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Results: Recent advang
arrays achieve spatid stable recordings over 15 months; 2) Deep learning decoders
ansfer rates compared to traditional methods; 3) Adaptive algorithms

id self-supervised learning approaches show promise in addressing long-term
pation challenges.

anisms demonstrate the technology’s growing viability for clinical applications. Recent
electrode technology, Al architectures, and closed-loop systems, combined with emerging stan-

1. Introduction and make decisions across a wide range of domains (Russell and Norvig,

2021). The synergy between these two rapidly advancing fields presents

ed with Artificial Intelli- unprecedented opportunities for enhancing human cognition, restoring
gence (Al rep hnology, promising to revo- lost sensory and motor functions, and potentially expanding the
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BCIs have evo om rudimentary systems to sophisticated neural 1. Signal Acquisition and Preprocessing: Recent advancements in
interfaces capable OWgfecoding complex brain signals (Wolpaw and electrode technology and signal processing have significantly
Wolpaw, 2012). Concurrently, AI has progressed from narrow, task- improved the quality and resolution of neural recordings. High-
specific algorithms to more generalized systems that can learn, adapt, density electrode arrays, such as those developed by Viventi et al.

* Edited by Andrea Antal.
E-mail address: thrudr@utu.fi.

https://doi.org/10.1016/j.brainres.2024.149423
Received 24 September 2024; Received in revised form 19 December 2024; Accepted 20 December 2024

Available online 22 December 2024
0006-8993/© 2024 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://orcid.org/0000-0002-2057-7793
https://orcid.org/0000-0002-2057-7793
mailto:thrudr@utu.fi
www.sciencedirect.com/science/journal/00068993
https://www.elsevier.com/locate/brainres
https://doi.org/10.1016/j.brainres.2024.149423
https://doi.org/10.1016/j.brainres.2024.149423
http://crossmark.crossref.org/dialog/?doi=10.1016/j.brainres.2024.149423&domain=pdf
http://creativecommons.org/licenses/by/4.0/

T. Rudroff

(2011) and recently by Londono-Ramirez et al. (2024), have enabled
more precise spatial and temporal resolution in neural signal
acquisition.

2. Al-Driven Signal Processing and Decoding: Machine learning algo-
rithms, particularly deep learning models, have transformed the
interpretation of complex neural signals. Glaser et al. (2020)
demonstrated how recurrent neural networks can decode intended
speech from neural activity, showcasing the power of Al in BCI
applications.

3. Output Generation and Device Control: The translation of decoded
neural signals into commands for external devices has seen signifi-
cant progress. Work by Collinger et al. (2013) on neuroprosthetic
control demonstrates how BCI systems can enable intuitive control of
robotic limbs through neural signals. More recently, Bockbrader
et al. (2019) showed that an implanted BCI integrated with forearm
functional electrical stimulation (FES) allowed an individual with
tetraplegia to achieve clinically significant gains in skillful grasp
coordination. Their participant was able to perform palmar, lateral,
and tip-to-tip grips with improved strength and dexterity across a
range of standardized tests of upper limb function. Notably, the BCI-
FES system enabled faster and more precise object manipulation
compared to robotic arm BCIs, with naturalistic speeds achieved for
many tasks. The system also demonstrated generalizability, with grip
skills transferring from training objects to novel household items.
These results mark an important step in translating BCI neuro-
prosthetics toward clinical viability and functional independence for
individuals with tetraplegia.

4. Feedback Mechanisms and Adaptive Learning: BCI systems are
becoming increasingly adaptive, learning from user inputs to
improve performance over time. BCI systems are becoming increas-
ingly adaptive, learning from user inputs to improve perfor
over time. Orsborn et al. (2014) showed how closed-loop d
adaptation shapes neural plasticity for skillful neuroprosthetic
trol. More recently, Losanno et al. (2024) demonstrated a b

first day without prior
Importantly, this ma rategy was effec-
voluntary hand move
of leveraging i

advancements in BCI-AlI integration,
€ rangeompeer-reviewed studies and technical re-
e “how” rather than just the “what,” this analysis
aims to provide a istic understanding of BCI-AI systems, moving
beyond simple assessi¥€nts of their effectiveness to explore the intricate
processes that make these technologies possible.

Throughout this exploration, the synergy between BCI and Al tech-
nologies will be highlighted, demonstrating how their integration is
pushing the boundaries of what’s possible in neurotechnology. This
mechanistic approach will provide valuable insights for researchers,
developers, and policymakers working at the intersection of neurosci-
ence, computer science, and biomedical engineering.

As the field of BCI-AI integration rapidly evolves, this review will
also address current challenges and limitations, as identified in recent
literature. For instance, issues of long-term biocompatibility of invasive
BCIs (Salatino et al., 2017) and the ethical implications of direct brain-

ports. By focust
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computer communication (Yuste et al., 2017) will be discussed in the
context of ongoing research and potential solutions.

By providing an evidence-based examination of how BCI-AI inte-
gration works, this review targets to foster a deeper understanding of
these technologies’ current capabilities, limitations, and future poten-
tial. This knowledge is crucial for guiding future research, informing
ethical discussions, and realizing the full potential of BCI-AI integration
in various applications, from medical treatments to human
augmentation.

To ensure an up-to-date review of BCI-AI integration, a thorough
literature search was conducted using major biomedical and scientific
databases including PubMed, Web of Science, IEEE Xplore, and Scopus.
The search terms included combinations ang 4ens of “brain-com-

»

“deep learning,” “neural decoding,” 4
mary focus was on literature
(2014-2024), with particular
ments (2019-2024). Additi

s.” The pri-
last decade

established
integration.

odology followed a structured approach, as illus-
process began with broad queries to capture rele-
in BCI-AI integration. Initial searches identified
es from 2014 to 2024, with particular emphasis on the
t advancements (2019-2024). Additionally, seminal papers
ler years were included to provide historical context and
oundational concepts.

This review conducted a thorough analysis of BCI and Al integration.
This investigation was guided by several fundamental research ques-
tions focused on understanding the complete architecture of BCI-AI
systems, from signal acquisition to practical implementation. The goal
was to examine the different types of BCI applications and components,
particularly exploring the challenges faced in signal acquisition and
preprocessing stages. A central focus was to understand how AI en-
hances neural decoding and interpretation strategies, including the
investigation of various machine learning approaches and their effec-
tiveness. The review also aimed to evaluate different methods for Al-
driven output generation and device control in BCIs, examining both
current capabilities and limitations. Furthermore, the key challenges in
BCI-AI integration and explored potential future directions, including
technical, ethical, and practical considerations were investigated. These
research questions were formulated to provide a structured framework
for analyzing the current state of BCI-AI technology while identifying
crucial areas for future development.

The initial search yielded publications spanning peer-reviewed
journals, conference proceedings, and technical reports, with a partic-
ular focus on key events in neurotechnology and Al. The search was
refined by examining both established knowledge and cutting-edge de-
velopments in BCI-Al integration. A multi-database approach, combined
with forward and backward citation tracking of key papers, ensured
thorough coverage of the field.

The analysis focused on several key aspects of BCI-AI integration:
signal acquisition and preprocessing techniques, advances in neural
decoding strategies, output generation and device control, and feedback
mechanisms. The selected literature was analyzed thematically to
identify recurring themes, technological advances, and critical chal-
lenges. Special attention was paid to studies demonstrating practical
applications, particularly those showing successful clinical



T. Rudroff

Initial Literature Search
IEEE Xplore, Science Direct,
ACM Digital Library, Springer Link

Content Screening
Title, Abstract, Keywords

Thematic Analysis
Key Concepts and Findings

Narrative Sy,

implementations or nov

The review progass i
es. Studies were emphasized
BCI-AI system performance,

narrative addré
cations of BCI-A

the current state of BCI-AI technology was developed, enabling us to
identify key trends, challenges, and future research directions in this
rapidly evolving field. Conference proceedings from key events in neu-
rotechnology and Al were also reviewed to capture emerging trends.

3. Literature review and research gap analysis

Recent studies have significantly advanced our understanding of
BCI-Al integration. Losanno et al. (2024) demonstrated a brain decoding
strategy based on direct coupling between neural dynamics and output
variables, achieving stable performance over 12 weeks. Akhter et al.
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(2024) introduced the Integrated Contextual Gate Network algorithm,
showing improved classification accuracy for fNIRS-based BCIs. Cho
et al. (2024) developed a fully bioresorbable hybrid opto-electronic
system for simultaneous neural recording and stimulation.

In signal acquisition, Londono-Ramirez et al. (2024) advanced
multiplexed surface electrode arrays using metal oxide thin-film elec-
tronics, while Liu et al. (2024) improved flexible high-density micro-
electrode arrays for closed-loop interfaces. Yan et al. (2023)
demonstrated long-term stability of wireless implantable ECoG devices
over 15 months.

Despite these advances, several critical research gaps remain:

Long-term Signal Stability: Current studj
over time, necessitating research intq

ignal degradation
ral interfaces.

settings, leaving questions
environments.
Cross-user Generalizatio:

cks standardized protocols for
BCI-AI systems, hampering systematic

integration, beginning with fundamental principles and
through cutting-edge developments in signal acquisition,
coding, and system implementation. The following sections
ystematically explore both established approaches and emerging solu-
tions to these challenges.

4. Fundamentals of BCI-AI integration

Understanding the fundamental principles of BCI-AI integration is
crucial for addressing the research gaps identified above, particularly
the challenges of signal stability and cross-user generalization. BCIs
have evolved from rudimentary systems to sophisticated neural in-
terfaces capable of decoding complex brain signals (Wolpaw and Wol-
paw, 2012). Concurrently, Al has progressed from narrow, task-specific
algorithms to more generalized systems that can learn, adapt, and make
decisions across a wide range of domains (Russell and Norvig, 2021).

4.1. Overview of BCI-AI architecture

The architecture of BCI-AI systems comprises several key compo-
nents working in sequence, as illustrated in Fig. 2. This architectural
framework directly addresses several research gaps identified in Section
2, particularly cross-user generalization and long-term signal stability
through its adaptive components.

Key components include:

Signal Acquisition: Captures brain signals through various neuro-
imaging techniques, including EEG with good temporal resolution
but limited spatial resolution (Van Gerven et al., 2009), ECoG for
higher signal-to-noise ratio (Schalk et al., 2007), and intracortical
recordings for highest spatial and temporal resolution (Nicolelis and
Lebedev, 2009).

Preprocessing: Involves signal amplification, filtering, and noise
reduction (Salahuddin and Gao, 2021). Advanced preprocessing
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BCI-Al System Architecture

Signal Acquisition
(EEG, ECoG, fNIRS, etc.)

l

Preprocessing
(Filtering, Artifact Removal)

l

Feature Extraction
(Time/Frequency Domain, Spatial
Filters)

Adaptive Learning
(Continuous System
Optimization)

l -

Interacts with all stages

Al/ML Classification
(SVM, CNN, RNN, etc.)

to optimize performance

l

Output Generation
(Device Control, Communication)

l

[ Feedback to User ]

Fig. 2. General Architecture of a BCI-AI System.

methods employ Al techniques for adaptive filtering and artifact
removal (Urigiien and Garcia-Zapirain, 2015).

Feature Extraction: Identifies relevant patterns using spike s
algorithms (Buzsaki, 2004) and dimensionality reduction techni
(Nicolas-Alonso and Gomez-Gil, 2012). Al algorithms increasin!
automate feature discovery (Lotte et al., 2018).
AI/ML Classification: Employs various algorithg

classification choice (Craik et al., 2019).
Output Generation: Translates classifi

Wolpaw, 2012).
Feedback to User: Provides visu:
on human-computer intera;
2008).

Adaptive Learning: C
on user performan

5.1. Comparative analysis of signal acquisition methods

Non-invasive Methods: Electroencephalography (EEG) remains the
most widely used non-invasive BCI method due to its portability and low
cost. Recent advancements in high-density EEG systems have signifi-
cantly improved spatial resolution. Fiedler et al. (2022) demonstrated
that 256-channel EEG systems, combined with advanced source locali-
zation algorithms, can achieve spatial resolution approaching that of
invasive methods, with accuracy up to 5Smm.

Functional Near-Infrared Spectroscopy (fNIRS) has gained traction
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as a complementary or alternative method to EEG. Naseer and Hong
(2015) reviewed fNIRS-based BCIs, highlighting its advantages in
robustness to motion artifacts and ability to probe deeper brain
structures.

Invasive Methods: Electrocorticography (ECoG) offers higher spatial
resolution and signal-to-noise ratio compared to non-invasive methods.
Yan et al. (2023) showed that a wireless implantable electro-
corticography (ECoG) device was able to record useful neural signals for
over 15 months after implantation in two non-human primates,
although there was some reduction in signal quality over time. The
authors conclude that while there was some degradation in signal
quality over time due to tissue responses, the subdural ECoG device was
still able to provide chronic recordings g activity over 15
for long-term
the need to
. The recent

brain-machine interface applications,
further reduce tissue reactions to i
advancements in electrode tec

recordings for over

tissue responses, the abili
i ard solving the signal

15 months represe

allenges in long-term stability. Recent
" (2021) on high-density microelectrode
the boundaries of spatial resolution in neural

at the proposed Integrated Contextual Gate Network
orithm achieved significantly higher classification accuracy
to long short-term memory (LSTM) and bidirectional long
ort-term memory (Bi-LSTM) for functional near-infrared spectroscopy
(fNIRS) brain-computer interface applications. The authors conclude
that ICGN provides enhanced classification performance for fNIRS-BCI
systems by better capturing complex patterns in the fNIRS data
through its novel cell structure and information processing approach.

These diverse signal acquisition methods provide insights into
different aspects of CNS function. EEG primarily captures postsynaptic
potentials from pyramidal neurons in the cortex, reflecting large-scale
network dynamics (Buzsdki et al., 2012). In contrast, intracortical re-
cordings can detect the spiking activity of individual neurons, offering a
window into the computational units of cortical processing
(Hatsopoulos and Donoghue, 2009).

fMRI-based BCIs, while limited by temporal resolution, can access
deeper brain structures and have revealed the role of the ventral tem-
poral cortex in visual imagery (Shibata et al., 2011) and the anterior
cingulate cortex in pain regulation (deCharms et al., 2005). Meanwhile,
ECoG strikes a balance, providing higher spatial resolution than EEG and
access to high-frequency oscillations that are thought to reflect local
cortical processing (Crone et al., 2006).

5.2. Innovations in electrode technology

Flexible and Stretchable Electronics: A recent review by Liu et al.
(2024) showed that Flexible HDMEAs offer advantages over rigid arrays,
including better conformity to neural tissue, reduced tissue damage, and
improved long-term performance.

Nanomaterial-based Electrodes: Mondal et al. (2022) showed in their
review that hat carbon nanotubes (CNTs) and their derived nano-
materials show great promise as high-performance biosensing platforms
for various applications. CNTs have excellent physical properties like
high electrical conductivity, mechanical strength, and large surface area
that make them well-suited for biosensors. CNTs can be functionalized
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and combined with other nanomaterials to enhance sensing perfor-
mance. However, challenges remain in terms of reproducibility, large-
scale production, and potential toxicity that need to be addressed for
wider commercial adoption. These innovations in electrode materials
and design directly address multiple research gaps identified in Section
2. The improved physical properties of CNT-based electrodes contribute
to enhanced signal stability, while their biocompatibility advances the
goal of real-world applicability. The development of reproducible, large-
scale production methods also helps address the integration standards
gap by working toward standardized manufacturing processes.

Bioresorbable Electronics: Cho et al. (2024) developed a novel, fully
bioresorbable (biodegradable) flexible hybrid opto-electronic system for
neural implants that can simultaneously record electrophysiological
activity and perform optogenetic stimulation in the brain. This bio-
resorbable neural implant system offers several key advantages. It
eliminates the need for removal surgery, provides dual functionality for
simultaneous recording and stimulation, and is flexible and biocom-
patible. Additionally, it has been optimized to minimize interference,
successfully tested in vivo, and shows versatile potential for various
biomedical applications.

Recent advances in flexible electrode technology have shown
promising results for long-term signal stability. Li et al. (2024) demon-
strated ultra-low impedance flexible graphene electrodes that maintain
signal quality over extended periods. Their transparent electrodes ach-
ieved higher fidelity neural recording while reducing tissue reaction,
directly addressing the long-term stability challenge. Similarly, Zhang
et al. (2023) developed high-density flexible neural interfaces using
solution-processed metal oxide thin-film transistors, offering better
conformity to neural tissue and improved signal acquisition in dynamic
conditions.

5.3. Advanced preprocessing algorithms

Recent advances in preprocessing algorithms hayg
improved the quality of EEG signals for subsequent
filtering techniques have shown particular promise
while preserving underlying neural activity. Fo
(2020) introduced a two-stage adaptive filsi

imensionality Reduction

High-dimensional
EEG Data

\

t-SNE /
UMAP

Deep

Sparse

Autoencoders

Leaming
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outside controlled laboratory settings. The demonstrated superior per-
formance in removing ocular artifacts addresses one of the key chal-
lenges in translating BCI technology to everyday use scenarios.

Another area of advancement is in source separation techniques.
Independent Component Analysis (ICA) remains a popular approach,
but new variants have emerged to address its limitations. Hsu et al.
(2021) proposed a novel constrained ICA algorithm that incorporates
prior spatial information, leading to more physiologically plausible
source estimates and improved artifact removal.

5.4. Dimensionality reduction techniques in BCI-AI systems

A critical step in the BCI-AI pipeline 4

enhances the performance
steps. Fig. 3 illustrates
techniques commonly u:
rney of neural signals
owcasing how various
igh-dimensional EEG data

distinct approach to distilling the essence of the
sical technique of Principal Component Analysis
r transformation, identifying the directions of

ng into the realm of artificial intelligence, we encounter
toencoders, artificial neural networks that learn to compress data into
a lower-dimensional representation before reconstructing it. These
owerful tools, particularly in their variational (VAE) and denoising
forms, have shown remarkable ability to capture complex, nonlinear
associations in EEG data, extracting robust features even in the presence
of noise (Jirayucharoensak et al., 2014; Chai et al., 2017).

The landscape of dimensionality reduction is further enriched by
techniques like t-SNE (t-Distributed Stochastic Neighbor Embedding)
and its more recent counterpart, UMAP (Uniform Manifold Approxi-
mation and Projection). These methods excel in preserving the local
structure of high-dimensional data, making them particularly useful for

Techniques in BCI-AI Systems

4 h

Lower-dimensional
Representation

k J

Representation

Fig. 3. Dimensionality Reduction Techniques in BCI-AI Systems.
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visualizing complex neural patterns and revealing clusters of similar
brain states (Oliveira et al., 2016; Cao et al., 2020).

Deep Learning approaches, represented by Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs), offer a
unique perspective on dimensionality reduction. These architectures
implicitly perform dimensionality reduction through their hierarchical
feature extraction processes. CNNs, for instance, have demonstrated the
ability to learn spatial filters directly from raw EEG data, while RNNs
capture intricate temporal dependencies, effectively reducing the tem-
poral dimensionality of the signals (Schirrmeister et al., 2017; Craik
et al., 2019).

The final pathway in our diagram represents Sparse Representation
techniques, such as sparse autoencoders or dictionary learning. These
methods seek to represent EEG signals using a small number of basic
functions, effectively reducing dimensionality while potentially preser-
ving interpretability (Zhou et al., 2018).

As these diverse pathways converge, they yield low-dimensional
representations of the original EEG data. These distilled forms encap-
sulate the most salient features of the neural signals, paving the way for
more efficient and effective downstream processing in BCI systems.

This journey from high-dimensional complexity to low-dimensional
clarity is not merely a computational convenience. It represents a
crucial step in deciphering the language of the brain, allowing us to
focus on the most relevant aspects of neural activity. By employing these
advanced dimensionality reduction techniques, BCI-AI systems can
navigate the intricate landscape of brain signals with greater precision
and insight, ultimately bringing us closer to seamless brain-computer
communication.

The interplay between these various techniques, each with its
strengths and characteristics, underscores the richness and complexity
of modern BCI signal processing. As research in this field progresse
can anticipate even more sophisticated approaches to dimensio
reduction, further enhancing our ability to interpret and utiliz
wealth of information contained in neural signals.

The advancement of these dimensionality redugcs

Ns) have been effectively
et al. (2019) developed a novel

raction and achieving state-of-the-art
iple benchmark datasets.

etworks (RNNs), especially Long Short-Term
Memory (LSTM) netW®rks, have proven adept at capturing temporal
dependencies in EEG data. Craik et al. (2019) demonstrated the effec-
tiveness of a bidirectional LSTM network for continuous emotion
recognition from EEG signals, outperforming traditional machine
learning approaches.

More recently, attention mechanisms have been incorporated into
deep learning models for EEG analysis. Zhang et al. (2021) proposed an
attention-based CNN-LSTM hybrid model for motor imagery classifica-
tion, showing improved performance by focusing on the most relevant
parts of the input signal.
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5.6. Comparative analysis of recording modalities and Al approaches

The interplay between recording modalities and Al processing ap-
proaches reveals crucial insights into BCI system optimization. Each
recording method presents distinct advantages and challenges that
significantly impact subsequent Al processing strategies.

EEG-based systems, while offering non-invasiveness and accessi-
bility, present unique Al processing challenges due to their lower signal-
to-noise ratio. Craik et al. (2019) demonstrated that deep learning ap-
proaches can partially compensate for EEG’s limited spatial resolution
(5-9 cm), achieving 80-90% accuracy in motor imagery tasks despite
noisy signals. However, their analysis of 154 studies revealed that EEG-
based systems require more sophisticated essing and noise

racy. Their 15-
maintained >90%

preprocessing pipelines
month study demonstra

achieved unprecedent
dens; , but found ocessing the resulting high-dimensional
itectures. Their work showed that while
gs enabled 95%-+ accuracy in movement decoding,

tantially more computational resources for real-

itional Machine Learning vs Deep Learning:

G, deep learning methods prove particularly advantageous in
xtracting meaningful features from noisy signals. Roy et al. (2019)
demonstrated CNNs achieving 85-90% accuracy with EEG data,
ompared to 70-75% for traditional methods. However, with cleaner
ECoG and intracortical signals, the performance gap between deep and
traditional approaches narrows significantly, as shown by Papadopoulos
et al. (2020).

Adaptive vs Static Decoders:

The necessity for adaptive decoding varies markedly across
recording modalities. Sussillo et al. (2016) showed that intracortical
recordings require frequent decoder adaptation due to signal evolution
over time, while ECoG signals demonstrated greater stability. Their
ReFIT-LSTM decoder maintained high performance over 200 days with
ECoG signals without requiring substantial adaptation.

Self-Supervised Learning:

Park et al. (2024) revealed that self-supervised approaches prove
particularly effective with high-channel-count recordings. Their study
demonstrated 60% reduction in calibration data requirements for
intracortical arrays, while showing more modest improvements
(20-30%) for EEG-based systems.

Transfer Learning:

The effectiveness of transfer learning varies significantly across
modalities. Fahimi et al. (2021) achieved 70% reduction in training time
for EEG-based systems through transfer learning, while similar ap-
proaches showed limited benefits for intracortical recordings due to
their highly individualized nature.

Real-world Implementation:

Clinical applications reveal distinct trade-offs between recording
modalities and processing approaches. Chen et al. (2024) demonstrated
successful implementation of EEG-based systems in home settings,
prioritizing usability over maximum performance. In contrast, Willett
et al. (2021) achieved higher performance with intracortical recordings
but required significantly more complex processing pipelines and
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maintenance.

This comparative analysis reveals that optimal BCI system design
requires careful matching of recording modality and AI processing
approach:

— EEG-based systems benefit most from sophisticated Al processing to
compensate for signal limitations.

— ECoG provides an attractive middle ground, balancing signal quality
with long-term stability.

— Intracortical recordings offer highest performance potential but
require more complex adaptive processing.

— Hybrid approaches combining multiple recording modalities with
specialized Al processing show promise in addressing limitations of
individual methods.

The selection of recording modality and AI approach must consider
not only technical performance but also practical constraints such as
surgical requirements, maintenance needs, computational resources,
and intended use case.

6. Al-enhanced neural decoding and interpretation strategies

The evolution of neural decoding through Al integration represents a
crucial advancement in BCI technology. At the heart of modern neural
decoding lies a sophisticated Al architecture that transforms raw neural
signals into meaningful commands. Fig. 4 illustrates this architecture,
showing how different neural network components work together to
process and interpret brain signals.

The architecture employs parallel processing streams: a Convolu-
tional Neural Network (CNN) for spatial feature extraction and a
Recurrent Neural Network (RNN) for temporal pattern analysis.
streams converge in fully connected layers that integrate spati
temporal features for final output generation. This design has pr
remarkably effective, particularly in capturing the complex dynamic
neural activity.

Recent innovations have significantly advan
decoding. Park et al. (2024) introduced a se

demonstrated how transformer-based
curacy in interpreting time-depende;
formance across varying cogniti
address the cross-user generalizdi

is work extends beyond
for sophisticated brain-

Input Layer
EEG/ECoG Data
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Communication interfaces have achieved remarkable break-
throughs, exemplified by Anumanchipalli et al.’s (2019) work in speech
synthesis from neural signals. Their approach decodes articulatory
movements to produce natural speech, offering new possibilities for
individuals who have lost speaking ability.

The field has advanced further with multiscale neural decoding ap-
proaches. The LFADS method (Pandarinath et al., 2018) reveals popu-
lation dynamics at multiple timescales, while recent work by Sani et al.
(2024) introduces the DPAD approach for more accurate neural-
behavioral prediction through nonlinear modeling.

Transfer learning has emerged as a powerful solution to cross-subject
generalization. Fahimi et al. (2021) developed a framework using
adversarial domain adaptation that signifi proves EEG-based

performance on downstrea
system deployment and e
users.

Error detection
et al. (2022) de
overall BCI reli
more auton
attention.

ed system that enhances
heir work paves the way for

motor control and neural information
ess of RNNs in decoding movement trajectories
al systems view of motor control (Gallego et al.,
rformance in visual decoding aligns with hierar-
odels (Yamins and DiCarlo, 2016). The role of
anisms in decoding reflects similar mechanisms in brain
rocessing (Mante et al., 2013), revealing the individualized
neural representations (Elsayed et al., 2016).

7. Al-driven output generation and device control

Building on the neural decoding strategies discussed in Section 5, the
translation of decoded neural signals into meaningful outputs represents
a critical step in BCI-AI integration. This section examines how Al ap-
proaches have revolutionized output generation and device control,
directly addressing the real-world applicability gap identified in Section
2. The advancement of these technologies marks significant progress
toward making BCIs practical for daily use outside laboratory settings.

7.1. Al in neuroprosthetic control

The high-performance neuroprosthetic control system demonstrated
by Collinger et al. (2013) represents a significant leap forward in

B N
Output Layer
Fully Connected > Classification /
Layers Regression

4

Fig. 4. Representation of the typical AI/ML model architecture used in BCI applications.
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restoring motor function to individuals with paralysis. By leveraging the
advanced decoding capabilities discussed earlier, their deep learning
algorithms successfully translate complex, multi-dimensional arm
movements from intracortical signals, enabling unprecedented levels of
dexterity in robotic arm control. This work not only improves the quality
of life for individuals with motor disabilities but also provides crucial
insights into the neural mechanisms of motor control. The success of this
system in maintaining stable performance over extended periods
directly addresses the long-term signal stability challenge identified in
Section 2.

The implications of this work extend beyond immediate applications
in prosthetic control. The demonstrated ability to maintain precise
control over extended periods suggests potential applications in other
areas requiring sustained neural interface stability, from rehabilitation
technologies to advanced human-machine interfaces. Furthermore, the
success of these systems paves the way for more sophisticated neuro-
prosthetic applications, potentially extending to lower limb control and
complex motor tasks requiring fine coordination.

7.2. Al-enhanced communication interfaces

Advancing beyond motor control, Al-powered BCIs have achieved
remarkable progress in communication interfaces. The system devel-
oped by Willett et al. (2021) demonstrates a breakthrough in this
domain, enabling typing through imagined handwriting movements.
This innovation achieves communication rates comparable to able-
bodied smartphone users, addressing the critical need for practical,
high-bandwidth neural interfaces. The success of this approach directly
tackles the real-world applicability gap by providing a natural, intuitive
method of communication that could be implemented in daily life
settings.

The implications of this work extend beyond basic text com
cation. The demonstrated ability to decode complex, sequential
imagery opens possibilities for other forms of fine motor control thro
BCIs, potentially enabling activities like digital art cr
instrument playing. This expansion of capabilities dj
need for more versatile and adaptable BCI syste

7.3. Al approaches to enhancing output fide,

A critical advancement in BCI
novel Al-based decoder introduced

gpus applications, from assistive tech-
. Furthermore, the insights gained from
our understanding of neural plasticity and adap-
je broader field of neuroscience.

this research ir¥
tation, contributin

7.4. Al in emerging BCI output modalities

Looking toward future developments, the high-bandwidth BCI sys-
tem presented by Musk and Neuralink (2019) represents an ambitious
vision for human-computer interaction. Their approach uses advanced
machine learning algorithms to process neural signals from thousands of
implanted electrodes, aiming to enable direct neural control of digital
devices. While still in early stages, this work demonstrates the potential
for Al to process and interpret neural signals at unprecedented scale and
complexity.

The implications of this work extend beyond immediate technical
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achievements, raising important questions about the future of human-
—computer interaction and cognitive enhancement. As these technolo-
gies mature, they could fundamentally reshape how humans interact
with technology, potentially enabling new forms of communication,
learning, and experience.

7.5. Integration and future directions

As we move toward more sophisticated BCI output systems, the
integration of multiple approaches shows particular promise. Hybrid
systems combining different control modalities could provide more
robust and versatile interfaces, while adaptive algorithms ensure stable
performance over time. These developmep address several
ling real-world

applicability and long-term stability.

Looking ahead, the continue iven output

ears have witnessed significant progress
technologies from laboratory settings to practical,
ns. This translation represents a crucial step in
world applicability gap identified in Section 2,
these technologies can meaningfully impact daily
n examines key implementations across various domains,
ical applications to cognitive enhancement.

.1. Medical applications and therapeutic interventions

.1.1. Motor restoration and neuroprosthetics

The BrainGate clinical trial, ongoing since 2004, stands as a land-
mark demonstration of intracortical BCIs’ long-term efficacy. Building
on the neuroprosthetic control principles discussed in Section 6.1,
Hochberg et al. (2012) demonstrated that individuals with tetraplegia
could successfully use BCI systems for essential daily tasks like self-
feeding using a robotic arm. This practical implementation directly
addresses the long-term stability challenge while proving the technol-
ogy’s viability for everyday use. More recently, Chen et al. (2024)
demonstrated significant progress in home-based BCI applications. Their
study showed successful implementation of a BCI communication sys-
tem for late-stage ALS patients in home settings, achieving reliable
communication over extended periods. This advance represents a
crucial step toward making BCI technology practical for daily use.
Additionally, Kim et al. (2023) introduced a reinforcement learning
approach for closed-loop optimization of BCI parameters, demonstrating
a 40% improvement in user adaptation rates compared to traditional
methods. Their system automatically adjusted to individual user needs,
significantly reducing the setup and calibration time required for
effective BCI use.

Willett et al. (2021) showcased the practical potential of BCIs for
communication, enabling a paralyzed individual to achieve typing
speeds comparable to able-bodied smartphone users through imagined
handwriting. This advancement represents a crucial step toward
restoring natural communication abilities in clinical populations.

8.1.2. Communication systems for severe motor impairments

In a groundbreaking implementation, Chaudhary et al. (2017)
developed a home-use BCI system that enabled completely locked-in
patients with ALS to answer yes/no questions. This achievement
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demonstrates how the Al-enhanced communication interfaces discussed
in Section 6.2 can be adapted for practical, home-based use, providing
vital communication channels for severely impaired individuals.

8.2. Rehabilitation and recovery applications

8.2.1. Stroke rehabilitation

The integration of BCI technology with rehabilitation has shown
promising results. Pichiorri et al. (2015) conducted a randomized
controlled trial using BCI-driven motor imagery training in stroke
rehabilitation. Their results demonstrated significantly greater motor
recovery in patients receiving BCI-based training compared to standard
therapy, highlighting how the adaptive learning mechanisms discussed
in Section 6.3 can enhance neuroplasticity and recovery.

8.2.2. Cognitive rehabilitation

Extending beyond motor applications, Reinhart and Nguyen (2019)
demonstrated how non-invasive BCI systems could deliver personalized
brain stimulation to improve working memory in older adults. This
application shows the potential of BCI-AI technologies not just for
restoration but for enhancement of cognitive functions, addressing
broader therapeutic needs.

8.3. Non-medical applications and performance enhancement

8.3.1. Workplace and human-computer interaction

Moving beyond medical applications, Krol et al. (2020) demon-
strated practical implementations of passive BCI systems in office en-
vironments. Their system successfully used neural signals to infer user
states such as workload and stress, enabling adaptive interfaces that
optimize user experience and productivity. This application shows
the high-bandwidth processing capabilities discussed in Section 6
be applied in everyday settings.

8.3.2. Assistive technology integration
In the realm of assistive robotics, Meng et al.

progress, several
technologies from laboratory to

neural interfaces in varied

gcols for different applications
®adaptive algorithms for real-world use
across different user populations and contexts

8.5. Future directions ®nd integration

The growing body of successful implementations suggests that BCI-
Al technologies are approaching a tipping point in terms of practical
utility. As these systems continue to mature, we can expect to see
increasingly diverse and impactful applications. The key to future suc-
cess lies in the development of more sophisticated feedback mechanisms
and adaptive learning systems, which we will explore in detail in Section
8.

This progression from laboratory demonstrations to practical appli-
cations represents crucial progress toward addressing the real-world
applicability gap identified earlier. The success of these
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implementations provides valuable insights for improving feedback
mechanisms and adaptive learning approaches, which we will examine
in the following section.

9. Feedback mechanisms and adaptive learning in BCI-AI
systems

The integration of effective feedback mechanisms and adaptive
learning algorithms has proved crucial for developing robust, user-
friendly BCI systems. Building upon the real-world applications dis-
cussed previously, these components enable BCIs to maintain perfor-
mance in dynamic environments while adapting to individual users’
needs. The feedback process in BCI systemg gs as a continuous
. This cyclical
g and neural

etrics, and adaptive
ation. This continuous

back in motor imagery BCIs improved
y by 25% while reducing mental fatigue by 40%.
ptic feedback with visual cues helped users main-
1 states during BCI control, particularly benefiting

ack techniques have transformed how users learn to
I systems. Sitaram et al. (2017) showed that providing feed-
ctivity in task-relevant brain regions led to faster skill acqui-
ition and better retention of BCI control abilities. Their research
revealed that consistent neurofeedback training over 10-20 sessions
ould produce lasting changes in brain connectivity patterns, suggesting
applications beyond BCI control.

Al-driven adaptive decoders represent another significant advance.
The ReFIT-LSTM decoder, introduced by Sussillo et al. (2016), main-
tained a 90% success rate in reaching tasks over a 200-day period
without manual recalibration. This system demonstrated the potential
for BCIs to adapt to both daily fluctuations and long-term changes in
neural signals while operating efficiently on standard hardware.

The concept of user-system co-adaptation has gained particular
importance. Perdikis et al. (2018) showed that when both the user and
the AI components adapt together, BCI control accuracy improved by
55%. Their co-adaptive system helped users develop skills that trans-
ferred to novel BCI control scenarios, suggesting a path toward more
intuitive and efficient interfaces.

Despite these advances, challenges remain in standardizing feedback
protocols and preventing maladaptive user strategies. These issues point
toward the broader challenges facing BCI-AI integration, which we will
explore in the next section.

10. Challenges and future directions in BCI-AI integration

As BCI and Al technologies advance, they present both exciting op-
portunities and significant challenges. Building upon the feedback
mechanisms discussed previously, several key obstacles must be
addressed to realize the full potential of these systems.

The quest for stable, high-quality neural signals remains a para-
mount challenge, particularly for invasive BCIs. Lebedev and Nicolelis
(2017) revealed that even state-of-the-art electrodes show significant
signal degradation over time due to the brain’s biological responses.
Their analysis identified key factors including micromotion of implanted
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Fig. 5. Feedback mechanism in BCI systems.

electrodes, glial scarring, and neuronal death near recording sites.
Future research must focus on developing materials and designs that
better mimic brain tissue properties to reduce these adverse reactions.

The complexity of neural decoding presents another significant
hurdle. Craik et al. (2019) found that while advanced AI techniques
often outperform traditional approaches in controlled settings, they
struggle with generalization to new tasks or users. Their analysis of over
100 studies revealed a critical trade-off: more complex models better
capture intricate neural patterns but show poorer performance when
applied to new situations or subjects. This challenge particularly affects
clinical applications, where understanding the basis of AI decisions be-
comes crucial for patient care.

User training remains a significant barrier to widespread BCI adop-
tion. Lotte et al. (2013) found that up to 30% of users struggle to a
proficiency even after extended training, a phenomenon known a:
illiteracy.” Their research identified several critical issues: un
feedback mechanisms, insufficient consideration of hygan learn

tasks, leading to disengagement and poor outcq
Looking toward the future, several progi

approaches combining different ty
and versatile systems, while cloge
toward more intuitive user
emerging technologies lik

applications.
The path forua
approach. Brug

need for standar® gn in BCI research and development has become
increasingly appare bdriguez et al. (2023) proposed a comprehen-
sive framework for standardizing clinical BCI applications, addressing
issues of reproducibility, performance metrics, and safety guidelines.
Their work highlights how standardized protocols could accelerate the
translation of BCI technology from laboratory to clinical settings while
ensuring consistent evaluation of system performance.

These technical and practical challenges lead naturally to important
ethical considerations, which we will explore in the next section. As BCI-
Al technologies become more sophisticated and widespread, careful
attention to their societal implications becomes increasingly crucial.

Feedback for Improvement

10

Misclassifications
False Positives/Negati

11. Ethical consideratio

The advancement

interpreting complex neural patterns, they blur the
ivate thoughts and accessible data. This capability

the unsettling concept of “brain hacking,” where unauthorized access to
neural data could potentially manipulate an individual’s thoughts or
ehaviors. Unlike traditional cybersecurity breaches, attacks on neural
interfaces could directly impact a person’s cognitive processes or sense
of self, presenting unprecedented security challenges. Recent de-
velopments in BCI technology have intensified privacy and security
concerns. Martinez-Martin et al. (2024) conducted a comprehensive
analysis of privacy challenges in next-generation BCIs, identifying novel
vulnerabilities unique to neural interfaces. Their work highlights how
advanced signal processing capabilities might enable unauthorized ac-
cess to increasingly detailed neural information, potentially revealing
not just actions but thought patterns and emotional states. This analysis
underscores the urgent need for specialized privacy frameworks and
security protocols specifically designed for neural data protection.

The influence of BCI technology on human autonomy raises complex
philosophical questions. Burwell et al. (2017) explore how BCIs might
subtly shape decision-making processes, particularly in systems
designed for cognitive enhancement. When neural interfaces can influ-
ence thought patterns, determining the authenticity of choices becomes
increasingly challenging. This concern grows more acute as BCIs inte-
grate more deeply with cognitive functions.

Questions of identity and personhood loom large in BCI develop-
ment. The integration of brain-computer interfaces for cognitive and
physical capabilities raises complex questions about where our biolog-
ical self ends and technological augmentation begins. As these tech-
nologies become more seamlessly integrated with human function, they
challenge our traditional understanding of personal identity and how
the self persists through time.

Social justice concerns also demand attention. Jebari and Hansson
(2013) highlight how BCI technology might exacerbate existing social
inequalities if access remains limited by economic factors. The potential
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for cognitive enhancement through BCIs raises particular concerns
about creating new forms of social disparity between enhanced and
unenhanced individuals.

The dual-use potential of BCI technology presents additional ethical
challenges. While primarily developed for medical and assistive pur-
poses, these technologies could find applications in military or surveil-
lance contexts. This possibility necessitates careful consideration of
development and deployment protocols to prevent misuse.

Informed consent poses unique challenges in BCI implementation.
Glannon and Ineichen (2016) explore the complexity of obtaining
meaningful consent for technologies that might fundamentally alter
cognitive processes. This challenge becomes particularly acute when
considering BCIs for individuals with cognitive impairments or locked-in
syndrome.

Addressing these ethical challenges requires robust governance
frameworks and proactive policymaking. Yuste et al. (2017) propose
focusing on four key priorities: privacy and consent, agency and iden-
tity, augmentation, and bias. These priorities provide a foundation for
developing comprehensive ethical guidelines for BCI-AI integration.

These ethical considerations inevitably influence the development
and implementation of different BCI approaches, which we will examine
in detail in the following comparative analysis.

12. Comparative analysis and emerging paradigms in BCI-AI
integration

The landscape of BCI-AI integration reveals fascinating contrasts
between different approaches, each offering unique advantages while
facing distinct challenges. The debate between invasive and non-
invasive methods exemplifies these trade-offs. While intracortical
microelectrode arrays provide unprecedented neural recording r
tion, they face significant long-term stability challenges. Conv
non-invasive methods like EEG, though offering lower resolution,
achieved remarkable progress through advanced signal processing

paramount.
Hybrid BClIs offer a pro:
signal types. Ramadan 3

ppnal demands.
ise to reshape BCI capabilities funda-
hcs, explored by Warden et al. (2014), offers un-
precedented preci$ g neural recording and stimulation. Quantum
computing, as propo%¥d by Behera et al. (2023), could dramatically
improve decoding speed and accuracy for high-dimensional neural data.
Nanotechnology advances suggest possibilities for ultra-miniature neu-
ral interfaces that could combine invasive-level resolution with minimal
tissue disruption (Jiang et al., 2020).

Artificial neuroplasticity represents another frontier, with Ruffini
et al. (2018) proposing BCI systems that actively shape neural reorga-
nization through reinforcement learning. Brain-to-brain interfaces push
boundaries further, with Rao et al. (2014) demonstrating direct brain-to-
brain communication possibilities. Meanwhile, federated learning ad-
dresses growing privacy concerns, as Li et al. (2022) show how this
approach enables large-scale analysis while preserving individual
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privacy.

These diverse approaches suggest a future where BCI-AI integration
becomes increasingly sophisticated and adaptable to individual needs,
bridging current technological gaps while opening new possibilities for
human-computer interaction.

12.1. Emerging hardware technologies in BCI systems

Recent advances in specialized hardware architectures are trans-
forming BCI system capabilities. Neuromorphic computing systems,
which mimic biological neural networks in hardware, show particular
promise for real-time BCI processing. Maliuk and Makris (2023)
demonstrated a neuromorphic implementati essing EEG signals
with 90% lower power consumption comg al processors,
while achieving comparable accuracy 4 il spike-based

overhead typically required.
Field Programmable Ga

itecture achieved a 5x
implementations, while
akthrough enables real-time
y processing delays.

reduction in pro

jonal neural data. Their simulations suggest quan-
reduce the computational complexity of adapting
CIs, though practical implementations remain

-signal processing architectures are emerging to bridge
ural signals and digital processing. Li et al. (2024) developed a
alog—digital system that performs initial signal processing in
e analog domain, reducing power consumption by 75% compared to
purely digital approaches. Their architecture demonstrated particular
dvantages for wireless BCIs where power efficiency is crucial.

The integration of processing capabilities directly into neural in-
terfaces represents another frontier. Cho et al. (2024) created a fully
bioresorbable neural implant combining recording, stimulation, and
local signal processing. Their system demonstrated the potential for
distributed processing architectures that reduce bandwidth re-
quirements for data transmission.

These hardware innovations suggest several promising directions for
future BCI systems:

— Neuromorphic architectures optimized for neural signal processing.
— FPGA implementations enabling ultra-low-latency control.

— Quantum approaches for complex decoder optimization

— Mixed-signal architectures for power-efficient processing.

— Integrated sensing and computing systems.

However, significant challenges remain in scaling these technologies
for clinical applications, including:

— Reliability and long-term stability verification

— Cost-effective manufacturing processes.

— Integration with existing BCI software ecosystems.
— Regulatory approval for novel architectures.

— Power management for implantable systems.

As these emerging hardware technologies mature, they promise to

address current limitations in BCI processing speed, power consumption,
and scalability.

11
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12.2. Non-medical applications and future implementation scenarios

While medical applications have driven initial BCI development,
emerging non-medical domains demonstrate compelling potential for
widespread adoption. The integration of BCIs with augmented and vir-
tual reality represents a particularly promising direction. Park et al.
(2022) demonstrated an EEG-based AR navigation system achieving
85% accuracy in intention detection, enabling direct neural control of
virtual objects. Their work suggests BCIs could transform how humans
interact with immersive environments, from professional training to
entertainment applications.

Professional environments present another frontier for BCI imple-
mentation. Krol et al. (2020) developed a groundbreaking system for
monitoring cognitive workload in air traffic controllers. Their passive
BCI approach enabled dynamic task allocation based on neural signals,
reducing operator error rates by 35% while improving overall workplace
efficiency. This success suggests broader applications in high-stakes
professional environments where cognitive state monitoring could
enhance safety and performance.

The transformation of human-computer interaction through neural
interfaces shows particular promise. Bowsher et al. (2021) demonstrated
a 40% improvement in task completion speed for computer-aided design
applications using direct neural control. Their system utilized adaptive
algorithms to learn individual user patterns, suggesting a future where
BCIs could revolutionize creative and technical work by providing more
intuitive ways to translate mental concepts into digital reality.

Gaming and entertainment applications may drive consumer adop-
tion of BCI technology. Cohen and Halgren (2009) explored how neural
interfaces could create more immersive gaming experiences, while
recent work by White et al. (2010) demonstrated successful integration
of BCIs with existing gaming platforms. These developments sug
future where neural control becomes a standard feature in ent
ment systems.

The successful implementation of these non-medical applicati
depends on several key factors: robust technical infrast

density electrode arrays now achieve
o 5mm with stable recordings extending beyond
15 months, addre§ ritical issues of signal quality and longevity.
Deep learning decod®rs show a 40% improvement in information
transfer rates compared to traditional methods, while adaptive algo-
rithms maintain success rates above 90% in motor control tasks over
extended periods without recalibration. Perhaps most impressively,
novel closed-loop optimization frameworks have reduced user training
time by 55% while simultaneously improving accuracy.

Yet these technical achievements tell only part of the story. The true
promise of BCI-AI integration lies in its potential to transform lives.
From restoring communication abilities in locked-in patients to enabling
natural control of prosthetic limbs, these technologies offer hope for
individuals with severe motor impairments. The development of more
intuitive interfaces and adaptive learning systems suggests a future

spatial resolutid
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where BCIs become increasingly practical for everyday use.

The field faces important challenges moving forward. Long-term
signal stability, real-world applicability, and cross-user generalization
remain active areas for improvement. Ethical considerations, particu-
larly regarding mental privacy and data security, demand careful
attention as these technologies become more sophisticated and wide-
spread. The need for standardized evaluation protocols and robust
governance frameworks grows more pressing as BCI applications expand
beyond medical contexts.

The future of BCI-AI integration appears remarkably promising.
Emerging technologies like quantum computing, optogenetics, and
nanotechnology offer new possibilities for enhancing neural interfaces.
The development of brain-to-brain communig ems and artificial

implications can
greater good whj

nity’s growing ability to bridge
machine. As we continue to push the
e move closer to a future where direct
ers becomes not just possible, but natural
man enhancement and rehabilitation alike.
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