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Abstract

This review outlines the technological principles of neural-computer interface (NCI) construc-
tion, classifying them according to: (1) the degree of intervention (invasive, semi-invasive,
and non-invasive); (2) the direction of signal communication, including BCI (brain—-computer
interface) for converting neural activity into commands for external devices, CBI (computer—
brain interface) for translating artificial signals into stimuli for the CNS, and BBI (brain-brain
interface) for direct brain-to-brain interaction systems that account for agency; and (3) the
mode of user interaction with technology (active, reactive, passive). For each NCI type,
we detail the fundamental data processing principles, covering signal registration, digitiza-
tion, preprocessing, classification, encoding, command execution, and stimulation, alongside
engineering implementations ranging from EEG/MEG to intracortical implants and from
transcranial magnetic stimulation (TMS) to intracortical microstimulation (ICMS). We also
review mathematical modeling methods for NCls, focusing on optimizing the extraction of
informative features from neural signals—decoding for BCI and encoding for CBI—followed
by a discussion of quasi-real-time operation and the use of DSP and neuromorphic chips.
Quantitative metrics and rehabilitation measures for evaluating NCI system effectiveness
are considered. Finally, we highlight promising future research directions, such as the devel-
opment of electrochemical interfaces, biomimetic hierarchical systems, and energy-efficient
technologies capable of expanding brain functionality.

Keywords: neural-computer interfaces; brain—-computer interfaces; computer—brain interfaces;
brain-brain interfaces; agency; modeling; performance metrics; perspectives

1. Introduction

Today, as artificial intelligence approaches the limits of human capabilities and
medicine struggles with incurable neurological diseases, NCls occupy a special place
among interdisciplinary research fields. They offer to restore mobility to the paralyzed,
repair vision, hearing, tactile sensation, proprioception, and even memory, and in the long
term, to transform the very nature of the human mind by expanding the boundaries of
perception, thinking, and interaction with reality.

Appl. Sci. 2025, 15, 8900

https:/ /doi.org/10.3390/app15168900


https://doi.org/10.3390/app15168900
https://doi.org/10.3390/app15168900
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0001-7247-8263
https://doi.org/10.3390/app15168900
https://www.mdpi.com/article/10.3390/app15168900?type=check_update&version=1

Appl. Sci. 2025, 15, 8900

2 of 46

NClIs establish bidirectional communication between biological neural systems and
digital devices, combining three key directions: brain-to-computer command transmission
(BCI), computer-to-brain stimulation (CBI), and brain-to-brain interaction (BBI). Current
developments in this area utilize a suite of physicochemical methods, from electrical and
magnetic to optical and pharmacological approaches, while facing a number of fundamental
challenges. The main difficulties are the need to accurately interpret complex neural patterns,
ensure long-term biocompatibility of implantable systems, and preserve naturalness in the
interaction between digital technologies and neurobiological dynamics, which requires careful
consideration of both technical parameters and ethical aspects of such developments.

The relevance of NCls cannot be overestimated. Just imagine: already today, paralyzed
patients can type with their minds and blind people can distinguish the contours of objects with
the help of visual implants. However, behind these breakthroughs lie unsolved problems. Why do
the same algorithms work with different accuracy in different individuals? How can we strike a
balance between invasive and non-invasive methods to maintain both precision and safety? And
most importantly, how do we create interfaces that do not just execute commands, but become an
extension of the nervous system, adapting to the user rather than the other way around?

Our review does not answer all these questions. It is an invitation to dialogue. We
will consider the main types and principles of NCI construction, focusing on individual
functional components, specific examples of implementations with detailed engineering
aspects, algorithms and modeling approaches, criteria for evaluating NCI efficiency, and
outline near and distant perspectives for the development of this field. We appeal to those
who are ready to think boldly: psychophysiologists, neurobiologists with an engineering
background, looking for inspiration in experimentation; doctors, passionate about creating
new methods of rehabilitation; and futurologists, designing the future of human-machine
symbiosis. After all, NCIs are not only the technology of tomorrow, but also a mirror into
which we can look to try to see what humans might become in the age of brain-silicon fusion.

1.1. Justification for the Neural-Computer Interface Category

Currently, the term “neural-computer interfaces” (NClIs) is being replaced by “brain—
computer interfaces” (BCls), which are commonly used to define systems that focus exclusively
on the brain and convert its activity into useful output signals for interacting with the external
environment or correcting body functions. They are also considered capable of modulating
brain activity through targeted stimulation, generating useful input signals for the nervous
system (https:/ /bcisociety.org/bci-definition/, accessed on 6 August 2025). In our opinion,
this approach is unjustifiably narrow, in particular excluding brain—spine interfaces (BSIs)
that contain all the attributes that fall under the definition of a BCI: measurement of brain
activity, presence of computerized quasi-real-time processing, functionally useful outputs
to reconstruct natural brain outputs [1-4], in addition, utilizes targeted stimulus delivery to
the CNS to create functionally useful inputs [5]. In our opinion, the introduction of a more
general category of “neural-computer interfaces” (NCI) allows the solving of the problem,
including both existing BCIs and BSIs as a special case of technologies, which include methods
of recording and stimulating both the brain and spinal cord to restore lost neurological
functions. This classification may prove useful in the future in the construction of full-fledged
bidirectional neural-computer interfaces aimed also at human empowerment. One should
not confuse NCIs with neurocomputing, which refers to the technology of neuromorphic data
processing inspired by biological processes in neural networks [6].

1.2. Main Types and Design Principles of Neural-Computer Interfaces (NCls)

Some authors consider brain-machine interfaces (BMI), focusing on artificial device
control [7-9]. However, we argue that the established term BCI [10] is preferable for
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describing information transmission from the brain, as it implies processing neural signals
(e.g., correlates of user intent) that may be converted into commands not only for actuators
but also for computer programs in downstream signal chains, irrespective of physical
implementation.

For systems involving computer-mediated conversion of sensor/program signals into
neural stimuli, the separate term CBI (computer-brain interface) is useful, denoting centripetal
signal flow toward the CNS. The most critical application of this type is restoring lost sensory
functions. Finally, we must consider BCBI—systems combining both aforementioned interface
types to create bidirectional interaction between neural structures of one or multiple users via
computational processing, analogous to “brain-machine-brain interfaces” (BMBI) [11]. Thus,
NClIs may be unidirectional (BCI or CBI) or bidirectional (BCBI/BMBI). For brain-to-brain
communication involving information extraction, processing, and transfer, the more compact
term “brain-brain interfaces” (BBI) is sometimes used [12,13].

Agency in BBIs. Analysis of BBI systems cannot proceed without considering the factor
of agency—the ability of organisms to distinguish between self-generated and external
signals when initiating behavior [14]. BBI can connect different parts of the nervous system
while remaining within intra-agent interaction. This may include a cognitive hippocampal
neuroprosthesis for restoring memory function or a brain—spine interface (BSI)—a system
that converts signals from the cerebral cortex into spinal cord stimuli to restore motor and
visceral functions, while providing sensory feedback by bypassing damage that disrupts
natural signal transmission at the spinal cord level [1]. These NClIs serve as a “bridge”
between neural structures within a single organism.

The structural-functional organization of BBI between organisms with nervous sys-
tems possessing agency allows classifying such NCI types as inter-agent. Creating a
full-fledged inter-agent BBI requires two sets of BCI and CBI for each participant. When
cross-connected—where the BCI output of one agent is linked to the CBI input of the
second, and the BCI output of the second is fed to the CBI input of the first—a bidirectional
brain-to-brain information transfer system is formed, enabling exchange of neural corre-
lates of states, intentions and sensations through a computational processor (see Figure 1).
Theoretically, interaction could occur between multiple agents, forming a Brainet [15].

Neural-computer interfaces (NClIs) can be classified by the degree of physical interven-
tion into three main categories. Non-invasive NClIs detect or modulate biological signals
without breaking the skin, as in the case of EEG or tDCS. Semi-invasive NClIs involve
surgical access to neural structures without direct penetration of neural tissue, such as
epidural or subdural spinal cord stimulation, ECoG, and stentrode. Invasive NCls require
implantation of electrodes into neural tissue or rely on cellular-level interventions, such as
optogenetic modification of neuronal populations.

Currently, the most developed are unidirectional command NCls. Based on the nature
of interaction between users and actuators, some authors [16] distinguish three categories.
Active BClIs: generate output signals based on brain activity that the user consciously
controls, independent of external events, to operate an application. An example of this
BCI type is direct command interfaces based on motor imagery (MI-BCI). Reactive BCls:
use brain activity that arises in response to external stimuli. The user indirectly modulates
this activity to control the application. Typical neural-computer interfaces of this type are
P300 Speller and SSVEP (Steady-State Visual Evoked Potential) BCI. Passive BClIs: rely on
brain activity not directly related to volitional intent [17]. They are designed to enhance the
adaptability and safety of human-machine systems by monitoring hidden cognitive states
such as mental workload and engagement, without interfering with the user’s primary
task. These systems enable adaptive automation by adjusting task complexity based on
the user’s condition, which helps reduce errors and improve interaction efficiency [18,19].
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Some authors [20] propose dividing BCls into those dependent on auxiliary muscle activity,
such as eye-brain—computer interfaces (EBCIs) that use residual muscle activity, and those
independent of it, which operate based on decoding brain activity alone. An NCI system
includes a sequence of signal processing stages that can be visualized as functional blocks
shown in Figure 1.

Signal
Collection

LA Sensory
Classification Feedback

N

Figure 1. Functional architecture of BCI, CBI, BBI.

For proper NCI operation, iterative preliminary configuration must be performed at
all signal processing pipeline steps: filtering, artifact removal, feature extraction, decoder-
classifier for BCI, or encoder for CBI. This requires the processing framework to sup-
port deferred analysis mode. Some frameworks—BCI2000 [21], OpenViBE, NeuroPype,
BCILAB [22]—implement real-time emulation mode, enabling system testing with new, pre-
recorded data. The signal processing pipeline’s speed depends on computation complexity,
optimization level, and the presence of hardware accelerators. Algorithm development
focuses on finding the optimal balance between accuracy, processing speed, and hardware
implementation ergonomics. In real-world conditions, neural-computer interfaces oper-
ate in quasi-real-time mode, striving to provide sufficient response speed within given
computational constraints. The formation of agency—the sense of control and action
authorship—also depends on processing accuracy, speed, and feedback presence [23].

2. Basic Principles of Signal Conversion and Processing for NClIs
2.1. Signal Processing Pipeline in BCIs
(a) Signal conversion

Obtaining information about activity in the target CNS area requires converting various
manifestations of its biological activity into proportional electrical signals suitable for analog-to-
digital conversion and subsequent digital processing. At the first stage, this can be achieved either
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through direct recording of biopotentials using surface, subcutaneous, epidural, subdural and
penetrating electrodes (electroencephalography—EEG, epidural electrocorticography—eECoG,
subdural electrocorticography—sECoG, endovascular stentrode, intracortical arrays), or through
conversion of magnetic field energy (magnetoencephalography—MEG), optical radiation (func-
tional near-infrared spectroscopy—fNIRS), acoustic waves (functional ultrasound—fUS), etc. Each
of these converters can be quite non-trivial, and a significant part of the subsequent processing
chain depends on the quality of its design and implementation.

(b) Signal transmission

Signal digitization and transmission from the recording site to the processing site is
performed either by wired or wireless means. Since analog signal transmission is associated
with problems of noise and attenuation, and processing occurs in digital form, it undergoes
analog-to-digital conversion (ADC). High-speed precision sigma-delta ADCs with 24-bit
resolution, such as TI ADS1299, have become widespread. Some chips incorporate function-
ality for amplification, digitization, and signal transmission via differential SPI protocol, for
example Intan RHD 2000 series.

In modern NCls, efficient wireless transmission of neural signals requires data com-
pression/decompression methods that can reduce the amount of transmitted information
without losing data critical for decoding brain activity. A recent study proposed a neural
sensor architecture using Address-Event Representation (AER) that provides high data
compression while preserving key information about neural spikes. Experiments showed
this method achieves compression ratios from 50 to 100, 5-18 times better than previous
developments, while maintaining approximately 0.9 correlation between original and
reconstructed signals and spike detection accuracy over 90% [24].

(c) Data preprocessing

All necessary signal preprocessing on the end device is performed in real time under
the control of “low-level” software and specialized chips. Basic preprocessing typically
includes artifact removal (e.g., from muscle EMG activity), low /high pass filters (LPF/HPF)
or bandpass filtering, power line noise rejection, baseline correction, and spatial filter-
ing. Digital filtering is usually implemented using finite/infinite impulse response filters
(FIR/IIR), Kalman filter, or similar linear converters [25]. Spatial filtering in its simplest
form is performed using the Laplacian operator [26].

Hardware solutions in the form of digital signal processors (DSP), such as 16-channel
TMS320C5517, can perform (de)multiplexing, fast Fourier transform (FFT), power spectral
density calculation, principal component analysis (PCA), linear discriminant analysis
(LDA), Bayes rule, and finite state machine operations [27]. A more modern solution based
on a programmable system-on-chip (PSoC) with 22 mm? area contains a 68-channel neural
signal processing system including spike detectors, action potential and local field potential
codecs, as well as an energy-efficient processor with hardware accelerators for feature
extraction and data compression [28].

When prior information is available about the types of control commands that can be
specified, segmentation of neurophysiological data is performed by marking event start and
end points, such as mental movement imagery or rest phases. This creates training datasets
that, in the simplest case, consist of a class of signals related to intentional commands and a
class of all other activities that the classifier should not respond to.

(d) Data extraction

Feature extraction methods can be divided into several families, including statistical
characteristics extraction, spatial pattern analysis, and spectral/time-frequency signal
analysis. In one EEG-based BCI system, a combination of PCA and FFT was used for
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feature extraction [29]. Another study used two features of neural activity detected within a
specific interval: the number of action potentials exceeding a certain threshold and average
high-frequency spectral power [25]; a linear transformation was applied to map the selected
features to motor commands.

(e) Classification

Decoding neural activity is a key aspect of BCI operation as it affects command
recognition accuracy and system speed, which are critical for real-time performance. Signal
classes are typically predefined according to BCI tasks. Classification and regression
methods (predicting signal values) can be divided into supervised learning, where the
model trains on labeled data with class labels for each example, and unsupervised learning,
where the model discovers hidden patterns and learns from unlabeled data. In the first step,
the algorithm adjusts internal parameters based on training set examples. After training,
the classifier processes new data and outputs class membership values.

Simple classifiers like LDA and support vector machines (SVM) are often used in NCI
systems. For example, one EEG-based BCI system used an SVM with radial basis function
to control a 2-degree-of-freedom robot with 85.45% accuracy [29]. LDA variations were
used in asynchronous SSVEP-BCI for peripheral device control [30], and in MI-BCI for
decoding imagined kinesthetic syllable pairs [31]. The Bagged Trees Classifier ensemble
algorithm showed best performance for decoding upper limb MI from ECoG sensors over
hand representation sensorimotor areas [32,33].

Artificial neural networks are more flexible data processing tools and are widely used
as BCI classifiers since they can approximate nonlinear class boundaries. For example, a
multilayer perceptron was used in a simple BCI system recognizing commands based on
EEG alpha rhythm changes during eye opening/closing. Neural network models trained
in TensorFlow using the Keras API achieved 92.1% accuracy in controlling a small tracked
robot [34]. A pretrained recurrent neural network (RNN) decoder was applied in an
intracortical speech BCI [35]. Deep learning (DL) model-based systems have also been used
for EEG MI-BCI [36], including four-legged robot control in chronic experiments [37].

(f) Command execution

This stage involves converting classifier-decoded data into application commands for
device control (robots, exoskeletons, prostheses, orthoses, wheelchairs, etc.) or software.

(g) Feedback

This aspect involves incorporating visual, tactile, and auditory signals to improve
user-BCl interaction accuracy through neuroplasticity and sense of agency—authorship of
events. For this aspect, application response speed is most important, while feedback type
(additional auditory notifications, color schemes, spatial organization) is less critical.

2.2. Basic Principles of Data Processing for CBIs

The signal processing chain begins with modules functionally similar to BCI sys-
tems, responsible for data collection and preprocessing. Initially, signals must be cleaned
from noise, amplified, and converted to digital form. The preprocessing is simplified
because CBI typically receives standardized signals from sensors (artificial afferent sen-
sors), but may also receive data from BCI output applications (see Figure 1). How-
ever, CBI systems have specific signal processing characteristics. While BCIs rely on
machine-learning methods such as LDA, SVM, CNN, etc., for classification and decod-
ing of brain signals, CBIs use encoders (algorithms that convert external data into stim-
ulation patterns) and biophysical models of neural networks for precise modulation.
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(a) Data transformation and encoding modules

Visual. To transmit external data to the brain, the system must first extract relevant
signal characteristics, which will then be encoded into stimulation patterns. This step
varies depending on the type of sensory information being processed. Visual signals from
photosensitive sensors involve extracting contours, objects, motion, encoding intensity,
shape, depth as frequency, amplitude, or spatial patterns; converting data into stimuli for
retinal neurons or the visual cortex. Photosensitive elements of implantable subretinal
chips generate light intensity maps of a certain resolution and transmit them through elec-
trodes to retinal bipolar cells; light intensity is converted to current strength via sigmoidal
dependence [38].

Tactile. Increasing amplitude or frequency of electrical stimuli enhances perceived
tactile signal intensity, allowing linear encoding; subtle features of evoked sensations
depend on the type of mechanoreceptor fibers being innervated and complex neural
connections, hence the natural tendency toward biomimetic strategies and creation of, for
example, desynchronized stimulation patterns [39].

Auditory. Audio signals are processed by time-frequency analysis algorithms (e.g.,
Cochlear Filter Banks and Temporal Envelope Coding). Modern cochlear implants typically
use a Continuous Interleaved Sampling (CIS) encoding strategy, transmitting envelope
information to electrodes via unsynchronized alternating biphasic pulses [40].

Spatial. Spatial orientation signals involve integrating data from accelerometers,
gyroscopes, encoding information, and stimulating the vestibular system (e.g., transmitting
signals to the brain from semicircular canals to restore balance sense in vestibulopathy) [41].

(b) Stimulation module

The stimulation module is the executive component that converts encoded data from
sensors or BCI systems into neural activity using artificial means. Key parameters for
stimulation include: stimulation type (electrical, magnetic, ultrasonic, optical, chemical, or
multimodal); location (visual, auditory, somatosensory cortex, hippocampus, or other deep
brain structures, afferent/efferent pathways); frequency and amplitude characteristics;
spatiotemporal dynamics (patterned stimulus sequences for precise neural encoding).

Neural tissue stimulation employs diverse techniques depending on the target ap-
plications. Electromagnetic methods include transcutaneous electrical nerve stimulation
(TENS) [42], peripheral nerve stimulation (PNS) [39], spinal cord stimulation (SCS), in-
cluding transcutaneous spinal cord stimulation (tSCS) [43,44]; transcranial direct and
alternating current stimulation (tDCS and tACS, respectively) [45], transcranial random
noise stimulation (tRNS) [46], noisy galvanic vestibular stimulation (nGVS) [47], trans-
spinal magnetic stimulation (ts-MS) [2] and transcranial magnetic stimulation (TMS) for
non-invasive impact [48]. Deep brain stimulation (DBS) and intracortical microstimulation
(ICMS/ISMS) [49,50] are invasive methods. The non-invasive temporal interference stimu-
lation (T1IS) method has shown promising potential, and along with focused ultrasound
stimulation (FUS) is gaining popularity as a research tool [51-53]. While successful in
optogenetic partial vision restoration [54], this technology remains in active research stages.

2.3. Data Processing Specifics for BBIs

While CBIs should be based on biologically realistic algorithms for transforming
external signals into neural stimulation patterns, considering neuroplasticity, BBIs must
additionally account for natural dynamics and neural “communication language” of inter-
acting structures. For implementing a “digital bridge”, e.g., between brain and spinal cord
or within the brain (hippocampal neuroprosthesis), it is necessary to convert recorded spa-
tiotemporal neural activity patterns of neural activity from one neural structure into “terms”
of another brain structure via stimulation. Studies show such conversion can be performed
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in real time using a “Multiple Input Multiple Output” (MIMO) model [55], representing
a set of multiple-input single-output (MISO) models. Each model follows a generalized
Laguerre-Volterra model form, which can be viewed as a combination of the Volterra model
and probit-generalized linear model. Laguerre basis functions and regularized estimation
were used to optimize model complexity and avoid overfitting [56]. A more advanced
memory decoding model (MDM) correlated predictions of hippocampal CA1 region neural
activation based on MIMO with trial image categories, creating sparse static stimulation
templates for each category per patient [57]. Piecewise polynomial functions—B-splines—
were used to extract memory features from spatiotemporal spike patterns [56]. Essentially,
the hippocampal neural activity transformation module comprises scripts running on a
general-purpose processor to emulate hippocampal neural networks.

3. Brain—Computer Interfaces (BCIs) by Degree of Invasiveness with Examples

This section examines BCls categorized by their level of physical intervention—non-
invasive, semi-invasive, and invasive—detailing their underlying principles and presenting
specific implementations.

3.1. Non-Invasive BCIs
(a) BCIs based on electroencephalography (EEG) and magnetoencephalography (MEG)

EEG and MEG-based BCls utilize various evoked and induced brain potentials/fields
that can be associated with commands, as well as oscillatory electrical /magnetic activity.
BClIs decoding oscillatory brain activity analyze power changes in specific frequency bands
(alpha, beta, theta, gamma) linked to different cognitive or motor processes. For example,
the first EEG-based BCI using alpha rhythm suppression during eye opening was employed
to start/stop operations [58]. Depending on the brain phenomena used for control, non-
invasive BCls are categorized into several types, some of which we will examine.

(b) Motor Imagery (MI) BCI

This approach analyzes neural activity patterns associated with MI without requiring
actual movement execution. It is actively researched for post-stroke rehabilitation and
prosthesis control. Such BCIs track sensorimotor rhythm (SMR) during movement attempts
or mental imagery. During these events, synchronous activity in sensorimotor cortex
neurons decreases, reducing SMR amplitude—an oscillatory process (12-15 Hz) generated
during rest that attenuates during movement, even imagined [59]. This involves multiple
neurons firing at different phases, called event-related desynchronization (ERD). Movement
initiation triggers the reverse process—event-related synchronization (ERS) [60]. These
EEG rhythm changes detect user intent and generate control commands [60].

Numerous experimental EEG-BClIs use this approach: left/right hand MI discrimi-
nation [61], Berlin Brain-Computer Interface project [62,63], lower-limb exoskeleton con-
trol [64], three-class MI classification using traditional methods [65], imagined kinesthetic
syllable decoding [31], deep learning models [36], including quadruped robot control in
chronic experiments [37]. Studies explore MI-BCI rehabilitation programs for upper limb
function recovery and cortical activation in stroke patients [66,67]. Combined BCI and MI
decoding therapy shows promise for multiple sclerosis patients [68].

(c) P300 Speller

The operating principle is based on the occurrence of the P300 evoked brain potential in
response to a rare, significant stimulus that needs to be distinguished among more frequent,
insignificant ones [69]. For example, a character matrix is displayed on the screen, and characters,
rows, or areas covering the entire matrix flash randomly. When the desired character or area
flashes, a P300 signal appears in the brain recordings approximately 300 ms later. Repeated
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detections of this signal allow the corresponding character to be selected, which is then added to
the resulting string on the screen. The process continues until the desired word is formed. Un-
fortunately, the operational speed of such a BCl is relatively low, ranging from 5 to 10 characters
per minute. A review of similar systems is presented in [20,70].

(d) BClIs Based on SSVEP(F)s (Steady-State Visual Evoked Potentials (Fields))

SSVEPs are steady-state visually evoked brain potentials recorded using EEG. The
underlying principle of such BCls is based on the well-known and highly reproducible
phenomenon of enhanced oscillatory brain activity in the visual cortex (V1) in response to
periodic visual stimulation, with the frequency of stimulation being captured [71,72]. A
similar phenomenon is observed during MEG recordings. In this case, instead of potentials,
brain fields are discussed [73]. Most BCI systems based on SSVEP(F)s use predefined fre-
quencies for different commands. More complex systems take into account the functioning
of attention and voluntary control systems [74].

Modern BCIs based on this experimental paradigm aim to improve system performance.
The Multiple Frequencies Sequential Coding protocol allows increasing the number of encoded
targets with a limited number of available frequencies [75]. A hybrid BCI combining two
neurophysiological phenomena, ERD and SSVEP, is presented in [76]. In another study,
two types of visual stimuli were compared as sources of visual stimulation: frequency-
modulated (FM) and traditional sinusoidal (SIN) stimuli. The results showed that the average
classification accuracy for SIN stimuli was 95.3%, while for FM stimuli it was 91.7%. Thus,
the use of FM stimuli led to a slight decrease in classification accuracy by 3.6 percentage
points compared to SIN stimuli. However, subjective user comfort was significantly higher
when using FM stimuli [77]. In [78], a BCI system based on SSVEP is presented, allowing
control of a robotic arm with 7 degrees of freedom with an accuracy of 92.78% and a command
transmission speed of 15 commands per minute. As a classifier, a canonical correlation analysis
filter bank method was used, which does not require prior calibration.

In the asynchronous version of SSVEP-BCI, the EEG signal is analyzed continuously,
and the system must detect moments when the user begins focusing on a stimulus associ-
ated with a specific stimulation frequency. This provides greater flexibility in control, but
at the cost of an increased number of false alarms. To minimize these, additional checks
for signal temporal stability, integration of BCI with other modalities, and post-processing
through filters and probabilistic models are used. Such a system, described in [30], enabled
joint control of a wearable manipulator and a robotic arm. The average recognition accuracy
of user intentions was 93.0%.

(e) Passive and Hybrid BCls

Passive and hybrid brain-computer interfaces (BCls) expand the boundaries of tradi-
tional human-machine interaction by taking into account not only the user’s intentional
commands but also their cognitive and emotional states. These systems are especially
relevant under high workload conditions, where adapting the interface to the operator’s
state without additional distraction is critical.

A passive EEG-based BCI system was proposed to enhance interpersonal coordination
during joint classification of bistable visual stimuli (Necker cube) with varying degrees of
ambiguity. Although the system did not involve direct brain stimulation (and therefore
cannot be considered a full BBI), it enabled participants to adapt to each other. Modulating
task complexity at a frequency close to the “natural” rhythm of cognitive resource recovery
helped maintain high brain performance over extended periods [79].

In [80], a dual BCI concept was introduced and experimentally demonstrated for the
first time, integrating both reactive (rBCI) and passive (pBCI) modules into a single EEG-
based system. The reactive BCI enabled pilots to perform control actions (e.g., switching
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checklists) via a VEP interface with high accuracy (~98-100%). The passive BCI monitored
missed radar warnings (i.e., lapses in attention) and, in cases of inattentiveness, triggered
an automatic collision-avoidance response. The system achieved an F;-score of 0.94. This
approach opens up new opportunities for developing neuroadaptive human-machine
interfaces, particularly in cognitively demanding scenarios such as piloting, air traffic
control, and real-time operation of complex systems.

(f) MEG as a Method of Non-Invasive Brain Activity Recording for BCI

The MEG method has several advantages that make it promising for use in BCI:
millisecond temporal resolution, high spatial resolution due to multichannel systems, and
less distortion of magnetic fields when passing through biological tissues, as well as a
wide bandwidth. For example, the 306-sensor Elekta Neuromag MEG based on SQUID
sensors (Superconducting Quantum Interference Device) provides a resolution of 2-5 mm
depending on the depth of the source. The potential of MEG for BCI has been demonstrated
in several studies: [81-83].

In recent years, compact sensors using optical pumping (OPM) have been actively
developed to prepare spin states (usually of alkali metals such as rubidium or cesium) and
measure changes in their magnetic state using laser light. In the experiment [84], three
participants used OPM to control a BCI system enabling “mental writing” of words. The
system analyzed data in real time and determined the selected letter based on the frequency
characteristics of SSVEPs. The average recognition accuracy was 97.7%, demonstrating the
high efficiency of the approach. In [85], the potential of OPM technology as an alternative
to traditional SQUID sensors was investigated. It was shown [86] that a limited number
of OPM sensors is sufficient for recording sensorimotor rhythms, reducing the cost and
complexity of the system. In [73], a nine-command BCI based on high-frequency stimulation
of steady-state visual evoked fields (SSVEFs) in the range of 58-62 Hz with a step of 0.5 Hz
is presented. An advanced component analysis algorithm tailored for ensemble data
processing tasks was applied for precise SSVEF identification and system performance
evaluation. This study was the first in its field to demonstrate the capabilities of a high-
frequency SSVEF-BCI implemented using OPM-MEG. The developed technique achieved
a theoretical average information transfer rate (ITR) of 58.36 bits/min with a data analysis
length of 0.7 s, while the maximum individual ITR value reached 63.75 bits/min.

(g) BCI Based on Near-Infrared Spectroscopy (NIRS)

NIRS is based on measuring changes in the concentration of oxyhemoglobin and
deoxyhemoglobin in the cerebral cortex. These changes correlate with the activation of
various brain regions and reflect neural activity through changes in blood flow. According
to [87], a BCI based on NIRS demonstrated higher control accuracy compared to an EEG-
based interface during post-stroke rehabilitation. The average control accuracy using NIRS
was 46.4%, while for EEG it was 40.0%. Additionally, patients undergoing rehabilitation
with NIRS showed significant improvement in motor functions, as demonstrated by higher
scores in the Action Research Arm Test (ARAT). A recent review of non-invasive BClIs is
presented in [88].

(h) Eye-Brain—-Computer Interfaces (EBCls)

These interfaces use eye movement signals and neural signals to control external
devices. Such systems are particularly useful for users capable of controlling eye move-
ments but limited in using other BCI methods. EBCIs combine eye tracking and EEG,
creating a hybrid non-invasive BCI for contactless interaction. This integration improves
control accuracy and reduces the risk of errors caused by unintentional eye movements.
EBClIs effectively address the “Midas touch” problem arising from the system’s reaction to
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unconscious eye movements. Using accompanying brain signals, such as the event-related
potentials of user interface response anticipation, EBCIs enhance the differentiation be-
tween intentional and scanning eye movements, improving the accuracy and speed of the
interface. This approach makes EBCIs intuitive and user-friendly in complex scenarios [89].

3.2. Semi-Invasive BClIs
(a) Epidural Electrocorticography (eECoG)

The wireless 64-channel epidural ECoG implant WIMAGINE [90] is one of the most
advanced interfaces for clinical BCIs. It features an adjustable gain and sampling rate, with
a noise level <1 uV in the range of 0.5-300 Hz. Data transmission occurs via a wireless
channel in the 402-405 MHz band, while power is supplied through an inductive link
at 13.56 MHz, consuming 100 mW. Digitized signals are transmitted to a base station
connected to a PC for application control. The implant is enclosed in a hermetic casing
with an optimized antenna system, facilitating surgical manipulation and implying the use
of an auxiliary headset. In [91], data on its biocompatibility and chronic use (6 months)
were obtained using a primate model. A preclinical study was conducted on two sheep,
in which the device was implanted for 10 months [92]. In [3], the restoration of voluntary
control over lower-limb movements after spinal cord injury (S5CI) was demonstrated in
a human subject. In this study, an epidural 16-channel stimulator was used to establish
communication between brain and spinal cord signals.

The integration of a passive BCI based on the WIMAGINE implant with depth sensors
for space assessment was also investigated to create assistive robotic devices (wheelchairs
or robotic manipulators) designed for long-term home use by individuals with motor im-
pairments [93]. The system helped a quadriplegic patient avoid unintended actions, such
as wheelchair collisions with surrounding objects or accidental opening of the robot’s grip,
which could lead to dropping items. Results showed that the proposed solutions improved
performance in both tasks, reducing execution time and minimizing the number of required
mental commands. Neural signal acquisition (local field potentials—LFP) was performed
with the following characteristics: bandpass filtering at 0.5-300 Hz and 12-bit digitization. The
total system latency was 400 ms for the wheelchair and 200 ms for the robot.

A semi-invasive BCI named NEO (Neural Electronics Opportunity), equipped with 8
chronic eECoG electrodes placed over the primary sensorimotor cortex and a wearable hand
exoskeleton, assisted a patient with tetraplegia following C4 SCI. The patient demonstrated
a 5-point improvement in upper limb motor scores and a 27-point increase in the ARAT
test. Using the neurointerface for 9 months significantly improved hand function. The BCI
was equipped with wireless power and a wireless data transmission system [94].

(b) Subdural Electrocorticography (sECoG)

The ECoG signal can be recorded to convert motor imagery (MI) into a signal for
external devices, such as exoskeletons or wheelchairs [32]. An ECoG recording device
was implanted in the sensorimotor cortex of a patient with cervical spinal cord injury.
Subdural implantation of two four-contact electrode strips (Resume II Leads, Medtronic,
Minneapolis, MN, USA) was performed in the somatosensory area responsible for arm
movements. Decoding accuracy was defined as the percentage of correctly classified motor
imagery, with the most accurate being an online bagging tree classifier (84.15% on average
over 9 weeks). In the study by Davis et al. [33], data confirming the stable operation of the
system over five years for brain activity recording and stimulation of hand motor functions
using an orthosis in a single patient were presented. The average monthly AUC of the
decoder was 0.959.

In another clinical study [95], two 64-channel ECoG grids (PMT Corporation, Chan-
hassen, Minnesota) were subdurally implanted on the pial surface of the brain, covering
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areas responsible for speech and upper limb movement control. A convolutional neural
network was developed to decode neural activity efficiently from electrode matrices. The
trial involved a patient with severe dysarthria caused by amyotrophic lateral sclerosis
(ALS). Using a chronic ECoG implant placed over the ventral sensorimotor cortex, the
patient successfully controlled computer applications using six intuitive speech commands.
These commands were accurately recognized and decoded with a median accuracy of
90.59% over three months of testing. Notably, such high accuracy was achieved without
the need for retraining or recalibration of the model.

Another notable example is the development of a BCI that decoded speech in a
paralyzed bilingual man [96]. A machine-learning model trained on sentences in Spanish
and English predicted phrases that the patient attempted to articulate in both languages.
The decoder’s vocabulary consisted of 111 Spanish and 70 English words, along with
several dozen phrases. With the decoder, the patient communicated with researchers in
both languages.

In studies [97,98], the world’s first 1024-electrode microelectrode array for high-
resolution mapping of the human cerebral cortex was demonstrated. The device, mounted
on a planar flexible polyimide substrate with platinum electrodes, provided dense coverage
with an inter-electrode distance of 400 pm and a thickness of 22 um. This configuration
allowed precise recording of neural activity both under anesthesia (sensorimotor mapping)
and during wakefulness (language tasks), capturing boundaries of functional brain areas
and activity related to speech intentions. The system demonstrated excellent results in
decoding neural signals, including phase inversion boundaries in the somatosensory and
motor corteX, as well as activation of Broca’s area during speech preparation. The high
electrode density achieved a spatial resolution of 400 pm and decoding accuracy up to
90% during speech activity analysis. Layer 7 Cortical Interface is a commercial version of
this technology by Precision Neuroscience, positioning itself as an optimized device for
long-term use. The company was co-founded by former Neuralink members.

(c) Stentrodes

The stentrode (TM) technology employs a semi-invasive endovascular method for
recording and stimulating brain activity. A self-expanding mesh with a set of electrodes is
introduced percutaneously, angiographically, through a catheter into the jugular vein and
advanced into the superior sagittal sinus, positioned near the sensorimotor cortex. After
the mesh expands, the electrodes are securely pressed against the vessel walls, enabling
them to record or stimulate neural activity.

The first human implantation of a stentrode was performed on two ALS patients. In
addition to relying on BCI signals for controlling a computer mouse (clicks, zooming),
patients were also provided with an eye tracker for cursor navigation in instrumental
activities of daily living (IADL). Participant 1 achieved an average click selection accuracy
of 92.63% while typing at a speed of 13.81 correct characters per minute (CCPM). Participant
2 achieved an average click selection accuracy of 93.18%, with a speed of 20.10 CCPM.
Both patients demonstrated independent execution of IADL tasks, including sending text
messages, online shopping, and financial management [99].

Technologically, the stentrode consists of a monolithic thin-film cylindrical mesh array
with 16 electrodes, a data collection, decoding, and wireless transmission unit (ITU, Synchron,
Palo Alto, CA, USA), implanted subcutaneously on the patient’s body and connected to
the stent via a flexible transvascular cable 50 cm in length, exiting from the base of the skull.
Power is supplied inductively. The electrocorticographic signal from the stentrode is wirelessly
transmitted to an external telemetry unit (ETU) using infrared light at a sampling rate of
2 kHz with a resolution of 0.125 uV/bit. The ETU communicates with a Windows Surface
Book 2 tablet (Microsoft, Redmond, WA, USA), equipped with an eye tracker (Tobii Dynavox,
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Pittsburgh, PA, USA) integrated into the lower part of the device for interaction with the
Windows 10 user interface. It is claimed that the recording quality matches subdural and
epidural ECoG matrix-based methods for neural activity registration [100].

3.3. Invasive BCls

“That’s one small step for [a] man, one giant leap for mankind”—these words, spoken by
Neil Armstrong on 20 July 1969, as he first stepped onto the lunar surface, became a symbol
of the greatest achievement in science and technology. Decades later, in 2012, another story
inspired the world: “One small nibble for a woman, one giant bite for BCI”—so expressed her
emotions Jan Scheuermann, a patient of Dr Jennifer Collinger, who at the age of 52 had two
“Utah Array” electrode arrays implanted in her motor cortex and was able to bite off a piece
of chocolate with the help of a BCI for the first time in many years. The patient suffered from
hereditary spinocerebellar neurodegeneration, which left her tetraplegic. After 13 weeks of
training with the BCL, she could control an anthropomorphic prosthetic arm with 7 degrees of
freedom: 3-axis movement, 3D orientation, and grip. The average success rate for achieving
goals was evaluated at 91.6% (SD 4.4) [101]. Although the original paper does not report
adverse events, in the demonstration video, difficulties in using the BCI for object grasping
while simultaneously visually focusing on it can be observed.

(a) BrainGate

Jan Scheuermann became one of fourteen adults who participated in BrainGate clin-
ical trials between 2004 and 2021 [102]. This research aimed to evaluate the feasibility
of applying invasive interfaces to assist individuals affected by spinal cord injury, neu-
rodegenerative disorders, or brainstem stroke. All patients had a “Utah” microelectrode
array (NeuroPort, Blackrock Neurotech; Salt Lake City) implanted in the motor cortex of
their brain, connected via gold wires to a percutaneous transmitter capable of transmitting
recorded cortical activity. Researchers note that none of the implantations or explantations
of the interface led to patient death or significant health deterioration, considering that
12 patients lived with this neurointerface for more than a year.

(b) BrainGate2: Speech recognition

A team led by Francis R. Willett [35] presented a highly efficient speech neuroprosthesis
for restoring communication in ALS patients. Using the advanced intracortical implant
BrainGate2, researchers recorded and decoded neural activity from the ventral premotor
cortex (area 6v) and area 44, associated with speech function (part of Broca’s area). The
system demonstrated high accuracy: with a limited vocabulary of 50 words, the average
error rate was 9.1%, and when expanding the vocabulary to 125,000 words, the accuracy
remained impressive, with an error rate of 23.8%.

(¢) Neuroport arrays: BCI-based Virtual Environment/Object Control

The study [103] demonstrated the effectiveness of an intracortical BCI based on two 96-
channel Neuroport arrays (Blackrock Microsystems) with 1.5 mm-long electrodes implanted in
the “finger” area of the left precentral gyrus in a patient with tetraplegia (C4 AIS C). The interface
decoded neural signals related to motor imagery of fingers, allowing the user to control a virtual
hand with four degrees of freedom (4 DOF). Three independent groups of “fingers” were con-
trolled separately, while the “thumb” could move in two dimensions, ensuring high manipulation
accuracy. During testing, the patient successfully reached and held targets, demonstrating an
average speed of 76 targets per minute and a task-completion time of 1.58 = 0.06 s. High speed
and control accuracy confirm the interface’s potential for practical motor tasks. The system was
further tested in controlling a virtual quadcopter in a Unity environment, showcasing its versatility
and potential for implementing complex BCI applications beyond traditional motor control.
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(d) BCI (Neuroport arrays) + Functional Electrical Stimulation (FES)

Decoding cortical activity using the same 96-channel multi-electrode Blackrock Mi-
crosystems arrays allowed a patient to control not only a virtual but also his own hand
through functional electrical stimulation (FES) [25]. FES was performed using 36 tran-
scutaneous electrodes, triggering hand movements according to decoded signals from
the cerebral cortex. Using his paralyzed hand, the patient managed to drink coffee from
a mug (with 11 successful attempts out of 12). Flexion and extension of the arm at the
elbow joint and abduction and adduction of the wrist through FES were performed by the
patient with the same success as movements of the virtual hand; other movements (hand
opening/closing and wrist flexion/extension) were slower and with uneven acceleration
but remained sufficiently successful.

(e) Neuralink

An example of the logical development of microelectrode array applications is the
work conducted by Neuralink [104]. Using gold conductive traces embedded in biocom-
patible thin-film polyimide plates, researchers created a neurointerface with more than
3000 electrodes in a single array, with up to 10 such arrays possible in the device. No-
tably, to minimize damage and accelerate the implantation process into brain tissue, a
robotic setup was used. In 2023, Neuralink received approval from the U.S. Food and Drug
Administration (FDA) and began human trials [105].

(f) Paradromics

The Texas-based company Paradromics is developing a high-bandwidth and high-
accuracy BCI (https://www.paradromics.com). Their Connexus DDI interface consists
of three main components: a cortical module, an internal transceiver, and a connecting
wire. The cortical module is surgically implanted in the motor cortex and contains a
421-channel microwire electrode array, where each electrode is approximately 1.55 mm
long and less than 40 um thick, penetrating just below the brain surface to record neural
activity. The system supports up to four such modules, enabling simultaneous use of up
to 1684 intracortical electrodes. Collected data are transmitted via a thin, flexible wire
to an internal transceiver, from where they are wirelessly sent to an external wearable
transceiver. Communication occurs through a secure infrared channel at speeds up to
100 Mbps. The system is powered via inductive coupling. The collected data are processed
in a computational unit using artificial intelligence and machine-learning algorithms. The
models allow real-time interpretation of the user’s motor imagery (MI), including intended
speech and commands for interacting with a computer. Currently, the technology is in the
preclinical research and clinical trial phase.

In this regard, it is worth mentioning that in their review [106], accumulated knowl-
edge and achievements in the field of NCI with cortical implants are systematically ana-
lyzed. The author examines the results of over 20 years of clinical research on invasive
NClIs, emphasizing the evolution of technologies and their effectiveness in rehabilitating
patients with tetraplegia and anarthria.

With the development of invasive BCls, capable of bringing about a qualitative leap
in neurotechnology, ethical and social impact issues are becoming increasingly important.
The implementation of such systems requires careful analysis and consideration of data
privacy, informed consent from patients, potential personality changes, and impacts on
user autonomy [107].

4. Computer-Brain Interfaces (CBIs) by Degree of Invasiveness with Examples

This section analyzes CBI systems designed to deliver information to the nervous
system, organized by invasiveness: non-invasive (e.g., TMS, TES, tFUS), semi-invasive (e.g.,
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PNS, epidural spinal stimulation), and invasive methods (e.g., cochlear implants, retinal
prostheses, intracortical microstimulation). It reviews their mechanisms, signal encoding
strategies, stimulation techniques, and practical implementations for restoring sensory
functions and modulating neural activity.

4.1. Non-Invasive CBIs
(a) Transcranial Magnetic Stimulation (TMS)

TMS is a technology that uses pulsed magnetic fields to induce electrical currents
in the brain via a coil system placed on the head, allowing modulation of cortical neural
activity. This method involves the use of relatively bulky and inefficient inductors, lacks
sufficient spatial resolution for routine use in CBI as a sensory component (e.g., it cannot
provide stimulation for differentiating cortical representations of fingers [108]), but can be
used in patients with neurological disorders, for example, to improve cognitive and motor
functions [48,109].

(b) Transcranial Electrical Stimulation (TES)

TES is a non-invasive method of brain stimulation using weak electrical currents
delivered through electrodes placed on the scalp. In particular, the effects of transcranial
direct current stimulation (tDCS) on motor learning are being investigated [110].

(c) Transcranial Focused Ultrasound Stimulation (tFUS)

tFUS is a non-invasive acoustic method of modulating neural activity that is gaining
popularity for advanced CBIs. It allows selective targeting of deep brain structures through
the skull without surgical intervention by controlling the acoustic focus and intensity.
Modulation of the human primary somatosensory cortex (S1) has been demonstrated [111],
including with explicit tactile sensations [112]. There are also reports of successful stimula-
tion of the visual cortex (V1) in humans, accompanied by phosphene perception [52]. The
possibility of transmitting motor commands for the right or left hand in an MI paradigm by
stimulating corresponding representations in the recipient’s somatosensory cortex has been
shown [53]. Additionally, tFUS targeted at area V5 (Middle Temporal area) significantly
improved BCI Speller performance by enhancing attention to visual motion [113].

4.2. Semi-Invasive CBIs
(a) Peripheral Nerve Stimulation (PNS)

PNS falls under semi-invasive neurostimulation methods as it can be implemented
using subcutaneous electrodes. PNS has been shown to evoke sensations in patients
described as natural tactile sensations in the absent limb [39] and suppress phantom limb
pain in forearm amputees (transradial amputees) [114]. Biomimetic PNS has been used to
reproduce natural tactile sensations in patients with leg amputations [115].

(b) Epidural Spinal Cord Stimulation (SCS)

This approach involves epidural spinal cord stimulation using the commercially available
Boston Scientific SCS system has been employed to create a perceptual channel—reproducible
sensations in various dermatome areas associated with different tasks. For instance, a spinal
CBI was developed to distinguish rhythm, Morse code, and tilt in model balance tasks [116].
The idea is based on the brain’s ability to associate artificial stimulation patterns with specific
sensory or cognitive tasks, forming adaptive mapping between external signals and internal
information representation (sensory substitution) [117,118].
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4.3. Invasive CBIs
(@) Cochlear Implants

A striking example of practical CBI technology application is cochlear implants for
restoring hearing. When properly implanted, individually calibrated, and followed by
rehabilitation, such systems provide good speech understanding in 70-80% of post-lingual
deaf patients and are highly effective in speech development in children [40]. Advan-
tages of bilateral cochlear implantation as a therapy for severe hearing loss have been
demonstrated [119]. Vestibular implants aim to restore balance function by encoding head
movement information and providing electrical stimulation to the vestibular nerve of the
inner ear [120].

(b) Retinal implants

Another example is CBIs for vision restoration. Depending on the integrity of the
neural pathways of the analyzer, these can include retinal implants (“artificial retina”) [38],
electrode arrays on the visual cortex V1 [121], or neural modification of the retina. For
instance, Sahel et al. [54] were the first to successfully apply optogenetics in humans,
modifying the patient’s retinal ganglion cells to express the “red” variant of rhodopsin
ChR2. Over six months after the procedure, the subject wore special glasses that projected
visual information onto the retina in a specific color range, stimulating photosensitive
proteins. After a series of training sessions, the patient began distinguishing large objects,
including a notepad, small items like a staple box, and even recognizing glass cups and
contrasting stripes on pedestrian crossings.

In the study by Mugit et al. [122], the effectiveness of the subretinal microchip PRIMA
was evaluated in patients with atrophic age-related macular degeneration (AMD) over
four years of observation. PRIMA is a wireless photovoltaic implant designed to restore
central vision in patients with atrophic AMD. Patients receiving the PRIMA implant
demonstrated significant improvement in visual acuity in the implantation area. The
average improvement was 0.3 logarithmic units of the minimum angle of resolution,
equivalent to an improvement of 15 letters on a standard ophthalmological chart. Over
four years of observation, the implant remained functional and did not cause serious
complications. No cases of rejection or significant inflammatory reactions were noted.

(c) Intracortical Microstimulation (ICMS)

ICMS is a method of direct brain cortex stimulation using microelectrodes, enabling
more precise and localized neuromodulation. Unlike other invasive and non-invasive
stimulation methods, ICMS has a key feature: high spatial selectivity (electrode sizes
on the order of 10-50 um). This allows transmission of detailed information, such as
encoding tactile sensations. ICMS is a promising approach for restoring the sense of touch
in people with prostheses [123]. The possibility of transmitting complex tactile sensations
via ICMS in paralyzed individuals is being studied [49]. The authors developed techniques
to create sensations similar to those evoked by natural touch, including sensations of
object edges, convex and concave curves, and their movement. This is achieved through
spatiotemporal patterning of stimulation across multiple electrodes, allowing control of
perceived movement direction and speed.

Blackrock Neurotech electrode arrays have been used to create proprioceptive sensa-
tions in the brain [124]. ICMS of the somatosensory cortex was applied in three clinical
cases involving individuals with cervical spinal cord injury. This stimulation evoked char-
acteristic tactile sensations in participants, which remained stable over several years of
experimentation. The size of electrode projection fields increased with both amplitude
and frequency of stimulation. Microstimulation was used to create proprioceptive sen-
sations from a bionic hand (Ability Hand, Psyonic), and it was found that participants
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localized touch points more accurately during multi-electrode stimulation compared to
single-electrode stimulation; biomimetic stimulation protocols further enhanced this sen-
sory feedback. In experiments where participants had to correctly identify a stiffer object
using a bionic hand with feedback, the error rate for single-electrode linear feedback was
25%, while for multi-electrode biomimetic feedback it was only 7.5%.

The methods described above illustrate the diversity of technological approaches
used in both Brain-Computer Interfaces (BCls) and Computer-Brain Interfaces (CBls),
depending on the degree of invasiveness and the targeted structures of the nervous system.
Figure 2 provides a summarized classification of these techniques, covering non-invasive,
semi-invasive, and invasive methods applied across central and peripheral neural pathways
within Neural-Computer Interface (NCI) systems.
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Figure 2. Spectrum of recording and stimulation methods for NClIs. Non-invasive (green): 1—transcutaneous
electrical nerve stimulation, 2—temporal interference stimulation, 3—electroencephalography, 4—functional
near-infrared spectroscopy, 5>—transcranial direct current stimulation, 6—transcranial alternating current stimu-
lation, 7—magnetoencephalography, 8—transcranial magnetic stimulation; semi-invasive (yellow): 9—subdural
electrostimulation, 10—epidural electrostimulation, 11—endovascular electrodes, 12—electrocorticography,
13—peripheral nerve stimulation, 14—functional electrical stimulation; invasive (red): 15—intraspinal micros-
timulation, 16—deep brain stimulation, 17—intracortical microstimulation, 18—visual prosthesis, 19—cochlear
implant.

To complement the classification presented in Figure 2, Table 1 provides a comparative
overview of various Neural-Computer Interface (NCI) methods based on spatial and
temporal resolution, depth of action, invasiveness, stimulation frequency, neural activation
type, cost, current use in NClIs, and overall NCI compatibility.
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Table 1. Comparative Table of Neural-Computer Interface Methods. Scheme 300. SSVEP, CBI, BBI,
etc.). SRes = spatial resolution; TRes = temporal resolution; Depth = penetration depth; Inv = Inva-
siveness level: N = Non-Invasive, S = Semi-Invasive, I = Invasive; Freq = frequency; TypeNeuroAct
= type of neural activity the method targets; Cost: L = Low, M = Medium, H = High, VH = Very
High; NCI Compatibility: Low—experimental or limited integration, short-term or animal-only use,
requiring substantial adaptation, Med—partially established integration, human-compatible but
with technical or regulatory limitations, High—well-documented integration with NClIs, chronic or
semi-chronic human use, supported by existing protocols and clinical experience.

NCI
Method SRes (mm) TRes (ms) Depth (mm) Inv Freq (Hz) TypeNeuroAct Cost NCI Use Compatibility
TENS ~20 ~5 Surface, 5-20 N 1-150 Gate Control Hypothesis L Pain, sensory mod CBI Med
IS ~10 ~5-10 Deep, 30-50 N 2000-5000 (carrier) Selective L Experimental CBI Low
neuromodulation
EEG 10-20 ~1 Cortex, subcortical N 0.05-35 (practical) PSP (distorted LEP) M P300, SSVEP, MI BCIs High
fNIRS 10-30 ~1000 ~10-20 N 0.01-2 Hemodynamics M Hybrid BCIs Med
tDCS ~10 ~1000 Superficial N DC Membrane polarization L Hybrid BCIs Med
tACS ~10 ~1000 Superficial N 0.1-5000 Oscillatory entrainment L Rhythmic neuromodulation Med
MEG ~5-10 ~1 Superficial N 0.1-100 PSF VH Research BCIs Med
T™S ~5-10 ~10 Cortex N Smgle/ Depolanzg tion of cortical M Stimulation, phosphenes (BBI) Med
Series pyramidal neurons
Subdural SCS ~05-2 - Spinal/ s 40-10000 Dorsal column afferents, H BSI, motor recovery Med
Subdural interneurons
Epidural SCS ~5-10 -1 Spinal/ s 20-10000 Dorsal column afferents, H BSI, motor recovery Med
Epidural interneurons ’
Stentrode ~1-2 ~1 Venous, 2-3 S 0.5-200 LPF Endovascular BCIs High
ECoG ~1 ~1 Cortex, 1-2 S 0.5-5000 PSP, LPF H High-res BCI, CBI High
PNS 15 -1 Peripheral s 1-1000 Stimulation of afferent M Sensorimotor feedback Med
FES 10 -1 Muscle/ s 10-100 Stimulation of efferent M Neurorehab, BSI Med
Nerve fibers
ISMS ~0.1 ~0.1 Spinal, 1-3 1 10-100 Stimulation of M Motor recovery, BSI High
motoneurons -
DBS ~1-4 -1 Deep nuclei, 60-80 1 1-200 Stimulation of neural H Therapeutic CBI High
ensembles
Neuronal cell bodies, X .
ICMS ~0.05-0.1 ~0.1 Cortex, 0.5-2.5 1 10-300 . . VH High-res motor/sensory NCI High
apical dendrites
Retinal Low ~10 Retina, 0.2-05 1 10-50 Ganglion/bipolar cell H Vision, sensory CBI High
implant stimulation
Cochlear Medium ~10 Cochlea, 25-30 1 100-10000 Afferents of the auditory H Hearing, speech CBI High
implant nerve

5. Brain-to-Brain Interfaces (BBIs)

In the experiment [125], the concept of BrainNet was demonstrated in humans. Three
participants collaboratively solved a task similar to “Tetris.” Two “senders” transmitted
their decisions about block rotation using EEG, while the “receiver” received the informa-
tion via TMS, inducing phosphenes. The receiver, guided by light flashes, decided whether
to rotate the block using EEG. The inclusion of feedback allowed senders to assess the
correctness of decisions. The experiment showed that the receiver could identify the more
reliable sender based solely on brain signals. In the study [126], a “brain-to-brain” interface
was developed, enabling a human to control the direction of movement of an in vivo mouse
by decoding intentions via EEG.

An important direction in BBI development is the restoration of lost neurophysiological
functions. For example, a non-invasive BSI for lower-limb neurorehabilitation based on
the MI paradigm was proposed, with motor cortex activity recorded via EEG and ts-MS
stimulation in a closed-loop system [2]. A more advanced wireless “digital bridge” between
the brain and spinal cord restored natural control over lower-limb movements in a patient,
allowing standing and walking on complex terrains after paralysis due to incomplete
cervical spinal cord injury (C5/C6). Moreover, neurorehabilitation led to neurological
improvements that persisted even when the BSI was turned off [3]. Thus, the subdural
semi-invasive WIMAGINE technology described earlier demonstrates its potential not only
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as a research tool but also as an active module for restoring motor functions after severe
neurological damage.

The most well-known type of cognitive “neurobridges” is the hippocampal pros-
thesis. Unlike sensory and motor neuroprostheses, a cognitive neuroprosthesis does not
rely on brain plasticity and adaptation but instead considers the brain’s own “signals,”
acting as an artificial bridge between preserved areas of the brain. Based on the MIMO
model of intrahippocampal interaction, a neuroprosthesis was implemented, resulting in
a 37% improvement in short-term/working memory and a 35% improvement in short-
term/long-term visual memory in patients with pharmacoresistant epilepsy. Stimulation
and recording were performed in the CA3 and CA1 subfields, perpendicular to the long
axis of the hippocampus, using stereotactically placed depth electrodes (Ad-Tech Medical
Instrumentation Corporation, Racine, Oak Creek, WI, USA) with Magnetic Resonance
Imaging guidance [127].

An enhanced template-based MDM was tested on other patients, also with medication-
refractory epilepsy, and showed memory improvement in nearly a quarter of cases, with a
ratio of nearly 2:1 in all patients when Match Stim was used and a ratio of 9:2 in patients
with impaired memory who received bilateral stimulation. The authors note the viability
of the fixed-pattern model but also highlight the need for further refinement [57].

The review presented in [13] analyzes brain—computer interface (BCI) and computer—
brain interface (CBI) technologies as components of brain-to-brain systems (BBI). The
authors examine the history, current state, and prospects of these technologies, focusing on
the possibility of direct interaction between brains without using traditional neuromuscular
pathways. The review covers the features and applications of BBI and discusses potential
directions for future research in this field. Ethical aspects related to the development of
multi-user BBIs are considered in [128].

6. Modeling Neural-Computer Interfaces

General principles of neural-computer interfaces (NCIs) modeling suggest that their
development is a multi-stage process integrating mathematical modeling, engineering solutions,
and biological research. At the initial stage, in vitro and in vivo neural signals are analyzed as the
basis for mathematical models. These models are implemented in silico—on general-purpose
processors, FPGAs, or neuromorphic chips—allowing researchers to emulate the operation of
NCI systems and optimize decoding and encoding algorithms. Following successful emulation,
in vivo experiments on animal models are conducted to test system functionality and safety.
The development then progresses to human studies and clinical trials.

While the development of NCIs may be described as a sequence of stages—from in vitro
models through in vivo experiments to clinical application—it is important, when considering
signal processing methods, to take into account the specific role of each phase. In particular,
in vitro experiments play a special role at the interface between the biological and artificial
phases of development: they enable investigation of parameters related to biocompatibility and
biomimetics (such as elasticity modulus, charge injection, and conductivity), as well as testing of
the physicochemical properties of materials. These models are also used to explore basic neural
mechanisms, such as spike detection and sorting, population coding and pattern recognition,
cross-correlation analysis, and other fundamental processes.

At the same time, it should be noted that the main goal of NCI is to extract and
classify neural correlates of meaningful psychophysiological properties, processes, and
states—such as intentions, emotions, levels of attention, sensory experiences, memory, and
others—and to modulate these phenomena through stimulation. In this context, in vitro
neuronal cultures represent systems that do not exhibit behaviorally defined states and, in a
philosophical sense, remain “things-in-themselves” in the Kantian tradition: their internal
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side (“what it is like to be a neural network”) remains unknown. We can only record and
weakly influence their electrochemical activity, which significantly limits the applicability
of such models for human-machine interaction tasks. Therefore, in the present review, the
comparative analysis is organized according to the types of analytical approaches, which
allows for a clearer understanding of the applicability of various methods regardless of the
specific experimental phase.

6.1. BCIs Modeling

Largely focuses on selecting the most optimal algorithm for decoding and classifying
neural activity associated with user intentions. Optimality lies in the accuracy and speed of
intention recognition. BCI research requires complex online experiments, so open reposi-
tories of high-quality neurobiological data simplify access to information. This facilitates
interdisciplinary collaboration, improvement of signal processing algorithms, and compar-
ative analysis of neurophysiological signals. In recent years, new open databases for BCI
research have been developed. One such database is MindBigData 2022, which provides
an extensive set of brain signal recordings related to various human actions, facilitating
the application of machine-learning algorithms for decoding brain activity [129]. Another
significant database is BETA (Benchmark Database Toward SSVEP-BCI Application), con-
taining 64-channel EEG data from 70 participants performing visual BCI tasks [130]. MEG
datasets are also available for BCI system development, as provided in [131]. A compara-
tive analysis of electrophysiological databases such as DABI, DANDI, OpenNeuro, and
Brain-CODE provides researchers with information on available archives, standards, and
analysis tools for efficient data sharing and reuse [132].

(a) Feature analysis and optimization methods

Feature extraction and selection are essential stages in neural signal processing for
BCI applications. These methods allow the extraction of informative signal characteristics,
reduce data redundancy, and improve classification robustness. For temporal analysis,
statistical characteristics (mean, standard deviation, skewness, kurtosis, autocorrelation,
etc.) and entropy measures (Shannon, Rényi, Sample Entropy, etc.) are used. Additionally,
Hjorth parameters, mean-absolute value, zero crossings, slope sign changes, waveform
length, maximum fractal length, Willison amplitude, root mean square (RMS), and au-
toregressive coefficients are applied. For time-frequency analysis, Fourier transforms (fast
and short-time Fourier transform), synchrosqueezing transform, Hilbert-Huang trans-
form, and wavelet transforms are utilized. These methods are effective for analyzing
non-stationary signals like EEG/MEG and improve the accuracy of command decoding
for BCI. Spatial methods such as Common Spatial Pattern (CSP) and its modifications
(Filter Bank/Regularized/Adaptive CSP—FBCSP, RCSP, ACSP, respectively) highlight
informative spatial patterns, enhancing differences between classes (e.g., MI of the left and
right hand). PCA and ICA are widely used for dimensionality reduction and separation of
mixed signals. Information-theoretic methods (mutual information-based best individual
feature, mutual information-based rough set reduction, integral square descriptor) focus on
extracting the most relevant features, improving model quality. Combining features from
different sources (Multi-View, FBCSP, multi-stream feature fusion network) and covariance-
based methods (contrastive multiple correspondence analysis, tensor-to-vector projection,
tensor-based frequency feature combination) enhances classification accuracy in BCI tasks.

(b) Classification

Classification is one of the core objectives in machine learning for BCI systems, focusing on
assigning neural signal patterns to predefined categories. This process follows feature extraction
and plays a crucial role in transforming complex brain data into interpretable commands.
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Traditional machine-learning methods include linear methods: LDA and its variations—
Fisher and Bayesian linear discriminant analysis; probabilistic methods: Bayesian Network (BN),
Naive Bayes (NB), Hidden Markov Modeling (HMM); distance- and kernel-based methods (k-
nearest neighbors, SVM); and ensemble approaches (random forest, weighted random forests).
Variations of LDA can be applied for EEG model classification in MI-based BCI [133-141], active
voluntary movement [142], passive movement using an exoskeleton [143], and in auditory model
BClI in the P300 paradigm [144]. Probabilistic methods are used for recognizing movement phases
in healthy individuals and stroke patients [145], recognizing MI [137], left- and right-sided tasks,
HMM [146], and kinesthetic motor imagery—methods NB, BN [147].

Distance- and kernel-based methods are used in model analysis of MI-based BCI
data [133,135,137,148], somatosensory evoked potential analysis for tactile BCI [149]. Adap-
tive versions of SVM allow real-time retraining [150]. Ensemble methods are applied for
classifying data for reactive tactile BCI [149]; MI-based BCI [133-135], including using
publicly available datasets such as competition III and IVa [136], recognizing real move-
ments compared to rest [142], and distinguishing real and imagined movements [151].
Additionally, WRF-SVM was used to control lower-limb exoskeletons [152]; assess gait
stability [153]; and in the P300 paradigm for controlling peripheral devices [154].

Deep learning (DL) methods such as convolutional neural network (CNN), recurrent
neural network (RNN), long short-term memory (LSTM), gated recurrent unit (GRU),
and specialized architectures (EEGNet, temporal convolutional network) automatically
extract features and are suitable for analyzing multidimensional data. Hybrid meth-
ods (CNN + SVM, Boosted Harris Hawks Shuffled Shepherd Optimization Augmented
Deep Learning) and meta-learning (Model-Agnostic Meta-Learning and Multi-Domain
Model-Agnostic Meta-Learning) provide adaptation to variable data and improve decod-
ing accuracy. CNNs are applied for EEG signal classification, including SSVEP [155-159],
MI-BCI [160-164], and P300 in audiovisual paradigms [165]. They are also used for fNIRS
data analysis, e.g., in MI-BCI [166,167] and motor task analysis [168]. The specialized
architecture EEGNet [169] is adapted for analyzing evoked and induced EEG phenomena
and is applied for MI-BCI data classification [170,171] and symbol identification based on
the P300 paradigm [172]. Modifications of EEGNet, such as FB-EEGNet [173], 3D-EEGNet,
MI-EEGNet, AME-EEGNet [174-176], and GRU-EEGNet [177], expand its capabilities for
EEG and MEG analysis [178].

Recurrent Neural Networks (RNNs) are applied for EEG time-series analysis, e.g., in
MI-BCI [179-183]. RNNSs find applications in EEG signal classification, including predicting
limb movement by analyzing slow cortical potentials and sensorimotor rhythms (SMR)
in alpha and beta bands [184], gait stability [153], imagined speech recognition [185], and
MI [186]. Additionally, RNNs can analyze f{NIRS data in BCI, e.g., for recognizing two
classes (activity and rest) during arm movement [187], walking, and resting [168]. In [188],
a hybrid BCI EEG + fNIRS model based on a classifier combining CNN and Bi-LSTM
(bidirectional LSTM) was proposed, achieving 98.3% and 99% accuracy in distinguishing
four movement classes. Advantages of DL include the ability to identify complex nonlinear
dependencies, while disadvantages include high computational resource requirements and
susceptibility to overfitting.

Reservoir computing (RC) is originally a framework based on recurrent neural net-
works (RNNs), making it well-suited for temporal and sequential information processing.
In RC, input data are transformed into spatiotemporal patterns within a high-dimensional
space using an RNN-based reservoir. The output layer then analyzes these patterns based
on their spatiotemporal structure. A key feature of RC is that the input weights and re-
current connections within the reservoir remain fixed and are not trained, while only the
output weights are learned, typically via a simple algorithm such as linear regression. This
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simple and fast training process significantly reduces the computational cost compared to
standard RNNs, which is one of the main advantages of RC [189].

One of the most promising implementations of RC is the Echo State Network (ESN). In
a recent study [190], a BCI software architecture was proposed for prosthetic control using
electrocorticographic (ECoG) signals. The system includes a three-dimensional spiking
neural network (3D-SNN) for feature extraction and an ESN for online decoding of motor
commands. The implementation was carried out in Python version 3.8.9 using the SNN
NEST Simulator library and tested on experimental datasets collected from a person with
tetraplegia. The initial results were encouraging. The study also discusses the potential
future implementation of this system on a neuromorphic hardware platform with reduced
size and power consumption.

A good example of BCI system modeling is the work of Braun and colleagues, where
various classifiers were developed and tested, including on an animal model. As a result, a
framework with an adaptive control architecture was implemented in an energy-efficient,
compact FPGA decoder of motor and premotor cortex activity in freely moving rhesus
macaques, recorded using six 32-channel floating microelectrode arrays [191].

6.2. Modeling CBIs

Realistic modeling of neural responses allows for the prediction and optimization
of stimulation parameters to achieve desired activity patterns. For instance, the authors
of [192] used NEURON 7.8.1 [193] to implement computational models of human and rat
cortical neurons, adapting them from the Blue Brain library (https://portal.bluebrain.epfl.
ch/resources/models/, accessed on 6 August 2025) and connecting model neurons with
simulated electric fields. The developed and optimized neural models were successfully
used to study the effects of electrical stimulation using pulse-width modulated TIS tech-
nology [194]. Epidural electrical spinal cord stimulation can be based on spatiotemporal
modulation methods of muscle synergy during walking, as demonstrated in rats [195] and
non-human primates [196].

For real-time CBI applications, simplified but computationally efficient models are
preferred over detailed biophysical models. Linear and nonlinear neuron response models,
such as Volterra models or adaptive filters, are used to predict responses to stimulation (e.g.,
TMS or tDCS) [197]; [198]. Simplified versions of the Hodgkin-Huxley model, excluding re-
dundant parameters, are applied to assess field penetration depth during stimulation [199].
The Izhikevich model, approximating spike dynamics with low computational costs, is
popular for neurointerface modeling [200]. The integrate-and-fire system is widely used
in neuromorphic computing and DBS applications [201]. Spiking neural networks imple-
mented on neuromorphic chips (e.g., Intel’s Loihi) allow real-time prediction of neural
activity, which is useful for BSI development [202]. Deep neural network models (DNN,
RNN, LSTM, CNN) predict optimal stimulation parameters but require pre-training and
are often combined with lighter models.

In [203], a computational model of epiretinal stimulation was presented, accounting
for multiscale aspects (electrode level, retinal tissue, and individual ganglion cells). The
authors demonstrated how fine-tuning pulse parameters and electrode placement allows
selective activation of targeted retinal neural layers. Grossman and colleagues were the
first to investigate TIS in mice [204]. The possibility of using transcranial theta-rhythm
temporal interference stimulation (tTIS) to modulate motor cortex excitability in rats was
studied [205]. A finite element method (FEM) computational study of TIS using anisotropic
human head models allowed evaluation of stimulation parameters, such as electrode
configurations and currents [206]. In an ex vivo study on mice [207], cell-specific effects of
TIS on cortical functions were examined.
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6.3. Modeling BBIs

BBIs are modeled to create systems that enable information transfer between neural
structures within one or multiple organisms. Optimization of CBI parameters to improve
the efficiency of non-invasive BBIs was explored in [12]. A BBI system was simulated for
its performance in terms of ITR. The influence of various parameters on system efficiency
was studied: classifier accuracy, window update rate, system delay, stimulation failure rate
(SFR), and timeout threshold. Simulation results showed that the optimal system delay
is <100 ms, and the timeout threshold should not exceed double this delay. Under these
parameters, the system maintains maximum efficiency even with an SFR of up to 25%.

Advanced digital signal processors are used to generate multichannel trigger signals based
on real-time neural spike analysis. These algorithms are essential for converting cortical brain
signals into precise stimuli for the spinal cord, enabling effective motor control and providing
sensory feedback. In [208], a DSP was used to implement a closed-loop microstimulation PSoC
controlled by the cortex in anesthetized rats. Hybrid models combining FEM of the target spinal
cord segment for calculating electric fields and anatomically and biophysically realistic neural
structures, such as motoneuron axons, interneurons, and myelinated afferent fibers, are used
for spinal cord stimulation [209]. Modeling helps determine the optimal electrode placement
for activating interneurons and motoneurons located in “hotspots”—activity centers linked to
flexor and extensor muscles that define locomotion patterns.

Modeling of an artificial hippocampus [210] is a striking example of the practical
utility of a theoretical approach aimed at implementing BBIs within a single agent’s brain
to restore memory function. To address this challenge, a method for quantitative analysis of
hippocampal neural activity was developed and applied based on principles of nonlinear
systems theory. In 2016, Dong Song and colleagues published a study [55] on developing
a hippocampal prosthesis that models interactions between CA3 and CA1 regions using
a nonlinear MIMO model. This approach relies on real-time dynamic prediction of CA1
activity based on CA3 signals. This model was successfully tested [127]. Another step
toward creating cognitive prostheses was made with the development of an improved
MDM model, which considers the informational content of stimuli rather than just temporal
connections between CA3 and CA1l. The MDM model performs categorical binding,
creating a library of static stimulation patterns. This approach was tested on patients with
memory impairments and demonstrated its effectiveness [57].

To illustrate the range of modeling strategies used in the development of neural-
computer interfaces (NCls), Table 2 presents a comparative overview of representative
approaches. The table highlights various modeling types across stages of system develop-
ment, including typical data sources, implementation platforms, algorithmic methods, and
key features such as computational cost and real-time performance.

Table 2. Comparative Overview of Modeling Stages and Approaches in NCIs. CC = Computational Cost:
L, M, H—Low, Medium, High; RT = Real-Time Potential: Y, P, N—Yes, Probability, No; CCP = Cloud
Computing Platforms; ASIC = Application Specific Integrated Circuit; Acc. = accuracy, lat. = latency.

Type of Methods

Data Source

Platform Algorithms Key Features cc RT

Feature analysis and optimization methods

Temporal analysis

EEG,
ECoG,
MEG

(Time series)

PCs, server (General-purpose Statistical characteristics: mean, Variable acc. depending on
standard deviation, skewness, etc. task; generally low lat.

Medium or high acc.,
medium lat., though higher L, but H for Sample Entropy Y
for Sample Entropy.

PCs, servers Entropy measures: Shannon, Rényi,
(General-purpose CPU) Sample Entropy, etc.

Hijorth parameters, mean-absolute
value, zero crossings, slope sign

changes, waveform length, Low, medium, or high acc.
PCs (Gener;i;éirpose CPU), maximum fractal length, Willison and lat. for different L, but M-H for AAR Y
amplitude, root mean square applications, higher for AAR

(RMS), autoregressive and adaptive
autoregressive coefficients (AAR)
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Table 2. Cont.

Type of Methods Data Source Platform Algorithms Key Features cC RT
Fast Fourier Transform (FFT) and non- hl:c\J:_v]eor c‘;(cecd :Zr onses
Short-Time Fourier Transform phas sponses L Y
(STFT) (ERD/ERS) compared to
phase-locked (SSVEP)
. Analysis of dominant
EEG, ! PCs, rhythms in the resting state,
Time-frequency analysis ECoG, (General purpose CPU), detection of SSVEP, and
MEG . assessment of
(Time series) Power Spectral Density (PSD) neurometabolic activity. L Y
Acc. is high for EEG, very
low for ERD/ERS/P300.
Low lat.
Synchrosqueezing transform, Inevitable lat. due to data
Hilbert-Huang transform, wavelet L N M/H Y
transforms segmentation requirements.
Extraction of informative
EEG, Common Spatial Pattern (CSP)and  SPatial patterns, enhancing
Spatial methods ECoG, MEG, PCs (General-purpose CPU), its modifications, EEG source dimensionality reduction . L/M v
P fNIRS FPGA, ASIC localization, and inverse high lat. ty inevitabl 4
(Multichannel) model-based feature extraction 180 acc; fat. 1s nevitable
due to data segmentation
requirements.
Dimensionality reduction,
artifact removal, and
. EEG, ECoG, fMRI, MEG, separation of mixed signals.
Component Analysis INIRS PCs (General-purpose CPU) PCA, ICA ‘Acc. is high for ICA, H for ICA, L/M for PCA Y
moderate for PCA. Lat. is
low.
Mutual information-based best Extraction of the most
individual feature, mutual relevant features. Reaches
Information-theoretic EEG, ECoG, MEA, MEG, PCs, servers (General-purpose information-based ;rou hset theoretical limits of BCI H P
methods fNIRS CPU), CPP L gh © performance. High acc., lat.,
reduction, integral square bustness - d
descriptor robustness to noise, an
versatility.
Multi-view learning, Filter Bank c tes for limitati
CSP (FBCSP), multi-stream feature onl:pensa ‘esf or “?l ations,
Combining features from EEG, MEG, fNIRS, ECoG, PCs, servers (General-purpose fusion networks, canonical B enhances 11r.\ g{lr:a ‘Ve“?Sds' Increasing Comp. P
different sources MEA, EMG, Eye Tracking CPU), CPP correlation analysis (CCA), joint 1ncr:tas:ts Iel lamljl r}’:tp‘:‘;‘? E_S Cost
independent component analysis cone I:ar u“ ?]:: "
(/ICA), feature concatenation creases fat.
coi(;l;}:rgsg:rexcr::}:g;is High acc., sensitive to noise;
Covariance- PCs, servers (General-purpose o Lo i high lat.; sensitive to user H for calibration, L for
based methods EEG, fNIRS, MEG CPU), CPP tte:s_mrj: :edct:'r pro]: ctlcf)n, tar:d independence; requires Inference r
enso a;(e)mbieni‘:ieorfy cature sufficiently long epochs.
Graph statistics PET, Ngi_g. - EEG, PCs, servers é(rl:iln)cral-purpose Centrality, modularity, clustering High acc.; very high lat. H P
Classification
Fine-tunable.
Performs well on small
. Rl sample sizes.
EEG, ECoG, fNIRS, PET, PCs, servers (General-purpose LDQ::Si;: l\:f\f\;:l]_tl;f;zﬂi;l:\;;ind Effective on small datasets. L N
fMRI CPU), CPP yes ar:al qu‘ Ineffective at analyzing
yete nonlinear dependencies.
Less robust to noise and
sensitive to outliers.
- . Robust to noise.
EEG, ECoG, fNIRS, fMRI, PCs, servers (General-purpose Probabilistic meth,Ods' Bayesian Assumes independence of
. networks (BN), naive Bayes (NB), L/M P
Eye tracking CPU), CPP hidden Markoy modeling (HMM) features.
g Effective with small datasets.
Simple to implement.
Effective on small datasets.
Can handle nonlinear
EEG, ECoG, fNIRS, fMRI, CPU, PCs, servers Nearest neighbor and k-nearest dependencies. M/H P
MEG (General-purpose CPU), CPP neighbors Highly sensitive to noise and
outliers.
Poor scalability with large
datasets.
Fine-tunable.
Traditional mtahch(iinc-lcarning Works well with
methods CPU, PCs, servers, high-dimensional and sparse
EEG, ECO%EﬂEIIRS' fMRI, (General-purpose CPU), Support vector machine (SVM) features. M Y
g CPP Choice of kernel and
hyperparameters can
strongly affect performance.
Useful when data contains a
lot of noise, requires
modeling nonlinear
dependencies, or has
multidimensional features.
Suitable for noisy data with
complex nonlinear
EEG, ECoG, NIRS, fMRI CPU, PCs, servers Ensemble approaches: random Fhectvetor
v 4 4 . ’ ¢ ¢ forest, weighted random forests, M/H P

(General-purpose CPU), CPP

boosting

high-dimensional and sparse
data.

Suitable for processing large
datasets thanks to
parallelization.
Handles imbalanced classes
well.

May overfit without proper
tuning.
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Table 2. Cont.

Type of Methods Data Source

Platform

Algorithms

Key Features

cc RT

EEG, ECoG, fNIRS, fMRI,
MEG, PET, Eye-
tracking

GPU, PCs, servers,
(General-purpose CPU), CPP,
neuromorphic chips

Convolutional Neural Network
(CNN)

Can learn features from raw
data without prior feature
selection.

Dynamic time-series data
need to be transformed
before input to CNN.
Often used hybridly with
other methods.
Ready-made specialized
solutions exist for EEG
analysis, etc.

Alone, CNNs are usually
difficult to use for analyzing
long time sequences and
dynamic data without
hybridization.

EEG, ECoG, Eye tracking

Deep learning (DL)

GPU, PCs, servers,
(General-purpose CPU), CPP

Feed-forward (FF) neural network:
multilayer perceptrons (MLPs)

Capable of modeling
complex nonlinear
dependencies in data,
improving classification
quality compared to linear
methods.

Can learn features from raw
data without prior feature
selection.
Relatively fast training with
proper tuning.

Prone to overfitting with
insufficient data or overly
large networks.
Requires careful architecture
and hyperparameter
selection, which can be
laborious.

Acts as a “black box,”
complicating result
interpretation.

M/H Y

EEG, ECoG, MEG, fNIRS,
fMRI,
PET

GPU/TPU, PCs, servers, CPP,
neuromorphic chips

Recurrent Neural Network (RNN),
Long short-term memory (LSTM),
Gated Recurrent Unit (GRU)

Well-suited for analyzing
temporal dependencies and
sequences.

Can work with raw
time-series data, minimizing
manual feature extraction.
Allows classification of long-
and short-term brain activity
patterns.

Has many hyperparameters,
complicating data
interpretation.

EEG, ECoG, fNIRS, fMRI,
PET, DTI, MEG,
Eye tracking

GPU, PCs, servers
(General-purpose CPU), CPP

Hybrid methods: CNN + SVM,
CNN + LSTM

Fine-tunable.
Combining different model
types improves acc., noise
robustness, and adaptability
to heterogeneous data.
Has many hyperparameters,
complicating data
interpretation.

EEG, ECoG, fNIRS, fMRI,
Eye tracking

GPU/TPU, PCs, servers, CPP

Meta-learning: Model-Agnostic
Meta-Learning and Multi-Domain
Model-Agnostic Meta-Learning

Fine-tunable.
Effective with small datasets.
Has many hyperparameters,

complicating result
interpretation.

Reservoir computing (RC) EEG, ECoG

GPU, CPU, PCs, servers, CPP,
neuromorphic chips

Echo State Network (ESN)

Well-suited for analyzing
temporal dependencies and
sequences.
Simplicity of training.
Capability for adaptation.
Robustness to noise.
Requires careful
hyperparameter
tuning.

The random and fixed
reservoir structure may lead
to result instability.

L/M Y

7. Evaluation of Neural-Computer Interface Effectiveness

One of the most common approaches to assessing the performance of BCls is the use

of signal detection theory [211,212], which accounts for the probabilistic nature of recorded

neural signals. Within this framework, the classifier is considered a component of the

decision-making process under uncertainty.

(a) Accuracy measures the proportion of correct predictions (intended commands and
their absence) among all cases classified as “positive” or “negative.”

TP + TN
(TP + TN + FP + FN)

)

Accuracy =

where:
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TP (True Positives)—correctly classified control commands; TN (True Negatives)—
correctly rejected background signals; FP (False Positives)—erroneous activations of the
interface; FN (False Negatives)—missed commands.

(b) Precision indicates the proportion of correctly recognized target commands among all
cases where the system detected a command. This metric is useful when commands
are rare, but in the case of balanced classes, accuracy may be a better measure.

TP

Precision = TP+ P

()

where:

TP (True Positives)—correctly recognized control commands; FP (False Positives)—
erroneous detections, where the system interprets spontaneous brain activity or artifacts as
control signals.

(c) Sensitivity /Recall determines the proportion of correctly recognized neural events
corresponding to intended commands, accounting for missed command events. This
metric is crucial in tasks where missing user intentions is unacceptable, such as
prosthetic control.

TP

where:

TP (True Positives)—correctly classified commands; FN (False Negatives)—missed
commands.

(d) Specificity/Selectivity characterizes the proportion of correctly rejected neural events
that are not related to commands, considering the proportion of events erroneously
identified as commands. This metric is important in tasks where false activations
must be minimized.

T

where:

TN (True Negatives)—correctly identified absences of intent; FP (False Positives)—
erroneous activations of the NCL

While the accuracy metric seems intuitively clear, its use is limited in the presence
of class imbalance. For example, if 95% of examples do not contain control commands, a
model that always predicts the absence of commands (TN) would achieve an accuracy of
95% but would be useless. Increasing sensitivity leads to an increase in false positives (FP),
where the system mistakenly classifies data patterns as commands, reducing specificity.
Conversely, increasing specificity results in a stricter classifier that selects only the most
characteristic control patterns but may occasionally miss slightly deviating patterns (FN
errors), reducing sensitivity. A good NCI must strike a balance: being sulfficiently sensitive,
generalizing to all possible variations of command patterns, and effectively rejecting noisy,
irrelevant data. Only in such a configuration can user trust and a sense of agency be
established [14].

The Fl-score is calculated as the harmonic mean between Precision and Sensitiv-
ity /Recall, strictly penalizes extremes, and is useful when both types of errors (FP and FN)

are unacceptable:

Precision x Recall
F1=2
. Precision + Recall 5)
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As practice shows, chronic use of an NCI can improve its performance if the system
includes a mechanism for retraining and fine-tuning the classifier based on biological
feedback (BFB) and supervised learning principles. The BFB mechanism is based on a
feedback loop between the observed interface response and neural signals. If the user is
motivated for the NCI to work well, the accuracy of command recognition may increase
during use. Additional corrections can be made by explicitly pointing out errors in its
operation. For example, if a command is missed or a false activation occurs, the user can
indicate the type of error with an additional action, and the system retrains. Brain signals
generated when users detect errors in BCI operation can serve as information for automatic
correction without explicit behavioral responses [213,214].

AUC (Area Under Curve)

This metric is used to compare different decoding/classification algorithms. It repre-
sents the area under the ROC curve (Receiver Operating Characteristic), which plots the
relationship between TPR (True Positive Rate) and FPR (False Positive Rate) at various
thresholds. For example, an AUC value close to 1 indicates high discriminative ability of
the BCI (Figure 3).

Receiver Operating Characteristic
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Figure 3. Example of an ROC curve with AUC = 0.91. The blue dashed line represents the baseline
performance (AUC = 0.5), corresponding to random classification. BCI systems performing below
this level are considered ineffective, as their output is no better than chance.

For evaluating the performance of BCls in more complex tasks, such as control with
multiple degrees of freedom or decoding continuous movements, a generalization of
AUC [215] is used, along with additional metrics such as speed, accuracy, correlation
coefficient, and temporal delay. These metrics allow for assessing not only the system’s
ability to distinguish between classes but also its performance under real-world conditions.
Additionally, behavioral tests and clinical scales are used to evaluate the effectiveness of
motor NCls.

(e) The speed of a neural-computer interface encompasses two aspects: latency and
operational throughput. Latency refers to the time between signal registration and
command issuance. Operational throughput measures the amount of information
transmitted per unit of time. It is determined by all stages in the chain, from the analog-
to-digital converter of neural signals, the transmission segment, to the processing
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module, the software-hardware processor, and the translator into commands for the
actuator, as well as the actuator itself. In general form, ITR [216,217] is measured in
bits per second/minute and does not account for semantic load, which is entirely
defined by the developer (6).

1-P

ITR = log, (N) + Plog, (P) + (1 — P)log, <N—1> ©

where:

N—the number of possible commands (classes), P—classification accuracy (probability
of correct command selection) as a fraction of one.

The final operational speed of an NCI can be expressed as the number of meaningful
entities per unit of time, such as the number of characters typed on a screen per minute
(CCPM—Characters Correct Per Minute) or the frequency of movements of the controlled
device. In the review [218], BCI transmission speed was estimated at 10-25 bits/min.
Twenty-one years later, in a study conducted at Stanford University [35], an intracortical
BCI achieved a decoding speed of brain signals equivalent to 62 words per minute. With
an average entropy of the English language being approximately 11.5 bits per word, this
corresponds to about 713 bits/min, comparable to natural speech.

(f)  Criteria for Evaluating the Effectiveness of CBls and BBIs

The effectiveness of CBI and BBI systems is evaluated comprehensively, taking into
account clinical outcomes (functional recovery, safety), technical characteristics (temporal
resolution, SFR), and specific parameters for BBIs (synchronization, information capacity).
The evaluation criteria for the BCI component of a BBI are similar to those for unidirectional
BCls. These criteria can help determine how well a device meets requirements and can be
successfully used in NCI systems. Behavioral tests and clinical metrics may also be employed.

(g) Clinical Criteria for Evaluating Motor NCls

Various metrics are used to assess neurological and functional status during the
testing of motor neural-computer interfaces. The International Standards for Neurological
Classification of Spinal Cord Injury (ISNCSCI), developed by the American Spinal Injury
Association (ASIA), provides a detailed guide for evaluating the neurological status of
patients with spinal cord injuries [219]. The ASIA scale is designed for standardized
assessment of patients with spinal cord injuries and includes evaluations of motor function,
sensitivity, and the extent of damage. Motor scores are calculated on a 5-point scale for the
10 most critical muscles—extensors and flexors. Each muscle is scored from 0 (complete
paralysis) to 5 (normal function). The maximum total score is 100 (25 points per limb).

The Gross Motor Function Classification System (GMFCYS) is a five-level scale for
assessing motor function in individuals with cerebral palsy. Levels are divided based on
the degree of motor activity limitation. The assessment is based on everyday movements
(e.g., walking, climbing stairs, wheelchair use). The scale considers the need for assistive
devices (walkers, orthoses, wheelchairs). GMFCS emphasizes the patient’s functional
abilities in mobility and self-care. It is better suited for determining long-term rehabilitation
goals and selecting strategies to improve quality of life [220].

Action Research Arm Test (ARAT) is a tool developed to evaluate the functional
capabilities of the upper limbs in patients with neurological disorders, such as stroke. The
ARAT assesses gross and fine motor functions and includes four subscales: grasp, grip,
pinch, and gross movement. Tasks within each subscale are arranged by difficulty, from the
most complex to simpler tasks. Since its creation, ARAT has undergone several changes and
adaptations. The method was standardized [221], and an abbreviated version for virtual
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reality (ARAT-VR) was introduced. The authors demonstrated that ARAT-VR is a valid,
convenient, and reliable tool for assessing upper limb activity in post-stroke patients [222].

Analysis of gait, balance, and coordination of lower-limb movements can be per-
formed using the Gait Assessment and Intervention Tool (GAIT)—a 31-item measure of
coordinated motor components of gait and associated deficits, with an ideal score of zero
and a maximum gait deficit score of 64. It includes clinical assessments: the six-minute
walk test, weight-bearing ability, timed walking, the Berg Balance Scale, and gait quality
assessed using observational gait analysis [223].

The IADL (Instrumental Activities of Daily Living) criterion assesses basic skills
for daily living. To objectively measure performance in IADL tasks, timed instrumental
activities of daily living (timed IADL or TIADL) are used, which determine the time
required for a person to complete a task. Since the development of the Instrumental
Activities of Daily Living (IADL) scale [224], it has undergone several modifications and
adaptations to improve accuracy and applicability in various clinical contexts. A short
version of the Amsterdam IADL Questionnaire (A-IADL-Q), consisting of 30 items, was
developed [225]. This version retains the high psychometric properties of the original and
is designed for quicker identification of functional changes ranging from normal aging to
dementia. A study confirmed that the A-IADL-Q does not exhibit significant bias based
on age, gender, education level, or cultural differences [226], making it a reliable tool for
assessing functional impairments in international studies.

The Walking Index for Spinal Cord Injury (WISCI) [227] and the Fugl-Meyer As-
sessment for Upper Extremities (FMA-UE) [228] are important tools for evaluating the
effectiveness of NCls in the context of specific pathologies (spinal cord injury and stroke, re-
spectively). They complement previously mentioned metrics such as ASIA, GMFCS, ARAT,
and GAIT, providing a more comprehensive assessment of motor function recovery. This
allows NCI developers to select the most appropriate evaluation methods depending on
the target patient group and the nature of the injuries. Other experimental methodologies
also exist to supplement existing assessments of locomotor function [229].

8. Perspectives for the Development of Neural-Computer Interfaces

(a) Minimally invasive and targeted stimulation technologies

Promising methods for recording and stimulating neural activity include various
technologies. For example, subdermal electrodes offer a minimally invasive alternative to
scalp EEG [230]. Despite their demonstrated effectiveness for clinical EEG monitoring [231],
there are relatively few studies on the use of subdermal electrodes, making it worthwhile
to explore the potential of this technology as one of the simplest to implement.

Temporal Interference Electrical Stimulation (TIS) is an enhancement of TES, widely
used in neuroscience and clinical practice to activate specific brain regions. The main issue
with traditional TES is significant off-target stimulation, especially when attempting to
target deep brain structures. TIS addresses this problem by leveraging a unique property of
neurons: pure high-frequency sinusoidal signals do not trigger neural excitation. However,
if such a signal interferes with another similar signal that is slightly shifted in frequency
and spatially offset, low-frequency beats emerge at the intersection of the fields at the
difference frequency [232]. This allows precise targeting of specific brain areas. In a pilot
study [233], the potential of theta-rhythmic tTIS for modulating the motor cortex in humans
was demonstrated. The results showed that tTIS could enhance the strength of functional
connectivity between M1 and the secondary motor cortex, confirming its potential for
non-invasive stimulation of cortical brain regions. Modulation of hippocampal activity has
been achieved [234], and stimulation in the theta range of the striatum has been shown to
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correlate with improvements in motor learning tasks [235]. It has also been demonstrated
that the TIS method is a safe and effective way to stimulate the human brain [51].

(b) Acoustic and optical imaging for decoding and stimulation

Functional Ultrasound Imaging (fUS) is an acoustic method based on Doppler mea-
surement of blood flow changes using composite plane wave fields. High measurement
frequencies (up to 1 kHz) enable the registration of hemodynamics associated with neural
activity with high temporal precision. According to evaluations of the method [236], fUS
achieves excellent spatial (~100 pym) and temporal (~100 ms) resolution in small animals
in vivo and is compatible with behavioral tests, allowing the use of accessible and portable
equipment. It has been found that fUS can decode motor intentions in non-human pri-
mates, predicting the timing, direction, and type of individual movements [237]. It has been
shown that fUS technology, combined with ultrasound neuromodulation, could serve as
the basis for developing a non-invasive NCI [238]. There is information about collaborative
research by Forest Neurotech and Butterfly Network on the development of an epidural
ultrasound-on-a-chip NCI capable of recording and stimulation [239].

Transcranial Focused Ultrasound Stimulation (tFUS) is a non-invasive method that
uses acoustic waves for selective modulation of neural activity, making it promising for
NClIs. For example, tFUS can induce tactile sensations by stimulating the somatosensory
cortex, which is useful for restoring sensory feedback or future BBIs [53]. Additionally, tFUS
enhances cognitive functions, such as attention, as already demonstrated in BCI control
tasks [113]. This opens possibilities for creating more effective NCIs that combine non-
invasiveness, precise focusing, and modulation of both sensory and cognitive processes.

The optical method of digital holographic imaging (DHI) allows visualization of
microscopic changes in nervous tissue structure, including deformations and vibrations
on a millisecond scale, by analyzing interference patterns formed by mixing reference
and object laser beams. In a study [240], a high-resolution transcranial optical system for
in vivo neural activity recording in rats was presented, using lasers with wavelengths of
780 nm and 1310 nm. This method enabled non-invasive, label-free recording of tissue
shape changes caused by neural population activity.

(c) Autonomous, wireless, and energy-efficient NCI systems

The shift toward compact, autonomous, and energy-efficient NCI systems is closely tied to
advancements in engineering approaches for transmitting and processing neurophysiological
signals. For instance, a device based on a flexible neural probe with a dissolvable biocompatible
shuttle made of sucrose has been developed, facilitating implantation into deep brain regions
while minimizing tissue trauma in non-human primates [241]. The probe is equipped with
32 microelectrodes (Pt/IrOx) for recording local field potentials (LFP) and an integrated ac-
celerometer for tracking movements. Its porous structure, with cell sizes of ~220 nm, minimized
electrochemical impedance (~37 k(). Real-time wireless data transmission and a subcutaneous
induction coil power system (litz wire with a central frequency of 13.56 MHz) ensured the
device’s autonomy without the need for wires or batteries. Data transmission speed exceeded
60 kbps at distances up to 7 m from a smartphone. The device was successfully used for
long-term neurobiological data recording, lasting over a month in freely moving monkeys,
enabling research without interfering with natural behavior.

(d) Accelerated and neuromorphic computation

A critical factor for the successful implementation of NCls is accelerating computations,
which are becoming too complex for general-purpose processors to handle in near real-time.
A promising near-field solution is the use of FPGAs. These chips offer several advantages
that make them valuable for many applications. However, for tasks requiring neuromorphic
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processing, such as simulating synaptic plasticity and achieving high efficiency in parallel
computations, the long-term perspective points toward neuromorphic chips like TrueNorth
(IBM), Loihi (Intel), Tianjic (Tsinghua University), SpiNNaker (University of Manchester),
BrainScaleS (EU/Human Brain Project), DYNAP (Dynamic Neuromorphic Asynchronous
Processor), and Akida (BrainChip) [242].

(e) Multimodal electrochemical interfaces and personalized implants

Emerging approaches to NCI development outline paths for integrating electrical
and chemical aspects of neural communication. Multimodal electrochemical neurointer-
faces can account for complex interactions within neural networks, providing both precise
electrical stimulation and localized delivery of ligands. Studies in animals show [243]
that combining electrical stimulation with chemical monoaminergic modulation of the
spinal cord creates a synergistic effect surpassing the results of each method individually.
Subsequently, a robotic NCI was developed capable of independently assessing and reha-
bilitating locomotor patterns and balance in rats with CNS injuries [229]. By combining
mechanical support, electrical stimulation, and chemical modulation using monoamine
agonists, significant locomotor recovery was achieved, even after complete spinal cord
transection. This confirms the potential of the technology for clinical application in humans.

When implanting materials into the body; it is important to consider not only their
functional properties but also their mechanical compatibility with surrounding tissues.
Excessively soft materials may lose structural integrity over time, while overly rigid ones
can cause scar tissue formation or damage to surrounding structures. In [244], a flexible
electrochemical implant based on silicone was developed, featuring microfluidic channels
for delivering chemical agents, soft platinum/silicone electrodes, and elastic gold connec-
tions for transmitting electrical signals. In experiments with subdural implantation into
the rat spinal cord, this technology demonstrated successful bio-integration and stable
functionality in the CNS [5], as confirmed in [245]. In experiments with decerebrated
cats [246], the integration of a soft silicone-based implant containing ferrocene, combined
with multi-walled carbon nanotubes, was shown; such implants with increased charge
injection significantly reduce neural tissue damage. The ability to rapidly design and create
personalized soft implants that match the biophysical properties of the integration site is
a significant advantage in translational medicine [247]. Modern approaches combine soft
materials with tissue engineering methods, creating hybrid “tissue-device” interfaces with
integrated living cells [248].

(f) Toward bidirectional chemical-electrical NCIs

Neurons use both electrical (action potentials) and chemical (synaptic transmission)
processes for signal perception and transmission. The chemical aspect plays a key role in
generating action potentials and maintaining communication within neural networks. Notably,
a neuron’s electrical activity does not serve as its energy source but instead leads to energy
expenditure. Neurons “communicate” with neighboring cells using chemical messengers.
However, existing NClISs rely on electrophysiological signals for interpreting and transmitting
information between neurons. During artificial electrical stimulation, these chemical signals
may not be generated or may be insufficient, as artificial depolarization does not necessarily
trigger intracellular processes associated with natural neuronal activity.

It can be predicted that to create a fully functional NCI, it will be necessary to reg-
ister spatiotemporal maps not only of electrical fields using electrode arrays but also of
ligands (neurotransmitters, their precursors, metabolites, and trophic factors) using arrays
of chemosensors, applying them locally through high-density electrical stimulation and
chemical modulation using chemoeffectors, such as those developed by one of the authors
of this review [244], combined with microfluidic delivery or thermoregulated gel deliv-
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ery [249]. Chemosensors can be created using carbon nanotubes with polymer molecularly
imprinted polymers (MIPs) or through electrochemical functionalization of electrodes. For
example, a dopamine sensor based on MIP carbon nanotubes has been developed [250], a
norepinephrine sensor using palladium nanoparticles with MIP coating [251], an enzymatic
biosensor for detecting glutamate [252], and an electrochemically functionalized sensor
for serotonin detection [253]. Simultaneous registration of LFP, neural spikes using an
intracranial silicon-based probe, and dopamine level changes via amperometric methods
in the brains of anesthetized rats has been performed [254].

(g) Cognitive-adaptive NCI systems and intention decoding

As understanding of fundamental psycho-neuro-biological mechanisms advances,
next-generation NCIs will emerge, based not on the direct interpretation of conscious
intentions from brain activity but on reading an “intention vector,” tracking a “discrepancy
vector” between desired outcomes and actual execution, supported by real-time correction
mechanisms for motor control. Such an NCI could represent a hierarchical self-learning
system that forms basic motor templates adjustable by the user via feedback channels.
As the system learns, the level of conscious control will gradually shift from detailed
movement adjustments to monitoring increasingly general behavioral parameters, while
preserving the ability to correct errors at all levels of the hierarchy. In this approach, in a
properly tuned system, the user’s consciousness would focus on goals within the context
of activity, while the NCI would take responsibility for executing detailed movements.

(h) Energy autonomy and high-resolution interfaces

One of the key challenges is ensuring autonomous power supply through the body’s
energy, significantly enhancing the mobility and convenience of wearable devices. Some
progress has already been made in this direction [255,256]. Additionally, the drive to
increase signal informativeness requires the development of recording and stimulation
modules with cellular resolution and minimal invasiveness, enabling high accuracy and
reliability. Innovative approaches to building NClIs envision full integration of natural
biological and artificial phases within a unified energy-information network. This creates
the foundation for expanding brain functionality, including multitasking and potentially
the emergence of new types of subjective experience (qualia).

9. Conclusions
(@) NClIs as bridges between psychophysiological worlds

Neural-computer interfaces (NClIs) are the general means for technologies that bridge
realms where the flow of electrical impulses and the consequence of molecular events inter-
twine, carrying subjective states and meanings, and manifest as information. They bridge
between intention and physical action, external environmental events and personal sensory
experiences, and networked “neural voices” and themselves are crossings between ideal
worlds of consciousness connected through what we interpret as Brain Matter. Presently,
retinal, cochlear, and vestibular implants, sensorized prosthetics, cognitive prostheses, and
internal speech decoding systems are demonstrating the effectiveness of this approach.
NCIs are more than just tools. They are a portal to a new reality where the boundaries
between biology and technology are blurring. Although we are only gliding along the
surface of these possibilities today, every breakthrough in decoding the neural code, every
new stimulation protocol, and every new way of biointegrating materials brings us closer
to a world where the impossible becomes commonplace.
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(b) Current limitations and future directions in decoding and stimulation

The problem of modern NCls is that, in trying to “connect” to the brain, we are still
talking to it in a foreign language. Yes, we have learned to decode some motor commands
and even simple phrases, partially restore locomotion, and induce artificial sensations,
but this is only a surface layer of the neural code. First, a simple translation of neural
activity into commands does not correspond to the systemic hierarchy of the brain. Second,
electrical stimulation without taking into account the spatiotemporal structure of natural
neurotransmission fails to reproduce the full sensations. Imagine a BCI that does not simply
follow commands but learns to anticipate intentions, just as a musical instrument is an
“extension” of a musician. Alternatively, a sensing neuroprosthesis that does not require
detailed conscious control, because the brain and the artificial algorithm jointly optimize
movements in real time, also using sensory information, as it happens with natural limb
movements in manipulative interaction with objects.

(c) Inter-agent BBI and collective intelligence

The real breakthrough will come when we move on to building full-fledged inter-agent
BBIs. For now, these are just laboratory experiments with simple signal transmissions, but
in the future, they may lead to the emergence of collective neural network intelligence.
What if multiple people could pull their cognitive resources to solve complex problems? Or
if a doctor could “feel” a patient’s symptoms through a direct neural interface? It sounds
like science fiction, but the first steps in this direction have already been taken—what
remains is to develop protocols that will provide not only data transfer, but will also be
able to take into account individual semantics and informational meanings of each point of
view of interacting agents.

(d) Neurofantasia: The Mind Expanded—Towards Hypersenses and Neuroethics

However, NCI'’s boldest possibilities lie beyond medicine. What if we learned to
download skills like in The Matrix? Or create interfaces that allow us to acquire new
qualia? We are not talking about technical synesthesia like “seeing” radio waves, but the
birth of genuinely new forms of perception for which we do not even have analogs in
our language (hypersenses). So far, it seems utopian, but the neuroplasticity of the brain
demonstrates that it can adapt to the most unexpected forms of information input. Perhaps
in 20 years we will not be discussing “controlling prosthetics with the power of thought”,
but “neuro-adaptations”—voluntary expansion of sensoric and cognitive functions. The
fundamental barrier to this is not even technology, but ethics. How do we protect the
privacy of thoughts? Where is the boundary between therapy and enhancement? How
to avoid neurohacking and malicious acts? These questions require open discussion now,
before NCIs become mainstream. Any NCI should be based not just on the principle of
functionality, but on the philosophy of meaningful human empowerment, where every
new “neuroenhancement” brings not only knowledge and skills, but also the happiness of
self-actualization in harmony with other users and the environment.
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Abbreviations

The following abbreviations are used in this manuscript:

ACSP
ADC
ALS
AMD
ARAT
ASIA
AUC
BBI
BCBI
BCI
BSI
CBI
CcCPM
CNN
CNS
CSP
DBS
DL
DSP
EBCI
ECoG
EEG
EMG
ERD
ERS
ESN
FEM
FES
FFT
FM-stimulus
(HNIRS
FPGA
fus
GAIT
GMEFCS
GRU
IADL
ICA
ICMS (ISMS)
ITR
LDA
LFP
LSTM
MDM
MEG
MI
MIMO
MIP
MISO
MRI
NCI

Adaptive Common Spatial Pattern
Analog-to-Digital Converter
Amyotrophic Lateral Sclerosis
Age-Related Macular Degeneration
Action Research Arm Test
American Spinal Injury Association
Area Under Curve

Brain—Brain Interface
Brain-Computer—Brain Interface
Brain—-Computer Interface
Brain-Spine Interface
Computer-Brain Interface

Correct Characters Per Minute
Convolutional Neural Network
Central Nervous System

Common Spatial Pattern

Deep Brain Stimulation

Deep Learning

Digital Signal Processor
Eye-Brain-Computer Interface
Electrocorticography
Electroencephalography
Electromyography

Event-Related Desynchronization
Event-Related Synchronization
Echo State Network

Finite-Element Modeling
Functional Electrical Stimulation
Fast Fourier Transform
Frequency-Modulated Stimulus
(functional) Near-Infrared Spectroscopy
Field-Programmable Gate Array
functional Ultrasound

Gait Assessment and Intervention Tool
Gross Motor Function Classification System
Gated Recurrent Unit

Instrumental Activities of Daily Living
Independent components analysis
Intracortical Microstimulation (Intraspinal Microstimulation)
Information Transfer Rate

Linear Discriminant Analysis

Local Field Potential

Long Short-Term Memory

Memory Decoding Model
Magnetoencephalography

Motor Imagery

Multi-Input, Multi-Output
Molecular Imprinting Polymer
Multi-Input, Single-Output
Magnetic Resonance Imaging
Neural-Computer Interface
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OPM Optically Pumped Magnetometer
PCA Principal Component Analysis
PNS Peripheral Nerve Stimulation
PSoC Programmable System on a Chip
RC Reservoir Computing

RNN Recurrent Neural Network

SCI Spinal Cord Injury

SFR Stimulation Failure Rate

SIN-stimulus
SMR

Sinusoidal stimulus
Sensorimotor Rhythm

SQUID Superconducting Quantum Interference Device
SSVEP(F) Steady-State Visual Evoked Potential (Field)
SVM Support Vector Machine
tACS (tDCS)  transcranial Alternating (Direct) Current Stimulation
TENS Transcutaneous Electrical Nerve Stimulation
TES Transcranial Electrical Stimulation
(tHFUS (transcranial) Focused Ultrasound
TIS Temporal Interference Stimulation
T™S Transcranial Magnetic Stimulation
tRNS transcranial Random Noise Stimulation
(t)SCS (transcutaneous) Spinal Cord Stimulation
ts-MS trans-spinal Magnetic Stimulation
WRF Weighted Random Forests
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