right  53.33  0.00 6.67  46.67  0.00 0.00 0.00 0.00 - 46.67  6.67
u 6.67 0.00 46.67 13.33 46.67 6.67 66.67 0.00 46.67 - 0.00
up 0.00 6.67 0.00 0.00 0.00 0.00 6.67  40.00 6.67 0.00 -

Table B.12: Percentage (%) of participants from the Coretto dataset achieving practically

significant classification accuracies per class pair.

a back  down e fwd i left o) right u up
a - 13.33  13.33 6.67 33.33 0.00 0.00 0.00 13.33  0.00 0.00
back 13.33 - 0.00 6.67 0.00 6.67 0.00 6.67 0.00 0.00 6.67

down 13.33 0.00 - 0.00 0.00 20.00  0.00 13.33 0.00 6.67 0.00
e 6.67 6.67 0.00 - 0.00 0.00 20.00 0.00 6.67 0.00 0.00
fwd 33.33 0.00 0.00 0.00 6.67 0.00 0.00 0.00 13.33  0.00

i 0.00 6.67  20.00 0.00 6.67 - 20.00  0.00 0.00 0.00 0.00

left 0.00 0.00 0.00 20.00 0.00 20.00 - 13.33 0.00 33.33 0.00
o 0.00 6.67 13.33  0.00 0.00 0.00 13.33 - 0.00 0.00  26.67
right  13.33  0.00 0.00 6.67 0.00 0.00 0.00 0.00 - 6.67 0.00
u 0.00 0.00 6.67 0.00 13.33 0.00 33.33 0.00 6.67 - 0.00
up 0.00 6.67 0.00 0.00 0.00 0.00 0.00 26.67  0.00 0.00 -

Table B.13: Percentage (%) of participants from the Tec game dataset achieving

statistically significant classification accuracies per class pair.

AVANZAR DERECHA IZQUIERDA RETROCEDER

AVANZAR - 13.33 6.67 6.67
DERECHA 13.33 - 0.00 20.00
IZQUIERDA 6.67 0.00 - 6.67
RETROCEDER 6.67 20.00 6.67 -

Table B.14: Percentage (%) of participants from the Tec game dataset achieving

practically significant classification accuracies per class pair.

AVANZAR DERECHA IZQUIERDA RETROCEDER

AVANZAR - 13.33 0.00 6.67
DERECHA 13.33 - 0.00 6.67
IZQUIERDA 0.00 0.00 - 0.00
RETROCEDER 6.67 6.67 0.00 -
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Table B.15: Percentage (%) of participants from the Tec dataset achieving statistically

significant classification accuracies per class pair.

AVANZAR DERECHA

AVANZAR
DERECHA
IZQUIERDA
RETROCEDER

33.33
33.33
33.33

33.33 33.33 33.33
- 40.00 13.33

40.00 - 13.33

13.33 13.33 -

Table B.16: Percentage (%) of participants from the Tec dataset achieving practically

significant classification accuracies per class pair.

IZQUIERDA RETROCEDER

AVANZAR DERECHA

IZQUIERDA RETROCEDER

AVANZAR
DERECHA
IZQUIERDA
RETROCEDER

- 33.33
33.33 -
6.67 20.00
26.67 13.33

6.67 26.67

20.00 13.33
- 13.33

13.33 -
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