
 

 
© 2026 The authors. This is an open access article under the Creative Commons Attribution 4.0 International License 
(https://creativecommons.org/licenses/by/4.0/). 

Review 

Neurotechnology in Stroke 
Neurorehabilitation: Towards Precision and 
Personalized Rehabilitation Treatment 
Tianyu Jia 1,2,†, Jingyao Sun 2,†, Yun Guo 3,†, Chong Li 4,* and Yu Pan 3,* 

1 Department of Bioengineering, Imperial College London, London W12 0BZ, UK; t.jia21@imperial.ac.uk (T.J.) 
2 Department of Mechanical Engineering, Tsinghua University, Beijing 100084, China; sunjy22@mails.tsinghua.edu.cn (J.S.) 
3 Department of Rehabilitation Medicine, Beijing Tsinghua Changgung Hospital, School of Clinical Medicine, Tsinghua 

Medicine, Tsinghua University, Beijing 102218, China; gya02865@btch.edu.cn (Y.G.) 
4 School of Biomedical Engineering, Tsinghua University, Beijing 100084, China 

* Corresponding author. E-mail: chongli@tsinghua.edu.cn (C.L.); panyu@btch.edu.cn (Y.P.) 

† These authors contributed equally to this work. 

Received: 5 May 2026; Revised:10 June 2026; Accepted:9 July 2026; Available online: 20 July 2026 

 
ABSTRACT: Given the large global population of stroke survivors and limited rehabilitation resources, 
efficient treatments are urgently needed to help patients regain independence and reintegrate into society. 
In this review, we discuss how artificial intelligence and neurotechnology can be used to accelerate 
neurorehabilitation after stroke. First, we introduce neurorehabilitation mechanisms that provide the basis 
for neurotechnology development. Next, we describe how neurophysiological and neuroimaging 
biomarkers can be used for multimodal assessment and prognostic prediction. We then provide examples 
of brain-computer interface (BCI)-driven rehabilitation robots and BCI-triggered transcranial and 
peripheral neuromodulation for closed-loop rehabilitation training. 

Keywords: Stroke rehabilitation; Neuromodulation; Rehabilitation robotics; Prognostic prediction; Brain-
computer interface 
 

1. Introduction 

Globally, stroke is the third most common cause of both death and disability, with an estimated 94 
million individuals affected [1]. Given the large global population of stroke survivors and the relative 
shortage of rehabilitation resources, efficient rehabilitation interventions that help patients regain 
independence and reintegrate into society are of major clinical importance. 

Stroke is a highly heterogeneous disease characterized by neural injury that varies in anatomical 
location and severity [2,3]. Lesions in different anatomical regions can lead to overlapping neurological 
symptoms and behavioral deficits, thereby complicating the design of personalized rehabilitation strategies 
[4]. Accurate prediction of individual post-stroke outcomes plays a pivotal role in patient stratification, 
which is an essential prerequisite for precision rehabilitation [5]. In this context, neurophysiological and 
neuroimaging prognostic biomarkers have been developed to characterize recovery potential, and artificial 
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intelligence (AI) models are increasingly being used to help stratify recovery trajectories and inform 
personalized rehabilitation treatment strategies. 

Beyond intelligent prediction and stratification, effective rehabilitation interventions must be tailored 
to and appropriately delivered to individual patients. Brain-computer interfaces (BCIs) provide a promising 
solution by closing the loop between motor-related cortical activity and afferent feedback [6]. During BCI-
based rehabilitation training, patients can use their motor intentions to control a rehabilitation robot, which 
then drives the paralysed limb to perform movement. These movements, in turn, generate sensory feedback 
to the brain, influencing subsequent motor commands. Such sensorimotor feedback can effectively 
stimulate the cerebral cortex [7] and plays a critical role in promoting neural plasticity and functional 
reorganization [8]. By establishing a closed loop between neural activity and actual movement, this closed-
loop training facilitates the formation of motor sensations [7,9]. It offers a new pathway for active motor 
rehabilitation, particularly for stroke patients in the flaccid paralysis stage who have little to no voluntary 
motor ability. Furthermore, this approach can help rebuild patients’ confidence and enhance their 
willingness to engage in the rehabilitation process, which is an important factor influencing treatment 
outcomes [10]. However, clinical outcomes after BCI-based rehabilitation vary substantially among stroke 
patients. This variability is related to individual patient differences and limited alignment between diverse 
BCI rehabilitation methods and specific patient profiles. Therefore, the development of personalized 
treatment strategies is essential for effective BCI-based rehabilitation training. 

Addressing post-stroke diversity requires tailoring interventions to each patient’s unique clinical 
profile, thereby optimizing recovery outcomes. Consequently, moving beyond generalized protocols 
toward personalized rehabilitation is not merely beneficial but essential for advancing post-stroke 
neurorehabilitation. Therefore, in this review, we focus on the development of neurotechnology for 
precision and personalized rehabilitation treatment. 

As shown in Figure 1, we review the core mechanisms of neurorehabilitation and recent advances in 
neurotechnology, and discuss how these tools can accelerate neurorehabilitation after stroke. We propose 
that, despite remaining challenges in the field, integrating AI-driven approaches, multimodal biomarkers, 
and closed-loop BCI systems will enable more efficient, personalized rehabilitation strategies and move 
the field toward more tailored, precise, and efficient neurorehabilitation. 

 

Figure 1. Summary of artificial intelligence (AI) and neurotechnology in stroke neurorehabilitation. This review concisely 
examines core neurorehabilitation mechanisms and recent advances in multimodal biomarkers, AI-driven personalized treatment 
strategies, and closed-loop brain-computer interfaces (BCIs) for stroke rehabilitation training. 
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2. Basic Neurorehabilitation Mechanisms 

2.1. Neural Plasticity and Reorganization 

Neural plasticity refers to the capacity of the nervous system to remodel its physical architecture, alter 
its functional properties, and modify its connections in response to internal or external stimuli [11–13]. 
Structural changes involve synapse number and size, axonal arborization, and gray matter density, whereas 
functional changes encompass alterations in neural activity, motor-map remapping, and intrinsic 
excitability [12,14–16]. Two core mechanistic classes underlie the principles of synaptic plasticity: 
homeostatic and Hebbian plasticity [17]. Homeostatic plasticity is a form of negative feedback-mediated 
plasticity that maintains neural network activity within an optimal set point. This mechanism may play a 
critical role after stroke by initiating pathways that restore synaptic transmission and network function. 
Hebbian plasticity represents a positive feedback-mediated form of plasticity, in which synapses are 
strengthened when pre- and postsynaptic neurons are activated coincidentally. This form of plasticity may 
be critical after stroke for reinforcing and preserving appropriately organized functional connections. 

Neural reorganization constitutes the core neurobiological basis of functional recovery after stroke and 
other central nervous system (CNS) injuries. The balance between inhibition and excitation is disrupted 
after CNS injury. Several rehabilitation models collectively provide complementary frameworks for 
understanding post-stroke neuroplasticity. First, the vicariation model assumes that undamaged brain 
regions can take over functions previously managed by damaged areas. Second, the interhemispheric 
competition model posits that post-stroke recovery involves rebalancing inhibitory influences between 
hemispheres, whereby the unaffected hemisphere may excessively inhibit the affected one, hindering 
recovery. Third, the bimodal balance-recovery model integrates both previous models into a unified 
explanatory framework by introducing structural reserve, a key parameter that characterizes how well 
lesion-spared neural pathways and relays support recovery in each patient [18,19]. The level of structural 
reserve determines whether interhemispheric imbalance or vicariation prevails during recovery [18]. 
Specifically, high structural reserve favors the interhemispheric competition model, whereas vicariation 
better explains recovery in patients with limited structural reserve. The bimodal balance-recovery model 
enables personalized non-invasive brain stimulation strategies tailored to the unique needs of individual 
patients. Moreover, the brain and spinal cord play essential roles in processing sensory information and in 
directing and carrying out well-coordinated, skillful actions. Imaging studies have demonstrated altered 
cortical activation and functional connectivity following spinal cord injury, as well as changes in spinal 
cord activation and functional connectivity after stroke [20–23]. Together, these findings provide 
mechanistic support for the therapeutic use of spinal cord stimulation in both spinal cord and brain disorders. 
Accordingly, a brain-spinal cord interaction model has been proposed that encompasses stroke-induced 
changes in the spinal cord and cortical alterations secondary to spinal cord injury. 

2.2. Excitability and Connectivity in Neurorehabilitation 

CNS injury disrupts the brain’s intricate internal circuitry and external neuronal connections. 
Following stroke, a dynamic process of neural repair and structural-functional remodeling is spontaneously 
initiated in residual neural networks. Cortical reorganization emerges as early as 14 days post-stroke, 
yielding time-varying patterns of motor recovery and structural neuroplasticity [24]. Meanwhile, stroke 
induces profound physiological alterations in the ipsilesional primary motor cortex (M1), predominantly 
manifested as reduced corticospinal excitability [25]. In the chronic stroke stage, the severity of motor 
impairment is closely associated with the extent of structural damage to the corticospinal tract (CST), as 
well as surrogate markers of blunted cortical excitability and disrupted interhemispheric connectivity [26]. 
At the network level, motor recovery after stroke exhibits a dynamic trajectory: widespread network 
recruitment (acute stage), bilateral plastic remodeling (subacute stage), and focused optimization (chronic 
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stage) after ischemic stroke [27]. Structural and functional brain reorganization differ during motor 
recovery. A multimodal imaging study revealed that, following ischemic stroke, the structure and function 
of local lesions and their associated distal regions were damaged synchronously; however, during motor 
recovery, the two modalities exhibited dissociated changes [28,29]. 

Distinct dimensions of cortical structural reserve support both basic and complex motor control 
following stroke. Both basic and complex motor performance were found to correlate significantly with 
structural connectivity involving the bilateral premotor regions and the ipsilesional M1, in addition to 
interhemispheric connectivity between the left and right M1. Complex motor skills depended on CST 
integrity, whereas robust M1–M1 connectivity was strongly linked to basic motor control in a CST-
independent manner, especially among patients with significant motor recovery [29]. Rehabilitative therapy 
can effectively promote post-stroke motor recovery. Resting-state functional magnetic resonance imaging 
(fMRI) evidence has demonstrated that superior improvements in Fugl-Meyer Upper Limb Assessment 
(FMA-UL) scores among patients receiving mirror therapy are associated with increased fractional 
amplitude of low-frequency fluctuation in the contralesional M1 and restored interhemispheric functional 
connectivity between bilateral M1 regions. These changes facilitate motor signal transmission to the 
affected limb through ipsilateral pathways [30]. 

The brain and spinal cord interact reciprocally in terms of neural excitability and connectivity. A cross-
sectional study showed that, in patients with chronic stroke, activation and connectivity were altered 
between cortical motor regions and the spinal cord during the affected hand’s execution of a simple force-
generation task [20]. Likewise, both short-term skill acquisition and long-term motor memory formation in 
a novel task are associated with spinal cord plasticity and its bidirectional interactions with the brain [23]. 
Furthermore, spinal cord injury induced substantial reorganization of the primary somatosensory cortex 
(S1), characterized by a medial shift of the cortical representation of the little finger toward the region 
corresponding to the lower body [31]. 

In summary, rapid advances in neuroimaging and neural decoding have deepened our understanding 
of neurorehabilitation mechanisms. It is increasingly recognized that stroke represents a highly 
heterogeneous condition, characterized by neural injury that varies considerably in both anatomical 
distribution and functional severity. Consequently, a one-size-fits-all approach to post-stroke rehabilitation 
is no longer tenable. The substantial individual variability in recovery trajectories, lesion profiles, and 
functional deficits necessitates a paradigm shift toward individualized rehabilitation strategies. 

3. Artificial Intelligence-Driven Personalized Treatment Strategies 

3.1. Neurophysiological Biomarkers 

Neurophysiological biomarkers are indicators obtained using electrophysiological techniques that 
objectively reflect nervous system function or pathology. These biomarkers are distinguished by high 
temporal resolution, objective quantifiability, and the capacity for dynamic monitoring. An overview of 
common neurophysiological biomarkers relevant to stroke rehabilitation is provided in Table 1. 

Table 1. Summary of the prognostic biomarkers for stroke recovery. 

Category Technique Specific Measure 

Neurophysiological Biomarker 

TMS 
Motor-evoked potential status [32,33] 
Motor-evoked potential latency [34] 

EEG/MEG 
Event-related desynchronization [35] 

Power [36,37] 
Functional connectivity [36,38] 

TMS-EEG 
TMS-evoked potential status [39] 

EEG response pattern [40] 
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Interhemispheric imbalance [41] 
EEG-EMG Corticomuscular coherence [42] 

Neuroimaging Biomarker 
DTI 

Fractional anisotropy asymmetry of the corticospinal tract [32,43–45] 
Corticospinal tract lesion load [46] 

Other white matter integrity measures [47–51] 

fMRI 
Task-based laterality index [35,52] 

Resting-state functional connectivity [53–55] 

Abbreviations: TMS, transcranial magnetic stimulation; EEG, electroencephalography; MEG, magnetoencephalography; EMG, 
electromyogram; DTI, diffusion tensor imaging; fMRI, functional magnetic resonance imaging. 

Motor-evoked potentials (MEPs) are established indicators for assessing the functional CST integrity 
[56]. MEPs are typically acquired by delivering transcranial magnetic stimulation (TMS) over the 
ipsilesional M1 while simultaneously recording electromyogram (EMG) from target muscles of the affected 
limb. Notably, MEP status in the acute phase constitutes a robust prognostic biomarker for upper-limb 
motor outcomes [32]. Specifically, patients exhibiting an MEP response (MEP+) in the acute phase often 
achieve proportional recovery of upper-limb function by the chronic phase, whereas those lacking an MEP 
response (MEP−) typically demonstrate limited recovery. Moreover, accumulating evidence indicates that 
MEP status retains prognostic utility in the chronic stage, as even chronic MEP+ patients show a greater 
potential for meaningful functional gains [33]. However, the predictive value of MEPs for lower-limb 
recovery remains unclear. Although several studies suggest that MEP+ status is associated with better 
walking outcomes [57,58], MEPs have not been shown to effectively predict proportional recovery of 
lower-limb function [59]. Furthermore, among MEP+ patients, those with shorter MEP latencies tend to 
achieve superior functional outcomes [34]. 

Electroencephalography (EEG) and magnetoencephalography (MEG) are non-invasive techniques for 
recording cortical neurophysiological activity and serve as valuable tools for monitoring neuroplasticity 
and neural reorganization after stroke [60]. Given the high availability of resting-state EEG signals, 
prognostic research on stroke recovery has largely relied on EEG data acquired during rest [61]. Although 
alpha- and beta-band event-related desynchronization (ERD) has shown considerable promise for BCI-
based rehabilitation training after stroke [62], its prognostic utility remains unclear, largely owing to the 
substantial inter-individual variability in brain activation patterns [63]. Notably, this prognostic value may 
differ markedly between the subacute and chronic phases of recovery [35,64]. By contrast, substantial 
evidence supports the prognostic utility of resting-state EEG power and connectivity [61]. Delta-band 
power in the ipsilesional M1, as well as delta-band coherence between the ipsilesional and contralesional 
M1, have been shown to serve as useful biomarkers for stroke recovery [36]. Furthermore, studies indicate 
that within the first two weeks post-stroke, reduced alpha activity and enhanced delta activity in the 
ipsilesional hemisphere are typically associated with a poor functional prognosis [37]. Conversely, within 
three months post-stroke, increased EEG coherence between the ipsilesional M1 and other cortical regions 
is significantly and positively correlated with improvements in upper-limb motor function [38]. However, 
current EEG-based biomarker research remains largely confined to group-level statistical correlations and 
has yet to achieve precise prediction of disease progression at the individual patient level. 

A promising approach for exploring motor networks and recovery patterns after stroke is the combined 
use of EEG and TMS. A significant advantage of TMS-EEG is that it allows investigation of immediate 
cortical responses induced by TMS and the causal propagation of neural activity [65]. Moreover, unlike 
conventional MEPs, TMS-EEG does not depend on peripheral pathway integrity or the capacity to generate 
a behavioral response, rendering it particularly valuable as a biomarker for stroke recovery [40]. Manganotti 
et al. [39] investigated the prognostic utility of the N100 component of TMS-evoked potentials (TEPs) and 
found that TEP status in the acute phase can predict motor outcomes at three months post-stroke. 
Interestingly, some patients with brainstem lesions exhibited normal TEPs in the absence of MEP responses, 
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indicating a cortical-subcortical origin of TEPs and underscoring the complementary roles of MEPs and 
TEPs. Tscherpel et al. identified two markedly distinct morphologies of TMS-evoked EEG responses after 
stroke [40]. In patients with favorable outcomes, TMS evoked distinct and sustained EEG waveforms 
featuring a sequence of deflections, whereas in those with poor outcomes, TMS evoked only slow and 
simple local responses. Casula et al. employed TMS-EEG to assess interhemispheric imbalance and 
demonstrated that patients with more favorable recovery exhibited greater TEP symmetry between 
hemispheres [41]. Overall, TMS-EEG-based biomarkers remain in the exploratory phase, and no consensus 
features have been established yet. 

In addition, corticomuscular coherence (CMC), which quantifies the functional coupling between 
EEG/MEG and EMG signals, can provide valuable insights into corticospinal communication [66]. Given 
the central role of CST integrity in prognostic research, CMC represents a particularly promising tool for 
motor prognosis. Studies investigating the application of CMC in stroke patients have revealed its abnormal 
modulation following stroke [67,68], as well as longitudinal changes during rehabilitative training [69–71]. 
Notably, a recent study demonstrated that CMC can effectively predict MEP status in subacute stroke 
patients [42]. However, the sample size was small, and the broader prognostic utility of CMC remains to 
be fully elucidated. 

3.2. Neuroimaging Biomarkers 

Neuroimaging biomarkers are quantifiable indicators derived from medical imaging techniques that 
objectively reflect the structural, functional, or metabolic status of the nervous system. Table 1 summarizes 
common neuroimaging biomarkers in stroke rehabilitation. 

Diffusion tensor imaging (DTI) is a non-invasive technique for quantifying white matter tract damage 
after stroke [72]. A key metric based on DTI is fractional anisotropy (FA), which reflects both axonal 
density and myelination. Numerous studies have demonstrated that FA asymmetry at key waypoints along 
the CST, such as the posterior limb of the internal capsule and pons, serves as a robust predictive factor of 
motor recovery [32,43–45]. In addition, CST lesion load can effectively predict upper-limb motor outcomes 
[46]. Collectively, these findings show that structural disruption of the ipsilesional CST is strongly 
correlated with poorer functional recovery. Consequently, DTI-based metrics reflecting CST damage have 
been established as robust biomarkers for stroke recovery and are ready for use in clinical trials [73]. 
Notably, other brain regions and neural pathways, including the ipsilesional frontoparietal pathway [47], 
the M1-ventral premotor cortex pathway [48], the cortico-basal ganglia pathway [49], the cortico-thalamic 
pathway [50], and the cortico-cerebellar pathway [51], also play a crucial role in motor recovery after stroke. 
Therefore, achieving more precise motor outcome prediction for individual patients will likely require the 
integration of white matter integrity measures across multiple regions and pathways. fMRI can measure 
neural activity by detecting hemodynamic changes induced by neuronal activation. Generally, fMRI-based 
biomarker techniques can be classified as task-based and resting-state fMRI. Task-based fMRI typically 
measures task-related cortical activation to identify abnormal activation patterns following stroke. During 
the acute and subacute phases, mildly impaired patients tend to exhibit ipsilesional activation patterns 
consistent with those observed in healthy individuals, whereas severely impaired patients demonstrate 
sustained recruitment of the contralesional hemisphere [35]. The laterality index is commonly used to 
quantify these activation patterns, with laterality index values closer to those of healthy subjects generally 
associated with better motor outcomes [52]. However, post-stroke activation patterns are highly dynamic 
and are substantially influenced by stroke subtype (e.g., cortical versus subcortical) [63]. Consequently, 
these patterns may primarily reflect the neural mechanisms and efficacy of the recovery process rather than 
serve as direct predictors of motor prognosis. Resting-state fMRI quantifies functional connectivity across 
brain regions to characterize functional networks and predict behavioral outcomes [53]. Studies have shown 
that patients with favorable outcomes exhibit higher functional connectivity than those with poor outcomes 
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[54]. Interhemispheric connectivity is particularly important in post-stroke motor recovery [55]. This 
association appears to be independent of damage to specific anatomical structures, suggesting that decreased 
connectivity reflects underlying recovery mechanisms rather than being a direct consequence of stroke-
induced injury [74]. Importantly, resting-state functional connectivity can provide additional predictive value 
beyond that offered by clinical scores and structural CST damage, making it a particularly valuable 
component for constructing comprehensive prognostic models of post-stroke motor outcomes [54,74]. 

Given that stroke-related injury and recovery involve widespread structural and functional networks, 
the integration of multimodal data holds particular promise for predicting motor outcomes. Bowren et al. 
employed multivariate lesion-behavior and lesion network mapping to predict patients’ motor performance 
at the 12-month follow-up after stroke, and validated the additive predictive value of structural and 
functional lesion network mapping beyond that provided by lesion-behavior mapping alone [75]. A recent 
study emphasized that structural reserve shapes functional network reorganization, suggesting that motor 
outcomes associated with varying levels of structural reserve are linked to distinct patterns of functional 
reorganization [76]. 

3.3. AI-Based Prognostic Prediction 

The goal of prognostic biomarkers is to stratify recovery trajectories for individual patients, thereby 
informing the design of personalized treatment strategies. However, current prognostic biomarkers are 
largely based on statistical correlations at the group level and remain unable to achieve reliable individual-
level prognostication in the early stages of rehabilitation. Modern AI techniques offer new opportunities to 
bridge the gap between group-level prognostic biomarkers and individualized prognostic models. 

Machine learning models have been widely employed to predict motor outcomes after stroke [77]. By 
combining clinical assessments, MEP status, and FA asymmetry in the posterior limb of the internal capsule 
within a decision tree framework, the Predict Recovery Potential (PREP) algorithm predicts upper-limb 
recovery at the individual level [78]. Tozlu et al. evaluated the performance of different methods and found 
that elastic net (EN) significantly outperformed other approaches in predicting motor outcomes based on 
demographic and baseline clinical data (R2 = 0.91). Koch et al. employed FA connectomes in conjunction 
with support vector machine (SVM) models to predict whether patients would achieve proportional 
recovery, achieving 92% accuracy and 93% precision [79]. Several studies have also adopted deep learning 
methods for predicting stroke outcomes, leveraging their significant advantage in modeling high-
dimensional data. In a study involving 324 stroke patients with large vessel occlusion, a convolutional 
neural network (CNN) model was designed to extract high-level feature maps from DTI data to predict 
clinical outcomes [80]. The CNN model demonstrated superior predictive performance compared with 
conventional models (AUC: 0.81 ± 0.06). Another study employed a 3D-CNN model that used 
demographic data and structural MRI as input to predict recovery potential, demonstrating superior 
performance over conventional machine learning methods (accuracy: 92%) [81]. Furthermore, deep 
learning methods combined with EEG data also hold considerable promise for predicting motor outcomes 
[82–84]. Generally, EEG data are first preprocessed, and then power and functional connectivity in different 
frequency bands are calculated as input features for CNN models to predict recovery potential. EEG-based 
prognostic models are promising for clinical practice because of their high availability and low cost. 
However, given that deep learning methods typically require large sample sizes, further studies are 
warranted to evaluate their prognostic utility more broadly. The advantages and limitations of different 
models for prognostic prediction are compared in Table 2. 
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Table 2. Comparisons of the advantages and limitations of different models for prognostic prediction. 

Algorithms Advantages Limitations 

Elastic Net 
Combines L1 and L2 regularization; performs 
feature selection and model fitting simultaneously; 
offers good interpretability. 

Assumes linear relationships; may fail to capture 
complex nonlinear patterns. 

Support Vector 
Machine 

Effective for high-dimensional, small-sample data; 
can model nonlinear relationships via kernel 
functions; strong generalization. 

Requires hyperparameter tuning; limited interpretability 
with nonlinear kernels. 

Artificial Neural 
Network 

Capable of learning highly complex and nonlinear 
patterns; flexible for various data types. 

Requires large amounts of data; prone to overfitting; 
many hyperparameters to tune; poor interpretability. 

K-nearest 
Neighbors 

Simple and intuitive; no training phase. 
Sensitive to feature scaling and noise; suffers from the 
curse of dimensionality. 

Random Forest 
Robust to overfitting; handles high-dimensional 
data well; provides feature importance; captures 
nonlinear relationships. 

Large model size; slow prediction speed; can be biased 
toward majority classes. 

Convolutional 
Neural Network 

Excels at extracting spatial and hierarchical 
features from neurophysiological and 
neuroimaging data; high predictive performance. 

Requires large labeled datasets; computationally 
expensive; complex hyperparameter tuning; poor 
interpretability; prone to overfitting without sufficient 
data. 

Model interpretability remains a critical concern in the clinical application of prognostic models. A 
persistent trade-off exists between model complexity and transparency, making it challenging to optimize 
both predictive performance and interpretability simultaneously [2]. Currently, most prognostic models are 
built using machine learning methods that embed interpretability directly into their structure. The 
predictions of these inherently interpretable models, such as linear regression, can be understood through 
ante-hoc analysis of their parameters and decision rules [78,85]. However, for models that lack intrinsic 
interpretability, post-hoc methods are required to explain their predictions in terms of readily interpretable 
factors [86]. Marialuisa et al. employed four model-interpretability methods, including random forest 
variable importance (RFI), permutation feature importance (PFI), SHapley Additive exPlanations (SHAP), 
and Local Interpretable Model-agnostic Explanations (LIME), to interpret the outputs of prognostic models 
[87]. The results showed that baseline motor impairment was the most influential predictor. A recent study 
constructed prognostic models using multimodal behavioral data to predict patients’ responses to BCI 
treatment and applied the SHAP method to interpret the model outputs [88]. The results revealed that 
baseline motor impairment, muscle spasticity, and balance function were the primary predictors of lower-
limb recovery. 

In summary, as shown in Figure 2, AI-based prognostic prediction has yielded substantial advances 
and offers new approaches for stratifying recovery trajectories at the individual level, holding considerable 
promise for predicting both natural recovery potential and responses to specific treatments. The 
development of AI-driven prognostic models represents a critical first step toward implementing 
personalized treatment strategies for stroke patients. However, to maximize rehabilitative efficacy, 
prognostic stratification must be integrated with personalized intervention protocols. Therefore, it is 
imperative to design individualized therapies informed by AI-based prognostic models. 
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Figure 2. Summary of neurophysiological and neuroimaging prognostic biomarkers developed to characterize recovery potential. 
The three panels illustrate an integrated framework that combines multimodal neural data (neurophysiological and neuroimaging 
biomarkers), artificial intelligence (AI) modeling, and personalized prognostic output. These biomarkers help characterize recovery 
potential, while AI models further stratify individual recovery trajectories and guide the design of tailored rehabilitation strategies. 

4. Brain-Computer Interfaces in Neurorehabilitation 

4.1. Brain-Computer Interface-Driven Rehabilitation Robots 

Given the large global population of stroke survivors and the substantial demand for rehabilitation 
resources [1], rehabilitation robot-based training can replicate the therapeutic movements of rehabilitation 
therapists through standardized training tasks, thereby assisting patients in completing their rehabilitation 
exercises. In this context, rehabilitation therapists can assume the role of high-level supervisors and 
rehabilitation task designers, overseeing and adjusting the rehabilitation process for multiple patients 
simultaneously. However, Rodgers et al. [89] conducted a multicentre randomised controlled trial involving 
770 stroke patients, comparing the rehabilitation outcomes of robot-assisted training, enhanced upper-limb 
therapy, and usual care. The results showed that, compared with usual care, neither robot-assisted training 
nor enhanced upper-limb therapy led to significant improvements in upper-limb function after stroke. These 
findings do not support the routine clinical implementation of robot-assisted training as delivered in this 
trial. This study offers new insights for the development of rehabilitation robotics: Rehabilitation robot–
based training can now replicate many therapeutic tasks that previously required manual delivery by 
rehabilitation therapists. However, merely imitating and reproducing these tasks is insufficient to further 
enhance the efficacy of rehabilitation. The integration of BCIs with rehabilitation robots enables the 
construction of a closed-loop motor control system by decoding the patient’s movement intentions, using 
robotic assistance to guide limb movement, and providing sensory feedback from the resulting movement. 
The establishment of this “central-peripheral-central” closed-loop feedback can promote neural 
reorganization and the generation of motor sensations [6,90]. The combination of BCIs and rehabilitation 
robotic systems, therefore, holds promise for substantially improving the efficiency of clinical rehabilitation. 

The MIT-Manus, widely regarded as the world’s first upper-limb rehabilitation robot, facilitates 
coordinated movement of the shoulder and elbow joints by using an end-effector to guide hand motion [91]. 
Ang et al. [92] examined the efficacy of MIT-Manus, integrated with a motor imagery (MI)-BCI system, 
in patients with chronic stroke. Motor gains were found to be comparable to those from intensive robotic 
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therapy, even though BCI-MIT-Manus training required fewer arm exercise repetitions by leveraging MI-
triggered robotic feedback. In addition to end-effector-type upper-limb rehabilitation robots, exoskeleton-
type upper-limb rehabilitation robots have also been developed. For instance, Frisoli et al. [93] developed 
the L-Exos, a force-feedback-based exoskeleton rehabilitation robot capable of performing point-to-point 
linear trajectory training tasks in three-dimensional space. To promote the practical use of BCI-
exoskeletons by patients, researchers have made efforts to reduce both the time and financial costs 
associated with their application. Bhagat et al. [94] developed a BCI-based upper-limb exoskeleton (MAHI-
Exo II) for stroke rehabilitation, that utilized movement-related cortical potentials (MRCPs) to detect motor 
intention in chronic stroke patients across days without requiring BCI recalibration, thereby greatly 
enhancing the convenience of the system for daily use. To enable a user-adaptive rehabilitation architecture, 
Wu developed an ultra-low-cost BCI system incorporating a lightweight, five-degree-of-freedom forearm 
exoskeleton equipped with real-time haptic vibration feedback [95]. The integration of BCI with lower-
limb rehabilitation robots has also been investigated [96]. In a randomized controlled trial, Zhai et al. [97] 
provided evidence that BCI-based ankle robot rehabilitation training led to significant lower-limb motor 
function improvement and spasticity reduction following stroke. 

Hand function rehabilitation is critical for performing fine motor control tasks; thus, numerous studies 
have focused on the development and clinical application of BCI-driven hand exoskeleton rehabilitation 
systems. To address issues such as poor comfort associated with rigid exoskeletons during human-robot 
interaction, soft exoskeletons have been proposed as an alternative solution. Guo et al. [98] developed a 
soft robotic glove (SRG) for paralyzed hand function recovery, in which steady-state visually evoked 
potentials (SSVEPs) were employed to detect the user’s motor intention and trigger the glove accordingly. 
After two weeks of training, hand function recovery after SSVEP-BCI-controlled SRG rehabilitation was 
better than that after robotic glove rehabilitation alone. Cheng et al. [9] used a MI-BCI to drive a SRG 
during six weeks of rehabilitation training in chronic stroke patients. Their clinical findings indicated that 
all subjects in the BCI-SRG group experienced a vivid sensation of movement after the intervention. Zhang 
et al. [99] further developed a hybrid BCI paradigm combining MI and high-frequency SSVEP to enhance 
BCI control of SRGs for stroke rehabilitation. Evaluation results demonstrated mean accuracies of 95.83 ± 
6.83% for 12 healthy subjects and 63.33 ± 10.38% for 9 stroke patients, respectively. Further evidence from 
a placebo-controlled, multicenter clinical trial demonstrated that integrating BCI control with exoskeleton-
assisted physical therapy improves rehabilitation outcomes. Using a randomized controlled functional near-
infrared spectroscopy (fNIRS) study, Ji et al. [100] explored the effects and neurorehabilitation mechanisms 
of BCI-SRG training for stroke rehabilitation and found that the BCI-SRG group showed significant brain 
cortical activation. Notably, changes in prefrontal activation were positively correlated with functional 
improvements as measured by the Action Research Arm Test (ARAT), with significant correlations 
identified specifically in the left and right dorsolateral prefrontal cortex. 

It is important to note that the sample sizes of the aforementioned studies are relatively small. To date, 
no large-scale multicentre trial comparable to the work by Rodgers et al. [89] has been conducted to 
compare BCI-driven rehabilitation robots, conventional rehabilitation robots, and usual care, to determine 
whether BCIs offer demonstrable advantages in large-scale clinical applications. Nevertheless, several 
researchers have attempted to address this question through meta-analyses. Li et al. [90] reviewed twenty-
one randomized controlled clinical trials (RCTs) (n = 886 patients) in their meta-analysis and found that 
BCI combined with rehabilitation robots was effective for patients in the chronic stage. In contrast, Qu et 
al. [101] found that although BCI-robot systems led to significant and sustained improvements in motor 
recovery of the hemiparetic upper limb, their meta-analysis showed no significant difference when 
comparing the BCI-robot group with the robot-alone control group. We identified substantial heterogeneity 
in the reported clinical studies. This heterogeneity may stem from the absence of a standard protocol for 
assessing technical and clinical outcomes. In addition, individual clinical variability among patients 
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represents another important source of heterogeneity, as standard BCI-rehabilitation robot training protocol 
cannot be expected to be effective for all individuals, and a one-size-fits-all BCI training approach is 
unlikely to be appropriate. 

Instead, personalized BCI training strategies tailored to different patients may be necessary. For 
example, Jia et al. [6] found that individualized differences in post-stroke neural reorganization led to 
variations in the effectiveness of closed-loop motor control construction during BCI-based rehabilitation 
robot training. Moreover, the stage of recovery is also an important factor. A meta-analysis showed that 
BCI-robot intervention improved upper-limb movement function in patients in the chronic stage but not in 
those in the subacute stage [90]. Tailored BCI-based rehabilitation training could serve as a dependable 
rehabilitative strategy to promote post-stroke motor recovery. 

4.2. Brain-Computer Interface-Triggered Transcranial and Peripheral Neuromodulation 

BCIs can directly link patients’ motor intentions to external stimulators acting on the brain (transcranial 
neuromodulation) or the limbs (peripheral neuromodulation). For peripheral neuromodulation, the 
rehabilitative mechanism of establishing a “central–peripheral–central” closed loop is similar to that of 
BCI-based rehabilitation robot training. For transcranial neuromodulation combined with BCI, the addition 
of transcranial electrical stimulation (tES) or TMS can enhance cortical excitability, motor performance, 
and motor relearning. 

BCI-functional electrical stimulation (FES) and BCI-robot systems share a similar closed-loop 
mechanism, operating through a “central–peripheral–central” pathway in which cortical activity is decoded 
to activate peripheral effectors, and the resultant sensory feedback re-enters the central nervous system to 
complete the loop. By extensively recruiting Golgi tendon organs and muscle spindle feedback circuits, 
FES not only induces functional movements but also delivers proprioceptive and somatosensory input. 
Furthermore, evidence from multiple studies suggests that FES can influence cortical excitability [102,103]. 
Ibáñez et al. [104] validated BCI-actuated FES (BCI–FES) in four patients with chronic stroke, 
demonstrating the system’s usability and suggesting its potential therapeutic efficacy. Biasiucci et al. [103] 
further investigated whether BCI–FES targeting hand function outperforms sham-FES in promoting 
functional recovery and neuroplasticity in 27 patients with chronic stroke. The results confirmed that only 
the BCI–FES group achieved significant functional recovery, which was sustained for 6–12 months after 
therapy. In a larger cohort of stroke patients (n = 51 patients), Sebastián-Romagosa et al. [105] further 
validated the clinical efficacy of BCI–FES, demonstrating that patients achieved a significant 4.68-point 
improvement assessed by FMA-UL after three months of treatment, which surpasses the threshold for 
clinically important difference [106]. A meta-analysis of 10 RCTs comprising 290 stroke patients evaluated 
the effectiveness of BCI–FES training for promoting upper-limb functional recovery. The findings indicate 
that BCI-FES yields substantial immediate enhancements in upper-limb performance for individuals in both 
the subacute and chronic stages of stroke, but evidence for long-term effectiveness remains limited [107]. 
Although the aforementioned studies have demonstrated the clinical efficacy of BCI–FES, certain 
heterogeneity remains, particularly regarding whether BCI–FES confers long-term benefits. A mechanistic 
interpretation of BCI–FES is therefore warranted. Biasiucci et al. [103] found that significant EEG 
differences favoring the BCI–FES group over the sham-FES group, primarily manifested as increased 
functional connectivity among ipsilesional motor regions, which was associated with functional gains [108]. 
The BCI-FES-induced simultaneous activation of cerebral motor regions and peripheral effectors may 
promote Hebbian-like plasticity and reinforced CST projections [103,109,110]. 

By precisely modulating neural activity and altering cortical excitability, non-invasive brain 
stimulation (NIBS) techniques, including TMS, transcranial alternating current stimulation (tACS), and 
transcranial direct current stimulation (tDCS), can promote functional recovery in damaged brain regions. 
BCI-NIBS primarily adopts two paradigms. The first involves using NIBS to either excite or inhibit specific 
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brain regions prior to BCI-based rehabilitation training, with the goal of enhancing motor learning 
performance under a favorable cortical excitability state. Jia et al. found that repetitive TMS (rTMS) applied 
to the sensorimotor cortex before motor imagery could enhance ERD, thereby leading to improved BCI 
performance in both healthy participants [111] and stroke patients [112]. Hong et al. [113] also reported 
that long-lasting neuroplasticity was detected in the group that received tDCS prior to MI-BCI. The second 
paradigm is BCI-triggered NIBS, which establishes a closed loop from central decoding to central 
stimulation. Accurate temporal coupling between neural state detection and stimulation delivery is critical 
for potentiating cortical plasticity and facilitating motor recovery [114]. Using state-dependent EEG-
triggered TMS (EEG-TMS) in healthy subjects, Zrenner et al. [115] targeted the negative and positive peaks 
of the sensorimotor µ-rhythm, markers of high versus low corticospinal excitability. Only TMS delivered 
during the high-excitability state produced long-term potentiation-like changes in corticospinal excitability. 
Despite the promising clinical outcomes of BCI-NIBS reported above, this approach still faces several 
technical challenges. The cortical regions from which EEG signals are acquired for BCI decoding are 
typically not the same as those targeted by stimulation; co-localized recording and stimulation could 
potentially improve clinical outcomes. The electric and magnetic fields generated during brain stimulation 
inevitably introduce substantial noise into the simultaneously recorded EEG signals. Therefore, real-time 
signal denoising algorithms are needed for effective use of BCI-NIBS systems. 

In summary, as shown in Figure 3, integrating BCI into rehabilitation robots or neuromodulation can 
effectively establish a closed-loop system. However, few studies have examined the construction of 
personalized closed-loop systems based on individual differences, such as patients’ neural reorganization, 
and this should be a key direction for future research. Moreover, BCI intervention outcomes are strongly 
influenced by brain-signal stability and closed-loop delay. Therefore, the clinical implementation of BCI 
requires robust, low-latency signal processing architectures and quick recalibration protocols that optimise 
the balance between time cost and clinical effectiveness. Furthermore, one important factor currently 
missing from BCI-based rehabilitation training is the positive affective benefits of interpersonal interaction 
led by rehabilitation physicians [10,116]. Future development of intelligent rehabilitation technology 
should explore the affective influences on motor relearning and develop methods for affective human-robot 
interaction to improve the efficiency of robot-based rehabilitation training. 

 

Figure 3. Summary of brain-computer interface (BCI)-driven rehabilitation robots and neuromodulation developed for closed-
loop rehabilitation training. 
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5. Considerations and Limitations 

This review highlights recent advances in the development and clinical application of stroke prognostic 
prediction and BCI-based rehabilitation technologies. It aims to motivate further exploration of how neural 
reorganization mechanisms can be integrated with AI to develop neurorehabilitation technologies for stroke, 
thereby enabling personalized rehabilitation treatment. However, careful consideration must be given to 
the current state of neural signal acquisition and model training, particularly the difficulty of developing a 
clinically generalizable model from the constrained sample sizes available through routine clinical data 
collection. Neural activity data, such as EEG, fNIRS, and fMRI, serve as the foundation for implementing 
these neurorehabilitation technologies. However, the non-uniform and non-standardized acquisition 
paradigms make large-scale, multicenter data collection difficult. Consequently, limited sample sizes 
cannot adequately account for the substantial inter-individual variability among stroke patients, rendering 
the development of a generalized prognostic prediction model or a broadly applicable BCI-training model 
a distant goal. Therefore, this situation underscores the need to investigate further the mechanisms 
underlying neural rehabilitation to guide neurotechnology development, rather than relying solely on data-
driven approaches. One promising strategy is to stratify patients, for example, by classifying stroke patients 
into subgroups based on distinct neural reorganization patterns associated with different levels of structural 
reserve. For each subgroup, BCI closed-loop systems can be constructed around either the lesioned or the 
contralesional hemisphere, as appropriate. By mitigating certain individual differences, it becomes feasible 
to develop a relatively generalizable approach within a homogenous patient subgroup, thereby enabling 
precise rehabilitation training tailored to different populations. Furthermore, employing AI algorithms to 
adaptively optimize BCI and stimulation parameters, as well as task difficulty, can further optimize the 
efficacy of the tailored treatment. However, this AI-aided adaptive rehabilitation strategy is still at a 
relatively early stage of development, and the practical paradigms for such AI-driven optimization have yet 
to be fully established. Concurrently, the development of neural signal acquisition devices that are easy to 
use, low-cost, and capable of achieving higher signal-to-noise ratios will promote the widespread adoption 
of such devices, thereby enabling standardized, multicenter, large-scale clinical trials and providing more 
robust evidence for validating the clinical efficacy of neurotechnologies for stroke rehabilitation. Moreover, 
the tailored emotional interaction is also needed during rehabilitation training. Patients’ emotional state 
during rehabilitation training can strongly influence their training performance. Patients with different 
personality traits require different training strategies. For example, patients with high mental resilience can 
be assigned more challenging tasks, whereas those with lower mental resilience should begin with less 
difficult tasks. Dynamically identifying patients’ emotional states during rehabilitation training and making 
timely adjustments are also key directions for the development of personalized rehabilitation treatment. 

6. Conclusions 

This review provides a timely overview of the current status and prospects of the rapidly evolving 
fields of AI and neurotechnology in stroke neurorehabilitation. Given the large global population of stroke 
survivors and the substantial demand for rehabilitation resources, there is a clear need for a paradigm shift 
in stroke rehabilitation: it should be robot-assisted rather than labor-intensive, and intelligently personalized 
according to individual patient variability rather than one-size-fits-all. Nevertheless, the rapid progress in 
BCIs, intelligent rehabilitation robots, and personalized treatment techniques provides strong reason to 
anticipate meaningful advances in stroke neurorehabilitation. Such advancements promise, in turn, to 
enhance the overall quality of healthcare and rehabilitation services for stroke patients. 
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