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Abstract
A group of leaders in neural engineering collaborated to develop a roadmap to navigate the future
of neural engineering. We covered a range of themes, including brain machine interfaces, neu-
ral modeling, artificial intelligence and machine learning, neural interfaces, neural imaging, aug-
mented rehabilitation, and neuromaterials. For each topic we reviewed the current status, iden-
tified current and future challenges, and speculated on the emerging and necessary advances in
science and technology to meet these challenges. Neural engineering will continue to yield the
approaches and insights that advance the diagnosis and treatment of nervous system disorders, as
well as provide new understanding of neural function.
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1. Introduction

On the occasion of the 20th Anniversary of the
Journal of Neural Engineering, we gathered lead-
ers across the topics that constitute neural engineer-
ing to develop a roadmap to navigate the future of
neural engineering. Twenty years ago there were no
implanted human brain machine interfaces (BMIs)
that made use of single neuron recordings, while
today there are tens of individuals, some with mul-
tiple arrays, implanted brain computer interfaces
that enable high performance speech decoding, and
a burgeoning industry working to commercialize
and provide high-resolution brain computer inter-
face products. This transformation of fundamen-
tal knowledge to practical use and translation from
preclinical testing to clinical applications will con-
tinue across the full spectrum that constitutes neural
engineering.

High-channel count implanted devices enabling
high-resolution and robust closed loop neural inter-
faces will benefit from advances in neuromaterials, as
well as developments in machine learning to advance
decoding and interpretation of neural signals. Novel
physical modalities, including light and ultrasound,
will enable less invasive means to manipulate and
potentially to monitor neural activity, thereby reduc-
ing the barriers to translation. Multimodality imag-
ing will enable integrated measurements of neural

connectivity, neuron activity, and neurochemical
dynamics.

We are in the early stages of a neural data revo-
lution, where vast quantities of data are being gener-
ated, and increasingly openly shared.New approaches
to develop and parameterize complex models where
only input-output data may be available, as well as
large scale integrated models of neural circuits and
systems are required for this abundance of data to
yield new understanding. Improved understanding of
pathophysiology, enabled by these data, will enable
development of new therapeutic approaches, includ-
ing biohybrid approaches combining devices with
cells, as well as further personalization of existing
therapies.

Although we have seen tremendous advances in
neurotechnology, the translation of these innova-
tions to clinical application has been slow. Challenges
of translation exist throughout our field, and these
are well exemplified by augmentive neurorehabil-
itation, where, for example, advances in robotics
have been slow to impact clinical practice, even
though there are strong anticipated gains in out-
comes. Ongoing development of neural engineer-
ing science and technology is thus critical, as
many of continued advances will further enable
discovery, diagnosis, and ultimately, treatment
planning and novel therapies to improve human
life.
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2. BMIs

Cynthia Chestek1 and Yiwen Wang2
1Robotics & Biomedical Engineering, University of
Michigan, Ann Arbor, MI, United States of America
2Department of Electronic and Computer
Engineering, The Hong Kong University of Science
and Technology, Hong Kong Special Administrative
Region of China, People’s Republic of China

Status
A BMI involves recording and interpreting electri-
cal activity directly from the brain and using it to
control assistive technology. BMIs have the poten-
tial to assist persons with an injury to any lower part
of the nervous system, for example in injury related
paralysis. In the late 1990s, there were several com-
pelling early examples of BMIs [1, 2]. By 2002, there
were simultaneous papers in science and nature in
which a monkey was able to control a shaky com-
puter cursor with an ensemble of neurons [3, 4].
These early experiments were conducted in neuro-
science labs, and had a major role in improving our
understanding of motor cortex. Although the record-
ing of neural ensemble activity can be accomplished
through variousmodalities, including invasive single-
cell and multi-electrode array recordings, electro-
corticography (ECoG), as well as non-invasive tech-
niques such as electroencephalography (EEG), mag-
netoencephalography (MEG), and imaging modali-
ties like positron emission tomography (PET) and
functionalmagnetic resonance imaging (fMRI), inva-
sive techniques significantly enhance both spatial
and temporal resolution, as well as signal-to-noise
ratios. These improvements provides more reliable
signal foundations for accurately determining the
mechanisms of information transmission within the
brain and for real-time control over external devices.
Consequently, this enabled BMIs to transition over
the next few decades from a basic science discipline
to an engineering discipline, with a primary focus on
restoring human function.

Today, there are numerous ongoing human exper-
iments using BMIs to restore function. BMIs tar-
geted to motor areas can achieve near able bodied
levels of 2-dimensional control of computer cursors
[5]. Bringing useful motor control to the physical
world is challenging, but there are demonstrations of
users controlling a variety of physical devices, includ-
ing prosthetic hands [6, 7] and drones [8]. There
have also been exciting demonstrations of restoring
movement to the participant’s own body using BMI-
controlled functional electrical stimulation (FES) of
paralyzed limbs [9, 10]. Within the past few years,
speech decoding has emerged as a very effective way
for a BMI to restore function. First demonstrated
by decoding handwriting at high speeds in a person

with anmotor implant [11], later implants were done
in speech areas of persons who had severe aphasia.
Within only the past year, we have seen direct speech
decoding of the entire English language at close to
conversational speeds [12]. Providing a communica-
tion channel for someone who is locked in, for exam-
ple due to ALS, is an important application [13, 14],
and this may become the first commercially avail-
able treatment, with multiple companies pursuing
this approach.

Challenges
These achievements are particularly remarkable when
we consider the limitations of current tools. The pri-
mary electrode array used in human BMI studies is
the Utah array [15], which has a matrix of 64–100 sil-
icon shanks, 1.5 mm in length. Surface grids, similar
to those used for epilepsy mapping, can also be used
for some applications [16]. Multiple devices can be
implanted, such that 256 channels is now common
[11, 12]. These electrode arrays have enabled tremen-
dous results to date, but they more commonly have
20 useful channels than 100 [17, 18]. This number
then declines in quality over the course of years [19],
likely due to the foreign body response and materi-
als degradation. Also, studies to date have used wires
passing through the skin, with signals processed on
a computer cart. While processing could all be done
on an implanted device, the required power con-
sumption and exotic packaging with large hermetic
feedthroughs are still beyond todays technology. As a
result, 20 years have passed since the first human array
implant, without eliminating the percutaneous wires
[20].

In terms of algorithms, for the first decade or
more, BMI algorithms used primarily Kalman filters
[5, 21], despite several unsuccessful attempts to out-
perform this approach with neural networks (e.g.
[22]. But with modern anti-overfitting techniques
and faster computers, all recent high-performance
results used neural network architectures such as
LSTMs, CNNs, and others [12, 23, 24]. Frequent
retraining, often daily, is still important for achieving
the highest performance, as information from indi-
vidual electrodes can change significantly from day
to day. This is likely dominated by changing neu-
ral waveforms due to micromovements of neural tis-
sue. For example, waveforms from single neurons can
change amplitude by an average of 35% from day to
day [19]. There may also be effects related to learn-
ing and adaptation over longer time periods [25, 26].
Such fluctuations pose a challenge for maintaining
stable performance in functional prosthetics, which
is a fundamental requirement for the clinical applica-
tions. To address this issue, researchers have experi-
mented with various methods to recalibrate decoder
parameters or extract consistent features, aiming to
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sustain stable high performance [27, 28, 29]. While
these methods often yield relatively consistent results
in simplified performance evaluations, they have
notable limitations. Currently, decoder performance
assessments are reduced to tightly controlled testing
conditions, usually in a laboratory environment. This
simplification contrasts sharply with the complexi-
ties of movement generation in tasks of daily life.
Moreover, recalibration methods often rely on pre-
determined movement trajectories or assumptions
about the shortest path to achieve specific movement
goals. This approach is unrealistic for subjects with
compromised motor function. Additionally, the need
for skilled personnel who are well-trained in sophisti-
cated algorithms further complicates the process, cre-
ating a significant barrier to the widespread clinical
adoption of BMIs.

Another challenge for BMI functionality is sen-
sory feedback, the absence of which makes true
closed-loop control difficult. Users of BMIs may ben-
efit from artificial sensory feedback to effectively con-
trol their neuroprosthetics [30, 31, 32, 33] There
have been preliminary positive results from stimu-
lating sensory cortical areas during prosthetic hand
control [34] and deep brain area [35] in improv-
ing walking. However, unlike intuitive sensory feed-
back, the design of the stimulation patterns is gener-
ally empirical and may require adaptation and learn-
ing from the subjects, necessitating further explo-
ration of optimal stimulation strategies. Feedback is
continuously processed by the brain, allowing for
adjustments in subsequent movements or decisions.
Designing a truly intelligent decoder may also require
predicting the dynamics of the neural signals upon
the feedback in order to detect unexpected perturba-
tions and alleviate reliance on the adaptation capa-
bilities of the user. Additionally, such computations
must meet real-time requirements, ideally within one
hundred milliseconds, or even tens of milliseconds.
Finally, a substantial challenge is that each of the
applications currently being explored for treatment
using a BMI involves a relatively small number of
potential users. Implantable electronic devices have
strict requirements for safety and reproducibility and
have to date only been produced by medical device
companies for larger populations, such as persons
with deafness, chronic pain, or Parkinson’s disease.

Advances
The next few decades are likely to be a period of
rapid advancement for BMIs. Over the past five years
multiple companies have invested in developing wire-
less implantable hardware to create a BMI with no
percutaneous leads (e.g. Neuralink, Paradromics).
These systems have higher channel counts and
smaller electrodes than devices to date, and they
may be immediately useful for restoring speech and

enabling direct brain control of a computer. In rodent
studies, we have seen demonstrations of many new
‘ultramicroelectrodes’ that are smaller than neuron
cell bodies (<15 µm). While difficult to make using
traditional silicon lithography, these can be made
from metals [36], polymers [37], and pure carbon
[38]. They do create additional challenges related to
insertion and dissolution, but there are numerous
examples of electrodes that showminimal if any scar-
ring response or loss of neurons immediately adjacent
to the electrode in chronic implants. At some point in
the next few years, the primary source of the foreign
body response might be the base holding the elec-
trodes that sits on the top of the brain. This will fur-
ther motivate neural ‘dust’ style implants where the
signal is transmitted wirelessly from tiny devices on
the surface of the brain to a receiver. There are sub-
mm proof of concept devices in the literature that
could go below the pitch of wired device bases within
the next decade [39, 40].

With the advent of advanced recording systems,
we are poised to acquire significantly improved train-
ing data for BMI algorithms. These systems may
enable us to access data from a broader range of
brain regions and to intervene in brain activity with
greater precision in both temporal and spatial reso-
lution. By collecting data from various cortical areas,
we can move beyond merely decoding the movement
parameters for a few degrees of freedom at a time to
investigating and harnessing the pathways of neural
information transmission. Furthermore, the develop-
ment of these systems may allow for simultaneous
microstimulation across many channels, enabling us
to intervene at themillisecond level within small clus-
ters of neurons. By employing a population coding
strategy, we may be able to create more natural sen-
sations. One could imagine that electrical stimula-
tion could even induce the formation of new func-
tional connections among neurons, artificially stimu-
lating plasticity and producing the desired behaviors.
These systems may not be limited to the motor cor-
tex but could also extend to other damaged neural
pathways, perhaps restoring functional connections.
Looking ahead we can envision a future where BMIs
will continuously learn and accumulate new func-
tions, ultimately leading tomore seamless integration
into daily life.

The first clinical application for implantable BMI
will likely be restoring speech, which simply requires a
computer speaker. However, to become economically
sustainable, BMIs will need to expand to other appli-
cations. A near term approach could be expanding
into brain controlled FES for paralysis. FES has been
around for decades, but has only activated a small
number of muscles due to a small number of control
signals. Higher channel count systems controlled by
BMIs could restore many more simultaneous degrees
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of freedom. With BMIs first becoming available for a
few pilot applications, the next few decades could also
see numerous research studies in which these devices
are used for other emerging applications. Deep brain
stimulation (DBS), uses quite simple stimulation to
treat Parkinson’s or epilepsy. However, it is already
being explored for treating psychiatric disorders [41]
and dementia [42]. Single neuron recording has even
begun to be used for a wide variety applications,

for example in memory [43], visual processing [44],
cognition [45], and mood [46], which may reveal
future applications of BCIs. There has also been
work attempting to use BCIs to treat ADHD and
Autism with non-invasive techniques. It is possible
that we will see BMI devices deployed as a platform
technology to address a wide range of medical appli-
cations, bringing about a new age of bioelectronic
medicines.
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3. Neural modeling

Aman S Aberra1 and Alain Destexhe2
1Department of Biological Sciences, Dartmouth
College, Hanover, NH, United States of America
2Paris-Saclay University, CNRS, Institute of
Neuroscience, Saclay, France

E-mail: Aman.s.aberra@dartmouth.edu and
alain.destexhe@cnrs.fr

Status
Neural modeling has played a critical role in advanc-
ing our understanding of the nervous system and
developing technologies to interface with and emu-
late its functions. Broadly, neural models were devel-
oped with either a focus on integrating biophys-
ical details or on capturing higher-level computa-
tional or algorithmic functions. The former, biophys-
ically grounded models often represent ionic current
flow through membrane conductances (figure 1(A)),
as exemplified by the Hodgkin–Huxley model [47].
This Nobel prize winning work was instrumental in
explaining the genesis of action potentials, the main
unit of information transmission in the nervous sys-
tem. It also provided a framework still in use today
to simulate the vast array of voltage-gated ion chan-
nels that provide diverse signaling properties to dif-
ferent neuron subtypes. Alternatively, models using
more simplified representations of neuronal function
omit these low-level details (figure 1(B)), such as the
McCulloch & Pitts binary neurons [48]. These mod-
els were the building block of early artificial neu-
ral networks (ANNs) leading to the deep neural net-
works that exploded in recent years, yielding impres-
sive performance on artificial intelligence applica-
tions from computer vision to natural language pro-
cessing (NLP) and beyond.

Neural modeling remains important to under-
standing mechanisms underlying brain functions.
Models allow us to quantitatively link biological pro-
cesses across scales and identify potentialmechanisms
that explain experimental data, as developed in the
next section.

A key area where neural modeling is essential is
the understanding of how neural activity links to neu-
ral signals recorded experimentally. Neural models
are necessary to predict how brain signals are gener-
ated by neural activity (also called the ‘forward prob-
lem’) and to estimate what neural activity gives rise
to brain signals (‘inverse problem’). Examples include
relating changes in blood oxygen levels measured by
fMRI to neural activity [49] and understanding how
neurons generate the electric fields recorded via EEG
or implanted electrode arrays [50]. Neural models are
useful not only to understand these brain signals but
also to design and optimize newmethods for estimat-
ing brain activity.

Neural models are also crucial for predicting
and controlling neural activity in response to exter-
nal stimulation. Indeed, neural modeling is involved
directly in some experimental techniques, such as
dynamic voltage clamping—where a computational
model and a neuron interact in real time [51]. Neural
models capturing the coupling between extracellu-
lar electric fields and neural activity are increasingly
used to generate mechanistic hypotheses and predict
dose-response relationships for various brain stimu-
lation techniques, including DBS [52] and transcra-
nial magnetic stimulation (TMS) [53]. These bio-
physical models can be used to optimize stimulation
parameters to enhance precision, selectivity, or func-
tional effects of stimulation therapies. For example,
models of peripheral nerve stimulation were used to
optimize stimulation amplitudes for spatial selectivity
[54] or pulse shape for energy-efficiency [55].

Additionally, recentwork explored trainingANNs
to perform specific tasks [56, 57] or to reproduce
recordings of task-related neural activity [58, 59].
These efforts are part of a broader dynamical sys-
tems approach to modeling neural population activ-
ity, which has yielded insights into how popula-
tions of neurons encode information and implement
computations [60].

Finally, models of neurons and their synaptic
interactions provide the foundation for neuromor-
phic computing, where dedicated circuits are built
to perform neural computations more efficiently
by directly implementing spiking neuron models in
hardware circuits [61].

Current and future challenges
One of themain challenges in neuralmodeling is link-
ing between spatial scales to understand how cellu-
lar or molecular mechanisms lead to the emergence
of brain functions, sometimes involving large regions
or even the whole brain. For example, an important
goal is understanding the genesis of specific and well-
identified brain activity patterns, such as gamma-
frequency oscillations. Although the neuronal gen-
erators of the oscillations are known [62], it is not
clear how the oscillations organize and synchronize
between brain areas orwhat role they play in informa-
tion processing. Aberrant oscillatory activity has been
linked to multiple neurological and psychiatric disor-
ders, like Parkinson’s disease and schizophrenia [63],
and therefore serves as a potential target for neural
stimulation therapies. Here, computational models
are needed to explore possibilities and make testable
predictions.

Accomplishing this goal will require advances
in our theoretical and computational approaches,
as well as vast quantities of data. Biophysical neu-
ron models can use Hodgkin–Huxley-like ionic
conductances with cable theory to link cellular and
molecular properties to electrical activity, e.g. by clar-
ifying how dendritic morphology and ion channel
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Figure 1. Canonical biophysical and artificial neuron models. (A) Multicompartmental model (top) of a neocortical pyrami-
dal neuron capturing its morphology (left) and electrical dynamics using a circuit model (middle) with Hodgkin–Huxley-like
sodium (Nav) and potassium (Kv) channels. Example simulation of an action potential, demonstrating the membrane voltage
(Vm) and sodium (INa) and potassium (IK) current dynamics. (B) Neuron model unit used in many artificial neural networks.
The output of this model is the result of (i) a linear summation of activity levels of inputs xi scaled by their synaptic weights and
(ii) a nonlinear activation function—in this case, the commonly used rectified linear function.

expression influence excitability. However, these
models have thousands of unconstrained parameters
governing complex, nonlinear membrane dynam-
ics. Building and constraining these models remains
labor-intensive and relies on in vitro experimental
data, as the necessary in vivo data are typically not
available. Connecting these models into large net-
works increases exponentially the computational cost
and requires extensive data on synaptic connectiv-
ity and physiology. While significant strides have
been made in certain model organisms, primarily in
rodents [64, 65], obtaining these data in humans is
still beyond our reach.

Alternative approaches using reduced models of
neurons or populations of neurons can circumvent
the lack of low-level data and computational cost
associated with biophysical models. For example,
mean field models represent the activity of neural
populations rather than individual neurons and have
been used for whole brain simulations [66]. These
models can be constrained by fMRI or EEG data from
humans, potentially allowing simulation of specific
individuals and disorders. However, they may rely on
unfounded assumptions or neglect important biolog-
ical details.

In general, the level of detail necessary depends
on the specific goal of the model, as assumptions
and simplifications are inherent parts of the model-
ing process. Integrating experimental data with neu-
ral models at different scales will enable us to test
which details are important for explaining and pre-
dicting specific processes.

Advances in science and technology to meet
challenges
Several advances are needed to meet these challenges.
First, we need appropriate digital infrastructure to
support close interaction between experimental data
and neural models. This is needed not only for model
development, which is often motivated directly by
experiments, but also for model simulation, by pro-
viding computational resources, i.e. simulators, high
performance computing (HPC) time, etc. An exam-
ple of such infrastructure in Europe is EBRAINS
[67], an open-access digital infrastructure for brain
research, which includes access to HPC and neuro-
morphic computers.

Second, large scale efforts to collect data with
standardized protocols will enable increasingly
detailed models capturing the cellular and molecular
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Figure 2. Scheme to illustrate the linking between scales. Spiking network models (Microscale) are used to model some neural
function and are then formulated as mean-field models (Mesoscale) to yield a population-level description of the network [66].
Mean-field models are then integrated in large-scale networks (Macroscale) to investigate large-scale dynamics up to the whole-
brain level [73]. Reproduced from [74]. CC BY 4.0.

diversity in the nervous system. For example, the
Allen Institute for Brain Science in the US is collect-
ing electrophysiological, morphological, and tran-
scriptomic data from neurons in mice and human
brain slices. Moreover, optical approaches to record-
ing neural activity, for example using genetically
encoded fluorescent reporters of calcium or voltage,
now enable recording activity of large neural pop-
ulations with cell-type specificity during behavior
and in response to various stimuli. However, these
approaches are currently limited to animal mod-
els. Continued improvements to invasive electrical
recording technologies, like multielectrode arrays
and stereotaxic EEG, have increased substantially
the number of neurons or local field potentials,
respectively, that can be simultaneously recorded
in humans. Further technological advances enabling
minimally invasive recordings of neuronal popula-
tion activity at cellular level resolution will be impor-
tant for building models of human brain circuits.

Additionally, volumetric electron microscopy has
been used to reconstruct up to a cubic micron of
mouse [68] and human cortex [69] containing thou-
sands of neurons, and providing unprecedented data
on the structural organization of the brain down to
the nanoscale. In parallel, large-scale efforts to label
and reconstruct single neurons in whole brain sam-
ples enabled reconstructions of single morphologies
and more detailed cellular level wiring diagrams in
the fly, mouse, and non-human primates [70]. These
connectomic data have yet to be integrated into mod-
els of brain activity and may require new multiscale
modeling approaches and optimization techniques
to capture key biophysical processes across scales
(figure 2). AI andmachine learning tools have already
been useful in segmenting and analyzing these large
petabyte datasets; further advances will facilitate pro-
cessing and extracting relevant parameters as datasets
continue to grow. AI tools will also be useful in neural

simulations; ANNs can be trained to reproduce the
input–output properties and activation thresholds of
biophysical neuron models with orders of magnitude
speedup [71, 72], providing a potential strategy for
accelerating large-scale simulations of brain activity.

Concluding remarks
Neural modeling is at a stage where many cellular and
network mechanisms underlying neural activity have
been worked out, but building models that connect
these mechanisms across scales and explain the gene-
sis of specific behaviors is an active area of research,
still in its infancy. Thus, there is an acute need for
multiscale models bridging spatial scales, and a par-
ticular effort is needed to transport the findings at the
scale of circuits up to the whole brain. This will likely
require parallel efforts buildingmodels at varying lev-
els of biophysical detail and abstraction to link the
neurophysiology to neural computations and behav-
ioral outputs. Armed with more detailed anatomi-
cal and physiological data, powerful computational
resources, and advanced theoretical frameworks, neu-
ral models will progress in their ability to reproduce
faithfully and explain the mechanisms of brain func-
tion. Critically, the development of accurate neural
models across scales will also facilitate the analysis
and design of technologies to modulate and record
brain activity as well as therapeutic interventions to
treat brain disorders.

Acknowledgements

ASA is funded by the Neukom Institute for
Computational Science at Dartmouth College.
AD is supported by the CNRS and the European
Union (Human Brain Project H2020-945539,
VirtualBrainTwin project, 101137289; FLAGERA
BrainAct project).

9

https://creativecommons.org/licenses/by/4.0/


J. Neural Eng. 23 (2026) 041501 WM Grill et al

4. AI andmachine learning

Rosa H M Chan1 and Bao-Liang Lu2
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Status
The convergence of AI and neural engineering has
opened a new era of possibilities for emotion, cogni-
tion, and human health.Machine learning algorithms
have significantly advanced the ability to decode
complex neural signals [75], enabling more precise
control of neuroprosthetics and natural interaction
of brain-machine interfaces. Deep learning models
are enhancing the understanding of certain brain
functions [76], and some are leading to more effec-
tive treatments for neurological disorders [77]. These
advances have translated into tangible improvements
in neural interface performance [78, 79]. Although
current models capture merely a tiny fraction of the
brain’s complexity, they represent a significant leap
in technological capabilities. Consequently, recent
advancements in AI have improved neural signal
decoding accuracy and enabledmore responsive neu-
ral interfaces, while also enhancing the ability to
model complex neural processes and design targeted
neuromodulation therapies.

As the field progresses, foundation models [80,
81], previously led by GPT [82] and DeepSeek [83]
series, and generative AI are expected to revolution-
ize all aspects of neural engineering. Recent develop-
ments in vertical large models (VLMs) have shown
promise in integrating diverse neural data types to
enhance our understanding of complex neural pro-
cesses (figure 3) [84]. VLMs refer to large mod-
els that are pre-trained and fine-tuned for specific
domains. For instance, Jiang et al employed a large
volume of unlabeled EEG data—publicly available
from diverse research institutions worldwide and
collected for various tasks—to pre-train the VLM
LaBranM. They subsequently fine-tuned LaBranM
using a limited amount of labeled EEGdata for down-
stream tasks such as EEG-based emotion recogni-
tion and gait prediction [85]. The integration of var-
ious modalities, such as EEG, fMRI, and behavioral
data, is crucial for training robust VLMs in neural
engineering, allowing formore generalizable insights.
Additionally, the application of AI in neuroscience
is accelerating discoveries, from simulating biologi-
cally realistic neural circuits to investigating dynam-
ics of large-scale brain networks during emotion and
cognitive tasks, and even enabling EEG-to-content
generation (text, speech, image, video). Concurrently,

the on-going construction of large, publicly accessi-
ble neural datasets fosters collaboration and scien-
tific innovation, although challenges in data diversity,
quality, and standardization persist [86].

The impact of AI extends beyond basic research
to practical applications. In virtual rehabilitation,
machine learning algorithms personalize therapy reg-
imens by adapting in real-time to patient progress
and enhancing the effectiveness of home-based reha-
bilitation programs [87]. Multimodal affective brain-
computer interfaces are opening a new way for objec-
tive assessment of depression [88]. Simulation and
virtual reality, powered by AI, are creating immersive
environments for more effective motor learning.

Meanwhile, the relationship between AI and
neuroscience has become increasingly recipro-
cal. Neuromorphic computing architectures and
biologically-inspired algorithms, such as attention
mechanisms [89] and graph neural networks, are
advancing AI capabilities. As researchers continue to
push the boundaries of both AI and neural engineer-
ing, the focus is not only on improving the accuracy
and efficiency of neural interfaces, but also about
discovering neuroscience insights and expanding the
limits of human potential.

Current and future challenges
The rapid development of foundation models
urgently requires neural engineering to address the
following key problems: (1) In comparison with the
fields of NLP and computer vision, there is a lack
of large-scale neural datasets, especially multimodal
ones, for building vertical large models of neural
engineering (VLM-NE), thus calling on laboratories,
hospitals, and companies around the world to make
their data as open as possible. (2) There is an urgent
need to establish international standards for invasive
and non-invasive neural data collection, annotation,
and management so that laboratories, hospitals, and
companies around theworld can contribute their data
to build a public dataset for VLM-NE [90]. (3) Most
of the machine learning algorithms used at present
are derived from the field of NLP or computer vision,
and there are few algorithms designed for neural
engineering. (4) On the construction of VLM-NE,
how to effectively pre-train VLM-NE on the basis of
the existing foundation models while incorporating
domain knowledge is an important research topic.

These challenges extend to technical, biologi-
cal, and population-level domains. At the techni-
cal level, particularly for VLM-NE, scalability and
computational efficiency are key focus areas as the
field advances toward increasingly complex mod-
els and real-time neural signal decoding. A signif-
icant technical challenge lies in developing high-
performance, low-power algorithms capable of pro-
cessing high-dimensional neural data with minimal
latency, essential for responsive and energy-efficient
brain-machine interfaces.
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Figure 3. Vertical large models of neural engineering (VLM-NE) from inputs, tasks, to applications. This schematic depicts the
flow from diverse input data sources (left; including electrophysiological, neuroimaging, behavioral, clinical, and contextual
data) to a central VLM-NE processing core. The VLM-NE underpins core task domains (center-right list; e.g. neural processing
and modeling, neural interface systems, integrative neuroscience, cognitive/affective neuroscience, and clinical neuroscience).
These tasks, in turn, enable a broad range of applications (right; scientific research and discovery, cognitive and performance,
and clinical and therapeutic interventions), highlighting the pathway from foundational analysis to real-world impact in neural
engineering.

Beyond technical considerations, biological fac-
tors present equally important challenges. Emphasis
on explainable AI models is crucial, enabling
researchers and clinicians to interpret and validate AI-
driven decisions in neural engineering applications
[91]. Simultaneously, leveraging neuroplasticity prin-
ciples remains vital for creating adaptive systems that
evolve dynamically [92]. These biological considera-
tions are fundamental to developing AI systems that
can effectively interface with and adapt to the com-
plex and dynamic nature of neural systems.

At the population level, challenges emerge in the
construction of public datasets, particularly in ensur-
ing representativeness in data distribution. The recent
identification of age-amplified sex differences in neu-
ral oscillations presents a striking challenge for the
future of AI in neural engineering [93]. Looking
ahead, as the field pushes toward bigger models
and personalized neuromodulation therapies, it must
confront the implications of variations across pop-
ulations. AI systems will need to evolve to integrate
multidimensional data to provide a comprehensive
understanding of neural dynamics that accounts for
individual variability [94].

Advances in science and technology to meet
challenges
The anticipated impact of VLM-NE, inspired by
exponential development of LLMs [95–97], is sub-
stantial, with early large EEG models already out-
performing previous deep learning benchmarks [85].
Significant effort is dedicated to scaling research,
specifically investigating scaling laws for VLM-NE
to understand the relationship between data size,

model parameters (with models like EEGPT [98] and
NeuroLM [80] scaling to over 10 million parame-
ters), and performance emergence, drawing inspira-
tion from LLM research. Concurrently, the devel-
opment of sophisticated multimodal architectures
is underway, creating foundation models capable
of integrating diverse neural signals (EEG, ECoG,
LFP) with other physiological data (ECG, EMG),
imaging (fMRI), behavioral data, and even text (e.g.
NeuroLM), potentially revealing deeper insights into
neural mechanisms.

Neural engineering is also exploring brain-
inspired AI, recognizing the brain as nature’s
most efficient learning system. AI advancements
have deepened our understanding of neural pro-
cesses, further driving this neuroscience-informed
approach. For example, continual learning based
on power law dynamics observed in brain connec-
tivity could potentially adapt to new neural data
and changing conditions over time [99], mimicking
the brain’s lifelong learning capacity with a com-
pact model. Similarly, building on complex net-
work theories, community graph topology, which
exhibits small-world properties similar to those in
the brain, improves representation learning [100].
This approach balances channel interdependence
and diversity, potentially leading to more robust fea-
ture learning in neural signal decoding and inter-
face applications. These brain-inspired insights are
driving current research toward developing com-
pact, efficient models capable of running on limited
hardware, a crucial requirement for practical neu-
ral interfaces. While still in the research phase, they
represent promising directions for brain-machine
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interfaces, neural prosthetics, and neuromodula-
tion techniques. By further investigating these brain-
inspired principles, the field aims to achieve enhanced
adaptability, personalization, and improved long-
term performance in neural interfaces, ultimately
bringing neural engineering closer to learning the
brain’s capacity for efficient lifelong learning and
adaptation.

Concluding remarks
The convergence of neuroscience, machine learn-
ing, foundation models, and cybernetic integration
has highlighted four key research directions: VLM-
NEs, multimodal data acquisition and integration,
brain-inspired computational paradigms, and large-
scale standardized public datasets. While much of
the discussion in this roadmap has used examples
in EEG, it is important to note that these chal-
lenges and future directions are broadly applica-
ble to other neural signal modalities. As VLM-NEs
and brain-inspired architectures progress, they offer
potential for integrating diverse neural data types and
mimicking the brain’s efficient learning mechanisms.
Simultaneously, the construction of large, public
datasets is becoming increasingly important, address-
ing challenges of data representativeness and fostering
collaborative research. With these advances, address-
ing model bias becomes crucial for developing equi-
table and effective NeuroAI systems. Future efforts
push the boundaries of generative applications like
neural-to-content decoding and pursue ambitious
goals such as digital twin brains, potentially inte-
grating foundation models with knowledge graphs
for deeper understanding. Achieving this vision
requires breakthroughs in model interpretability and
robustness, which may be accelerated by techniques

like ensemble and federated learning. Through inter-
disciplinary synergy and a focus on fair and adap-
tive neural systems, neural engineering advances
toward revolutionizing personalized neurorehabilita-
tion, treatment of psychiatric illness, and manage-
ment of mental health. This progression unlocks new
frontiers in decoding neural computations, illuminat-
ing both healthy neural function and disease mecha-
nisms. In this emerging AI and cybernetic future, the
boundaries between human emotion, human cog-
nition, and artificial systems blur, challenging our
fundamental conceptions of intelligence and artifi-
cial general intelligence, and potentially redefining
the essence of human-machine symbiosis.
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Status
Neural interfaces constitute the physical contact
that converts neuronal activity into electrical sig-
nals and vice versa. This fundamental building block
for both implantable and non-invasive systems is
key to improving our understanding of brain func-
tion and as well as medical diagnostics, therapeutic
interventions [101], and augmentative communica-
tion systems for individuals with disabilities.

The modern origins of the field date back to the
mid-20th century with fundamental studies of elec-
trical recording and stimulation of the nervous system
[102, 103] and explorations into high-resolution
methods to decode neural signals [104, 105]. These
technologies have improved over the decades, driven
by advances in microfabrication [106], materials
science [107], and nanotechnology [108] that have
improved the stability, longevity, and scale of electri-
cal stimulation and recording. Microelectrode arrays
capable of recording and stimulating neural activity
with high spatial resolution [109, 110] was one crit-
ical breakthrough that continues to enable ground-
breaking research in neural prosthetics [101] and
neural rehabilitation.

Less invasive methods have also been developed
in particular sub-dermal [111] and epidermal neu-
ral interfaces that interface with the nervous system
without deep penetration into brain or spinal tissues.
Sub-dermal interfaces, implanted beneath the skin
but outside of the brain or nervous tissue, can stim-
ulate and record neural activity with lower resolu-
tion than implantable devices but have shown efficacy
for pain management and prosthetic device control.
Epidermal interfaces, which rest on the skin’s surface,
are the least invasive and can also record and stimulate
electrical signals, but typically with even less precision
than sub-dermal technologies.

Both invasive and non-invasive technologies were
built on foundational theoretical work to uncover
the principles that underlie neuronal stimulation and
recording and the electrochemical properties of these
interfaces [112–114].

Despite remarkable progress, the field contin-
ues to face challenges [105, 115]. Figure 4 summa-
rizes the key technological challenges and enabling
strategies for the development of advanced interfaces,

highlighting four major challenge domains: Stability,
resolution, power, and data delivery. Stability relies
on improved encapsulation, interface materials, and
degradation mitigation. Resolution is driven by
advances in fabrication techniques such as pho-
tolithography, transfer, and ink-jet printing. Power
optimization depends on innovations in low-power
electronics, batteries, and energy harvesting. Data
delivery requires reliable transmission and compres-
sion methods. Together, these advances form the
foundation for robust, high-performance, and long-
lasting bioelectronic systems. Retinal epiretinal and
subretinal implants for functional vision exemplify
the current limitations of neural interface technology,
as existing devices still fall short of achieving the high
spatial resolution, long-term stability, and ultra-
low-power operation required for seamless integra-
tion, and they lack the capability for bidirectional
data transfer essential for implementing intelligent,
adaptive stimulation paradigms.

Invasive implants, while offering high spatial res-
olution, carry risks such as tissue damage, infec-
tion, and immune rejection. Long-term stability of
the interface is a major obstacle, and many tech-
nologies suffer from performance deterioration over
time. Non-invasive techniques, although of lower
risk, often lack the spatial and temporal resolution
required for precise control of external devices or
targeted therapeutics. Moreover, the complexity of
neural signals and the variability across individuals
pose significant hurdles for decoding and interpret-
ing brain activity accurately.

Current and future challenges
One primary challenge in the field of neural interfaces
is long-term, high-resolution stimulation and record-
ing. In the case of implanted microelectrodes, long-
term stability is often limited by the longevity and
stability of materials in biological environments and
the body’s response to a foreign object. Addressing
these issues will benefit from the development of
flexible or biocompatible materials and coatings that
minimize the foreign body response, promote neural
integration [116], andmaintain stable electrical inter-
faces with neurons over extended periods [117].

Less-invasive interfaces typically provide
improved longevity and reduced surgical risks.
Electrodes laid across the surface of the brain,
implanted in blood vessels in the brain, or over
the dura often provide higher resolution than non-
invasive wearable devices, better stability than elec-
trodes in the neural tissue, but generally suffer the
trade-off: less-invasive technologies provide less
resolution. For some applications, however, high-
resolution may not be necessary; such as therapeutic
neuromodulation for movement disorders, mood
disorders, and neurogenerative diseases.

Wearable interfaces are also improving due to
advances in microelectronics and signal processing.
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Figure 4. Current challenges in neural span over: stability, data delivery, power supply and management and resolution. In each
of these realms innovative technologies are playing a major role. New materials are helping shape new solution for improved
stability, resolution and power consumption.

Materials for low-impedance dry electrodes are mak-
ing EEG easier and more reliable. Consumer friendly
wearables with low form factors like EEG-enabled
headphones and earbuds may enable entry into con-
sumer markets. On the therapeutic side, implanted
devices likeDBS, still show higher efficacy for difficult
to treat disorders when compared to wearable coun-
terparts, but contemporary effortsmay advancewear-
able approaches, for example using temporal interfer-
ence and focused ultrasound [118].

In cases where high-bandwidth information
transfer is desired, a major research challenge is
improving the spatial resolution and specificity of
neural recordings and stimulation. While current
microelectrode arrays offer impressive capabilities for
capturing neural activity, they often lack the spatial
precision necessary to distinguish individual neu-
rons or neural populations reliably. Furthermore,
the indiscriminate activation of nearby neurons dur-
ing stimulation can lead to unintended side effects
and limit therapeutic efficacy. It is important to note
that increasing the density of recording or stimulat-
ing channels in neural implants inevitably intensi-
fies mechanical and biological constraints. A chal-
lenge is increasing spatial resolution without com-
promising tissue integrity. Although some degree of
neuronal damage is unavoidable, progress in bio-
compatible and mechanically compliant electrode
materials may help reduce damage as spatial reso-
lution is improved. In parallel, the need to wire-out
each electrode poses major scaling challenges that
can be partially mitigated by integrating local active
electronics for multiplexing and signal conditioning.

However, such integration introduces additional hur-
dles in power delivery, thermal management, and
long-term encapsulation. Addressing these interre-
lated challenges is essential for achieving scalable,
high-density invasive neural interfaces. Altogether,
overcoming existing challenges requires the develop-
ment of advanced electrode designs, signal processing
algorithms, and closed-loop control strategies that
enable precise targeting and modulation of specific
neural circuits. The integration of implanted micro-
electrodes with external devices presents additional
technical hurdles. Ensuring seamless communication
between the implanted electrodes and external hard-
ware while minimizing power consumption, size,
and weight constraints is essential for practical and
scalable neural interface systems.

Advances in science and technology to meet
challenges
Meeting the challenges associated with implanted
microelectrodes for neural interfaces requires signifi-
cant advances acrossmultiple fronts to unlock the full
potential of neural interfaces for medical and scien-
tific applications (see figure 5). Neural interfaces open
transformative opportunities across therapeutic, per-
sonalized, and augmentative domains. Applications
span movement and sleep disorders, neurodegen-
eration, mental health, and neuroprosthetics, while
also enabling real-time, adaptive, and closed-loop
interventions for rehabilitation andmood regulation.
Together, these opportunities highlight the grow-
ing potential of neural technologies to deliver intel-
ligent, individualized, and responsive solutions for
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Figure 5. Opportunities in neural interfaces: adaptive closed loop systems, real time data, personalized analysis and new and
enhance therapeutics. Those can benefit a wide range of fields including rehabilitation, movement disorders, neurodegeneration,
mental health and neuro-prosthetics.

both clinical and enhancement purposes. One key
area of advancement lies in materials and coatings
that promote neural integrationwhileminimizing the
foreign body response. Novel materials with tailored
mechanical, electrical, and biological properties also
hold promise for improving the biocompatibility and
longevity of neural interface devices, thereby extend-
ing their functional lifespan and therapeutic efficacy.

Furthermore, advances in microfabrication tech-
niques are critical for improving the spatial resolution
and specificity of neural recordings and stimulation.
Novel electrode designs, such as high-density arrays
with smaller feature sizes and improved electrode-
tissue interfaces, enable more precise targeting and
modulation of specific neural circuits. Microscale
manufacturing technologies, such as microelec-
tromechanical systems and nanofabrication [119],
offer unprecedented control over electrode geom-
etry and surface properties, facilitating the develop-
ment of next-generation neural interface devices with
enhanced performance and functionality.

Low power electronics, wireless data and power
transfer, and improved signal processing algorithms
are also needed to enable future closed-loop devices
[120] and minimally invasive surgical procedures.
Improvements in power density via novel wireless
technologies and low-power electronic design will
help transition neural interfaces from traditional
medical device architectures with batteries and long
lead wires to fully integrated, to leadless devices that

can be delivered laparoscopically via out-patient pro-
cedures and operated as distributed wireless networks
within the body.

Alternatives to electrodes are also a promising
route forward, particularly for stimulating neural
activity. Forms of energy like light, magnetic fields,
and ultrasound are being explored with and with-
outmaterials or genetic manipulation as co-factors to
facilitate neural stimulation. How to use thesemodal-
ities for recording to extract information from the
nervous system remains an open question. Indeed,
future interfaces may include electrodes alongside
other forms of energy or even living cells as multi-
modal brain interfaces with enhanced longevity and
specificity.

In summary, neural interfaces are already helping
individuals with neurological injuries or degenerative
disorders. Future neural interfaces will be capable of
adapting to individual needs via closed-loop thera-
pies, operate reliably for years, and improve over time
not only by treating disorders, but eventually track-
ing what each patient needs and preventing further
decline in their medical condition.

Concluding remarks
Neural interfaces represent a pioneering convergence
of neuroscience and technology, offering unprece-
dented opportunities for direct communication
between the brain and external devices. While the
field has made significant strides, challenges persist
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in the development of implanted microelectrodes,
including issues of long-term stability, spatial res-
olution, and integration with external hardware.
However, ongoing advances in materials science,
microfabrication, and nanofabrication, as well as
understanding the factors that determine the bio-
logical responses to implanted device, hold promise
for overcoming these challenges and unlocking
the full potential of neural interfaces. By leverag-

ing interdisciplinary collaboration and pushing the
boundaries of science and technology, researchers
are poised to address these challenges and realize
the transformative potential of neural interfaces.
Together, these efforts herald a future where seamless
communication between the brain and technology
enables novel therapies, enhances human capabilities,
and deepens our understanding of the mind-brain
interface.
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Status
Neuroimaging, or the visualization of the nervous
system across space and time, is a fundamental tool
to map and understand the inner universe within us.
The human nervous system is comprised of billions
of neurons with trillions of connections operating
at millisecond speed. Emerging neuroimaging tech-
niques can be used to investigate brain function and
structure at high spatial and temporal resolutions,
while remaining largely non-invasive.

The field of neuroimaging evolved rapidly over
the past several decades, overcoming technical
challenges, enabling discovery and diagnosis, and
improving treatment planning and monitoring.
Given the current breadth of the field, we sim-
ply cannot cover every promising progress, rather
we hope to provide a representative sampling of
the many exciting advances, as well as promis-
ing directions, with an emphasis on those that are
being developed and translated to image the human
brain.

Current and future challenges
Because of the sheer scale of neurons and neu-
ronal connections, it is a daunting task to fully cap-
ture the brain in action at both high spatial and
temporal resolution. Yet neuroimaging faces obsta-
cles that go far beyond improving imaging hard-
ware alone. Four key areas stand out: imaging tech-
nology, data management, broad accessibility, and
integration with other neuroengineering disciplines
(figure 6).

While imaging technology has seen marked
improvements over the past two decades, it remains
a challenge to reach both high spatial and temporal
resolution at the same time in a non-invasive man-
ner. For example, PET and fMRI can spatially map
cerebral blood flow and oxygenation changes as the
result of neuronal activation, but their temporal res-
olution is constrained by hemodynamics; EEG and
MEG arrays can detect neuronal activity at the rate of
neuronal firing, but they lack sufficient spatial local-
ization. Even pre-clinical imaging modalities that use

genetically encoded indicators of neural activity are
ultimately limited by the dynamics of the biological
signal, the indicator, and the microscope. To date,
there still is not a neuroimaging technique that can
directly and non-invasively measure neuronal activ-
ities at both high spatial and temporal resolution
across the human brain.

Despite this, advances in imaging technology have
led to an explosion in the size and volume of neu-
roimaging data collected around the world. The vast
amount of neuroimaging data has had a transforma-
tive effect on scientific discovery, but the manage-
ment of those data has emerged as a significant chal-
lenge. With the diverse array of neuroimaging tech-
niques, features of data management such as stan-
dardization, curation, processing, and sharing have
been a central focus within the neuroimaging com-
munity in recent years. Improved ability to harmonize
the diverse and large amount of neuroimaging data is
in urgent need so that the collective big data can be
used to enable data-driven and AI-assisted analysis to
harness its power.

While large publicly available datasets begin
to address democratization of scientific inquiry,
accessibility to emerging neuroimaging tools remains
a challenge. As most of the development effort has
been invested to reach higher resolution, stronger
hardware, and faster speed, the costs of modern neu-
roimaging devices have been steadily increasing, and
are often out of reach in under-served regions and
populations. Addressing this challenge will ensure the
benefits of neuroimaging meet the needs of the com-
munity more fully.

Finally, neuroimaging has traditionally focused
on discovery and diagnosis, rather than treatment.
Integration with other neuroengineering disciplines,
such as artificial intelligence, brain-machine inter-
faces, and neuromodulation, for treatment and reha-
bilitation has been nascent. Closing this gap is critical
for using neural imaging to improve treatment plan-
ning, implementation, and monitoring.

Advances and opportunities
Challenges motivate innovations and give rise to
opportunities (figure 6). Indeed, there have been
many advances in recent years toward overcoming
these challenges, many of which opened new ways to
image the brain.

To address limitations in imaging technology,
researchers have developed hardware to increase
speed, sensitivity, and spatiotemporal resolution. For
example, new fMRI techniques using ultrahigh fields
can now readily reach submillimeter resolution to
resolve cortical layers close to the spatial scale of fun-
damental neuronal ensembles [121], while diffusion
MRI with ultrastrong gradient coils can resolve cor-
tical columns that can help identify earliest signs of
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Figure 6. Current challenges and opportunities in neural imaging target imaging technology, data management, accessibility of
neural imaging, and integration with other technologies.

neurodegeneration [122]. Recent advances in photoa-
coustic imaging in humans have shown great promise
in indirectly mapping neural activity (e.g. through
hemodynamics) at both high spatial and temporal
resolution, if accurate modeling of the human skull
can be obtained [123]. Continued effort is being
made toward direct imaging of neuronal activation
in humans [124], with most advances in pre-clinical
imaging where advanced genetically encoded sensors
[125–128] paired with ultrafast optical imaging [129]
are providing unprecedented access to neural activ-
ity. However, the highly scattering nature of the brain
remains a technical challenge for light-based neu-
roimaging where advances such as adaptive optics
[130] have shown promise for improved imaging
depth. Future innovations are aimed at the ultimate
goal of imaging the human brain at single neuron res-
olution. While we are unlikely to achieve this in the
next 10 years, it remains as the grand challenge of the
field.

Advances in image acquisition go hand in hand
with the improved data management to enable stan-
dardization for both data sharing and reproducibil-
ity of research outcomes. The advent of large neu-
roimaging consortia such as the Human Connectome
Project, ABCD, UK Biobank, and the Allen Brain
Observatory, has demonstrated the feasibility and
tremendous value of large neuroimaging data acquisi-
tion, harmonization, analysis, inference, and sharing
[131–134]. Containerized environments for repro-
ducible Neuroimagedata analysis [135] have ush-
ered in a new era of open science to promote
repeatable and accessible scientific inquiry. In par-
allel, preclinical imaging has promoted data stan-
dardization through the development of standard-
ized data formats [136], modular architectures for

neurophysiology data [137, 138], common refer-
ence brain atlases [134, 139], and open source soft-
ware packages for image analysis [140–143], which
has enabled large scale data platforms through the
Allen Brain Institute and the International Brain
Laboratory. Importantly, along with the rise of
AI, advanced analysis algorithms that take advan-
tage of big data to improve signal extraction, pat-
tern recognition, and clinical diagnosis are rapidly
emerging.

In the recent past, most significant effort has
been invested in advancing neuroimaging methods
for faster, bigger, and better performance leaving
many under-served regions and populations without
sufficient access to modern neuroimaging technolo-
gies. For example, the number of MRI machines per
million people in the US and developed world are
about 20–50, while in Africa this number is less than
1. To address this glaring gap, recent effort has also
been invested in portable and satellite-based wireless
imaging devices (even MRIs, [144]), which can serve
many under-served regions with insufficient relia-
bility in regular electricity and internet connectiv-
ity. In light-based preclinical imaging, open hardware
(e.g. [145–148]) has emerged as a leading candidate
to enable broad adoption of advanced neuroimaging
techniques.

Finally, the role of neuromaging has been evolv-
ing from that of a diagnostic tool toward an active
contributor to therapeutic approaches. For exam-
ple, neuroimaging has been playing an increas-
ingly important role in closed-loop theragnos-
tic approaches, or image-guided therapy, through
integration with other neuroengineering disciplines
such as closed-loop BMIs to acquire and analyze
neuronal activation data in real time, and guide
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neuromodulation or other external device (e.g.
robotics) to improve treatment planning, implemen-
tation, rehabilitation, andmonitoring [149]. In many
ways, neuroimaging is the cornerstone technology
that provides data for developing neural models, for
training AI and machine learning algorithms, for
providing feedback to BMIs, and for seemly lim-
itless future applications. This integration may be
one of the most exciting new opportunities for neu-
roimaging in the near future with applications in
preclinical imaging leading the field in technology
integration.

Concluding remarks
The field of neural imaging is evolving rapidly toward
the ultimate goal of visualizing fundamental neu-
ronal units and their activities across the brain in real
time. With improved precision and portability, the
future of neural imaging holds immense promise as
it can be employed to provide a precise map to guide
neuromodulation or to provide feedback to external
devices such as through closed-loop brain-machine
interfaces. These innovations have the potential to
transform both diagnosis and treatment of brain dis-
orders. As such, the future is bright (pun intended).
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Status
The use of technology to enhance therapy and treat-
ment for neurological and musculoskeletal disabil-
ities has been common practice for a long time.
Artificial limbs and body parts have been docu-
mented in times Before the Common Era with elec-
tric technologies for artificial limbs employed for
over 100 years [150]. Electrical therapies have a his-
tory that goes back at least hundreds of years, with
some reports as old as 2000 years [151]. It has been
∼50 years since robotic devices have first been tried
as training assistants for rehabilitation [152] and vir-
tual and augmented reality devices experiments for
rehabilitation soon followed [153]. We use the term
augmented rehabilitation here to refer to all of these
types of technologies. In the past, some researchers
have used the term augmented rehabilitation to apply
more strictly to augmented reality and/or virtual real-
ity rehabilitation [154], but language like technology
evolves over time. Thewide range of technologies that
have emerged in the last few decades for rehabilitation
require a more inclusive accounting to map a plan for
future developments.

Over the last thirty years, robotics and com-
puter science technologies have rapidly increased
their impact on rehabilitation. Best practices in reha-
bilitation have often relied on personal experiences
of clinicians due to the difficulty in recording ther-
apeutic interactions and tracking patient progress in
recovery. In addition, the high variability in injuries
and recovery across patients contribute to the diffi-
culty in performing randomized clinical trials. With
the advent of new rehabilitation technologies that
could quantitatively measure improvements as well
as enhance therapies, the field has become more
evidence-based in the approach to adopting new tech-
nologies. Many innovations have not yet reached
widespread clinical use, but the adoption of rigorous
assessment approaches has been widespread, in part
due to the new technologies available.

The most recent technological innovations for
rehabilitation include both hardware and software.
Robotics has brought new actuators and sensors that
helped standardize therapies and quantify patient
progress. Computer processor power and speed gains
have enabled new sensing and control approaches.

Subsequent advances in artificial intelligence and
control theory have provided adaptive human inter-
faces. Some of the technologies have focused on
replacing (e.g. active prostheses) [155, 156] or restor-
ing (e.g. exoskeletons) [157] lost human function
as assistive devices. Other technologies have focused
on enhancing the therapy process to allow humans
to recover their own sensory and motor capabilities
with practice (e.g. robotic gait trainers) [158]. Most
recently, neuroelectric medicine has been aided by
minimally invasive delivery mechanisms that allow
them to more effectively alter nervous system activity
[159]. TMS and direct current stimulation can alter
cortical excitability non-invasively both in the short
and long term, yielding considerable opportunities
for new treatment strategies [160]. Peripheral nerve
stimulation and spinal stimulation have also shown
promise as pathways to enhance neural plasticity
during therapy [161]. Augmented and virtual reality
hardware and software have been advanced through
the years, but evidence for their efficacy in neurologi-
cal rehabilitation above and beyond a similar amount
of standard therapy has been sporadic and mixed
[162, 163].

Translation of the technological advances to clin-
ical practice is coming slowly. Innovative devices
require time-intensive pilot studies and clinical tri-
als. For example, we have many robotic devices that
can manipulate physical interaction forces and many
electrical devices that can stimulate motor and sen-
sory neurons to alter adaptation and learning during
rehabilitation. However, we do not fully understand
how to optimize device parameters to yield the best
outcomes. As a result, there aremany clinical research
studies that shownegligible tomoderate effects. Some
researchers have even started to combine multiple
technologies simultaneously in the hope of improv-
ing clinical outcomes, with the result of increasing the
permutations of parameter optimization consider-
ably. This complicated process in rehabilitation engi-
neering design and development is confounded by a
lack of basic science knowledge on principles of neu-
ral plasticity. As a result, augmented rehabilitation
technology has yet to achieve its full promise to clini-
cal practice.

Current and future challenges
The three biggest challenges to developing better
augmented rehabilitation technology are a need for:
(a) better actuators, (b) better bidirectional human-
machine interfaces, and (c) optimization of delivery
parameters for maximizing adaptation, learning, and
plasticity (figure 7).

Most rehabilitation robotics devices have used
hard actuators with relatively low power to weight
ratios, but biological systems typically rely on soft
actuators with very high power to weight ratios
[170]. Creating flexible, lightweight actuators that
can mimic the advantages of biological muscles
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Figure 7. Technological innovations from robotics, computer science, and neuroscience have led the way for better devices for
augmented rehabilitation. (A): Upper limb prosthesis with osseointegration and targeted muscle reinnervation (Reproduced
from [155], with permission from Springer Nature). (B): Closed-loop brain-computer interface for therapy (Reproduced from
[164]. CC BY 4.0). (C): Deep brain stimulation (Reproduced from [165], with permission from Springer Nature). (D): Closed-
loop brain stimulation (Reproduced from [166]. CC BY 4.0). (E): Brain and spinal cord stimulation/recording (Reproduced
from [167]. CC BY 4.0). (F): Non-invasive spinal cord stimulation (Reproduced with permission from [168]. © The Author(s)
2023. CC BY-NC-ND 4.0). (G): Lower-limb prostheses with bi-directional interfacing (Reproduced from [156]. CC BY 4.0). (H):
Cyberdyne HAL exoskeleton. I: Manual dexterity test (box & block test) in extended reality, using immersive virtual reality with
controllers (Reproduced from [169]. CC BY 4.0).

would substantially improve rehabilitation devices.
Actuators that have a large range of motion, high
mechanical power outputs, and series elasticity could
allow exoskeletons and prostheses to assist more
human movement tasks. In addition to the actua-
tors themselves, there is a need for better transmis-
sion mechanisms. Mechanical interactions that keep
skin compression and stress levels low while not los-
ing large percentages of actuator energy to soft tissue
compression would be amajor improvement over the
status quo. Sockets for prostheses are one example of
mechanical interaction between the user and rehabil-
itation device that is uncomfortable, often causes skin
damage, and can lead to obstructed blood flow [155].

Human bodies typically operate with bidirec-
tional pathways between the nervous system and the
musculoskeletal system. However, many rehabilita-
tion engineering devices have primarily relied on uni-
directional control. There is the need to use mul-
timodal pathways to implement functional bidirec-
tional interfaces. For example, providing haptic, posi-
tion, and force feedback from a prosthetic limb to the
user’s nervous system would make it much easier for
the user to develop an internal model of the prosthe-
sis and adopt it into their body schema [171, 172].
Similarly, the likelihood for bidirectional interfaces
to improve embodiment is important in many other

wearable technologies [173, 174]. Another example
is the use of closed-loop DBS approaches that sense
ongoing brain activity to determine when and how
much to stimulate the brain [175]. Researchers have
barely touched the surface on using real-time biofeed-
back to shape immersive virtual and augmented
reality tasks and environments [176]. Whether a
biomechanical device, a neural device, or a hybrid
neuromechanical device, incorporating bidirectional
sensing and control has the potential to improve
performance.

Another major obstacle to widespread clinical
implementation of augmented rehabilitation tech-
nology has been inadequate understanding of sen-
sorimotor adaptation, learning, and plasticity [164].
Optimization of training, stimulation, and feedback
parameters is a slow process that takes considerable
time after initial prototype development. The large
inter-subject variability makes it difficult to system-
atically test parameter sensitivity in small research
studies. A better fundamental understanding of how
the nervous system responds tomechanical, electrical,
and sensorimotor stimulation would facilitate opti-
mization of interventions. Virtual reality in humans
and non-human animals offer the opportunity to use
neural imaging and biomarkers to reveal fundamen-
tal new information about neuroscience principles
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involved in sensorimotor adaptation, learning, and
plasticity.

Advances in science and technology to meet
challenges
In regards to engineering new actuators, there is more
diversity in approaches than ever before [170]. For
electromechanical and hydraulic actuators that are
still heavy and bulky, it has become common to use
cable transmissions to transmit force and power to
distal limb segments. Carrying added mass at the
torso or even off the body reduces the metabolic
penalty compared to carrying the added mass on the
limb segments. Moreover, compliant actuators that
can endure high jerk values without damage have
many advantages over stiff actuators that are not
backdrivable. As a result, engineers have looked to
develop artificial muscles using novel geometries and
materials, such as hydraulic and pneumatic origami,
shape memory alloys, or electroactive polymers [170,
177]. The recent advances with twisted and coiled
artificial muscles, rope-like structures with fibers that
compress with thermal or chemical control, hold
potential for soft and flexible mechanical human-
machine interfaces in the future [170].

Several new approaches to bidirectional neu-
ral interfaces have been developed in the last two
decades. For example, motor nerve fibers can now be
interfaced with many types of electrodes, including
intrafascicular micro-electrodes. Alternatively, nerve
transfer surgical techniques offer the ability to con-
nect peripheral nerves to muscle tissue, which acts
as a bioelectric amplifier of the nerve activity [155].
Nerve transfers and muscle interfacing for decod-
ing motor intent have revolutionized prosthesis con-
trol, especially in the case of proximal amputations.
Stimulating sensory nerve fibers can be done with
electrical, magnetic, and even ultrasound stimulators
on the skin’s surface (e.g. handheld vagus nerve stim-
ulators) [167, 172]. Electrical and ultrasound stimu-
lators may also provide controlled stimulation to the
spinal cord. Human experiments have revealed that
even simple low-level non-invasive stimulation to
the spinal cord can increase excitability and improve
motor function after neurological injury [159, 168].
Determining the optimal timing and stimulation
parameters remains to be achieved but these non-
invasive stimulators hold great promise for near-term
translation to the clinic. Meanwhile, DBS has become
a standard for treatment of symptoms in Parkinson
disease, essential tremor, and dystonia [165, 178], and
may soon extend its application to other pathologies.

A basic, mechanistic understanding of the neu-
rophysiological structures and processes targeted by
augmented rehabilitation technologies is lacking.
This knowledge gap is slowly being filled by adopt-
ing results of neurophysiological studies in the design
of rehabilitation systems. Long-term potentiation
(LTP)/long-term depression (LTD) in neural circuits

are key elements for learning and training. A particu-
larly relevant form of LTP/LTD plasticity in the con-
text of motor learning is that achieved using associa-
tive interventions, where pairs of stimuli are deliv-
ered to converging inputs onto a neuron in (tem-
poral or spatial) association, altering the synaptic
efficacy. An example of these approaches is Paired
Associative Stimulation, extensively tested in humans,
which has been translated into methods for neuro-
modulation in rehabilitation systems. For example,
brain interfacing is being incorporated into rehabili-
tation robotics to establish an associative link between
motor commands (decoded by the brain interface)
and sensory feedback (provided by the rehabilita-
tion robot via limb movements). Moreover, closed-
loop brain stimulation has systematically assessed
the efficacy of the stimulation in relation to brain
oscillations [166]. Another methodological approach
for tracking neural plasticity in human experiments
is mobile brain imaging with high-density EEG or
functional near-infrared spectroscopy [179]. These
imaging modalities can provide relatively fast feed-
back about changes in brain dynamics with rehabili-
tation interventionswithoutwaitingweeks ormonths
for behavioral outcomes. ECoG and other invasive
brain recording modalities can provide information
from an even greater range of brain structures with
improved spatial resolution [180], but the require-
ment for surgery is a drawback.

Concluding remarks
Augmented rehabilitation technologies, such as vir-
tual and augmented reality, exoskeletons, prosthe-
ses, and gait trainers, have had relatively slow clini-
cal translation over the last few decades. This delay
is evident when compared to other neurotechnolo-
gies, such as cochlear implants and visual pros-
theses. The slow implementation has been primar-
ily due to challenges in small sample size stud-
ies, widely varying experimental paradigms, lack of
bidirectional interfaces, and inadequate understand-
ing of neural plasticity mechanisms at the systems
level. Rehabilitation technology clinical trials are dif-
ficult, laborious, and expensive. Important steps have
been made to improve the technologies, and the
future will likely see accelerated widespread adoption.
Continued advances inminiaturized electronics, high
computational capacity, soft actuators, biomimetic
materials, machine learning & artificial intelligence,
and human in the loop controllers will continue to
push augmented rehabilitation technology to a much
larger number of patients.
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Status
Therapeutic and diagnostic interventions that have
been enabled through neural interfaces rely heavily
on the development of safe and effective materials.
From hermetically constructed packages for protect-
ing electronics, to the active electrodes which com-
municate with living tissues, it is critical that the
materials are not only functional but well tolerated by
the body across patient lifetimes. While early devices
focused on critical restoration of neural functions,
such as pacing of excitable cells, recent decades have
sought to improve the longevity and integration of
devices with the body.

Electronics within the body must be adequately
protected and approaches for hermeticity have been a
topic of significant research. However, these compo-
nents can be implanted in areas of the body that are
more tolerant of fibrotic encapsulation. Conversely,
the interconnects and electrode arrays that reside
within the target tissue must be carefully tailored to
ensure that mechanical and chemical properties are
biocompatible and stable across chronic implanta-
tion. To this end an intense research effort has focused
on improving the conductive elements of neurotech-
nology predominantly through the exploration of
new materials and manufacturing processes.

Historically both recording and stimulating
implanted electrodes have been fabricated from
metals, such as platinum (Pt) and platinum alloys,
due their stability within a biological environment
(figure 8). However, it is known that metals have sig-
nificant mechanical mismatch with soft tissues and
limited safe charge injection due to poor efficiency
of the transduction of electrons within metals to ions
within the body [181–183]. To improve the charge
injection capacity of electrodes,metal oxide and other
semi-metal materials have been exploited as coatings
[184, 185]. These materials can address some of the
electrochemical limitations but do little to ameliorate
the mechanical mismatch between hard devices and
soft tissues. In contrast, polymer and other organic
based approaches have been demonstrated to facil-
itate not only an ability to improve the operational
bandwidth of an electrode by widening the electro-
chemical safety window but also enable tailoring of
the mechanical and biological properties, providing

more stable performance under both recording and
stimulation conditions [107]. Inherently conductive
polymers and carbon technologies, such as graphene,
have shown promise at enabling mechanically tai-
lored and bioactive solutions to neural interfacing
[186, 187]. The most advanced approaches in this
area include living or biohybrid devices, which seek
to utilize not only synthetic organic electroactive
materials but also living components such as cells,
to create synaptic interfaces and integrated neural
networks between devices and endogenous neural
tissues [187].

Current and future challenges
While functional bench-top performance of poly-
meric electrodes has been shown to be compara-
ble across a wide range of material chemistries there
is some difficulty in comparing the biological per-
formance of these materials. Direct comparisons
between different material chemistries is made more
difficult due to the variation in device formats, char-
acterization protocols, and in vivo testing method-
ologies. A more general evaluation of material ‘bio-
compatibility’ is complicated by the tissue specific
interplay which includes both the materials surface
and device mechanics, where the latter depends on
both the materials and form factor. As such, a stan-
dard for comparison and an understanding of the
level of improvement enabled by new materials is a
critical need for informed design and comparative
assessment. In the specific case of electrodes, steps
have been made toward common metrics for perfor-
mance. The most important aspect is to enable low
impedance from a small surface area and to safely
inject charge [191]. The increased amount of charge
that can be deliveredwithin the electrochemical limits
of organic neuromaterials supports their utility and
translation [181, 191, 192].

While many new materials have been proposed
and characterized, there is a much smaller number
of neuromaterials that have been translated to indus-
try and implemented in the clinic, despite the poten-
tial these novel materials have in solving key chal-
lenges facing the field of neural engineering. Major
hurdles to the application of these next generation
neuromaterials are evidence of long-term efficacy and
the burden of regulation to understand the potential
degradation products of materials that are arguably
more complex than traditional metals [193]. For bio-
hybrid devices that are combinatorial, being both
the highest risk in medical device regulations (active
implantable medical devices) and with living compo-
nents such as stem cells, there is no unifying global
regulation [194]. As such, the translation of neuroma-
terials involves not only meeting the existing regula-
tions but also defining and safely navigating an unde-
fined area of device regulation.
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Figure 8. (A) A conventional electrode array, the Utah
Intracortical Electrode Array with 100 electrodes made
from silicon shanks metallized with platinum. Reprinted
from [188], Copyright (1998), with permission from
Elsevier. (B) Organic electrode array based on gold tracks
in flexible polyimide substrate. The electrodes are elec-
trochemically coated with PEDOT:PSS. Reproduced from
[189]. CC BY 4.0. (C) Human iPSC-derived myocytes cul-
tured on an electrode array based on PEDOT:PSS coated
gold electrodes in a parylene C substrate. Once implanted
on a nerve the culture myocytes form neuromuscular
junctions with the native tissue. Reproduced from [190].
CC BY 4.0.

However, there is a need for change, with neu-
ral electrode advancement being stymied by the lack
of translation. While the development of miniatur-
ized and low noise electronics has driven the matu-
rity of the neurotechnology field, the size and num-
ber of electrodes that are being implanted in patients
has not changed substantially [195]. Electrode arrays
with tens and occasionally hundreds of electrodes are
implanted clinically, but within the literature devices
with thousands of electrodes are designed and vali-
dated. These devices are routinely used in research,
such as neurophysiology studies, but with few excep-
tions have not advanced to clinical application.While
many applications do not require electrode numbers
in the hundreds to thousands, some applications such
as bionic eye devices benefit greatly from increased
channel counts. There remains an unrealized poten-
tial for improved clinical recording and stimulation,
enabling personalized and dynamic treatment of neu-
rological conditions.

Advances in science and technology to meet
challenges
There is a trade-off to be considered for advanced
devices that not only communicate with the neu-
ral system but also integrate and promote regenera-
tive environments. The addition of biological compo-
nents such as cells and biomolecules that can mod-
ify the environment of the target cells, also inherently
bear a greater risk to patient safety and challenge to
regulation, clinical testing, and sterilization. As such,
the future of neuromaterials and biohybrid technolo-
gies shouldmitigate patient risks while enabling tech-
nologies that can not only communicate with the
neural tissue but address the underlying disease or
injury pathology using novel approaches including
regenerative strategies and biomimetic stimulation
strategies.

Synthetic biology provides options for cellular-
like components that can be tuned to dynamically
respond to their environment. These vesicles can
release trophic factors, deliver gene transfects, or con-
tain organelles that are both responsive to, and effec-
tively immunoprotected from, the host environment
[196]. By removing or synthetically constructing the
biological component, the risk of immune reactions
is mitigated, but significant development is required
to ensure stability and temporal efficacy of these
constructs.

Surgical approaches can be used to provide alter-
native tissue engineered constructs without requiring
cells sourced from outside of the host. Regenerative
peripheral nerve interfaces are surgical constructs
that use spared patient muscle or dermal tissues.
These surgical constructs could be used in combi-
nation with organic electronics to create high reso-
lution interfaces for control of prosthetics and sen-
sory feedback [197]. By reusing tissues that are
deemed non-critical to the patient quality of life, this
approach may be more easily translated than other
biohybrid neuromaterials. This example of effective
repurposing of tissues for patient benefit may find
utility in other neural interfacing applications.

New materials also have an important role to
fill to allow combining neurotechnological interven-
tions with other modalities, e.g. the combination
with MRI. While metals typically generate imag-
ing artifacts, and conversely MR signals generate
large recording artifacts overshadowing neural signal
data, organic and carbon materials can be fully MR
compatible [198]. Additionally, conducting neuro-
materials can allow in situ degradable neurotechnol-
ogy. In some clinical use cases there is only temporary
need for monitoring or stimulation, and the thresh-
old for clinical usemay be reduced if this functionality
can be provided without the need to perform explant
surgery [199]. While a plethora of degradable insula-
tors already exist, the major remaining hurdle is still
the lack of conducting materials with sufficiently low
resistivity that disintegrate into constituents that are
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harmless and bioresorbable. Several pathways exist in
composites of both conducting polymers and metals
to explore degradability.

Concluding remarks
For many decades Pt has been the main conductor
used clinically in electrodes and connections, with
well-known limitations to high resolution connec-
tions with the nervous system.However, with increas-
ing options spanning metal oxides, carbon, and poly-
meric conductors, there are many more emergent
solutions that will provide increased functionality,
improved patient outcomes, and completely new
opportunities. The development of and adherence to
protocols for comparing neuromaterials and embed-
ding of studies which align closely with the interna-
tional standards for device safety and efficacy, is crit-
ical to seeing neuromaterials make impact within the
clinic. This parallels the need for identifying opti-
mal design criteria for specific clinical applications
andmapping the translational pathway to ensure that
there is also significant stakeholder engagement sup-
porting the design and clinical implementation of
devices based on advancedmaterial systems. Blurring
the divide between tissue engineering and bioelec-
tronics has been a critical step across recent years.
However, further merging may provide opportuni-
ties to enable more personalized and bespoke solu-
tions without the risk of poor biological responses
to foreign components (such as allogenic biologics).
This is particularly important for stimulation applica-
tions and recording in confined areas where smaller
electrodes are necessary to achieve greater spatial
resolution.
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