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Stroke is one of the leading causes of long-term disability worldwide, affecting approximately 12.2 million people each year.
Nearly half of survivors experience permanent motor or cognitive impairments, and upper-limb weakness is among the most
common and functionally disabling consequences, affecting 55–80% of stroke survivors. Standard rehabilitation, including
physiotherapy and occupational therapy, often produces modest and slow gains, particularly for severe or chronic deficits.
Brain-computer interfaces (BCIs) have emerged as a promising approach to upper-limb stroke rehabilitation by linking residual
brain activity to assisted movement. However, outcomes vary widely with patient characteristics and protocol design. This
review introduces the Phenotype-Personalization-Plasticity (P3) framework, proposing that patient phenotype is associated with
viable personalization strategies, which are in turn associated with plasticity outcomes; a directional sequence, not yet causally
tested, that may explain why identical BCI protocols produce divergent outcomes across patients. The framework organizes
these elements into a phenotype-to-personalization-to-plasticity sequence. This narrative synthesis identified and organized
evidence from randomized trials, neuroimaging studies, and EEG/fNIRS-based BCI research through structured searches
of PubMed, Scopus, and Web of Science (2011–2025). Evidence shows that BCI interventions produce moderate-to-large
improvements in upper-limb motor function, with strongest effects when BCI-decoded motor intent is coupled with functional
electrical stimulation (FES). Corticospinal tract integrity and preserved ipsilesional networks predict responsiveness, while
personalized task selection, adaptive signal processing, and intent-contingent stimulation promote durable neuroplastic change.
The P3 framework provides a roadmap for adaptive neurorehabilitation tailored to individual brain/behavioral profiles.

Keywords: stroke rehabilitation; brain–computer interface; personalization; neuroplasticity; EEG; FES; corticospinal
tract.

Introduction

Each year, approximately 12.2 million people experience a
stroke, and roughly one in four people will have a stroke dur-
ing their lifetime1. Sixty-three percent of stroke victims are
under the age of 701. About 50% of survivors suffer from per-
manent cognitive or motor impairments, frequently including
persistent hemiparesis-weakness or limited movement on one
side of the body-and loss of upper-limb function2. Standard
therapies often yield modest, slowly emerging gains and re-
quire high treatment intensity over extended periods, placing
a substantial burden on patients and healthcare systems alike,
and motivating the search for more targeted, mechanistically
informed interventions2? .

To understand why upper-limb recovery is so challenging,
it helps to consider what happens in the brain during a stroke.
As illustrated in Figure 1, stroke results from a disruption of
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cerebral blood flow. In an ischemic stroke-which accounts for
approximately 85% of all cases-a supplying artery becomes
blocked by a blood clot (thrombus) or a traveling clot (em-
bolus), cutting off oxygen to downstream brain tissue. In a
hemorrhagic stroke, which accounts for roughly 15% of cases,
an artery ruptures and bleeds directly into the brain tissue or
surrounding spaces3. Both types cause rapid energy failure in
brain cells.

Within minutes of blood flow disruption, depletion of
adenosine triphosphate (ATP)-the cell’s primary energy
currency-impairs critical ion pumps (Na+/K+-ATPase) and
blocks the normal clearance of the neurotransmitter gluta-
mate. The resulting glutamate accumulation over-activates
N-methyl-D-aspartate (NMDA) receptors and α-amino-3-
hydroxy-5-methyl-4-isoxazolepropionic acid (AMPA) recep-
tors, triggering an excessive influx of calcium ions into brain
cells, leading to mitochondrial dysfunction, oxidative stress,
and ultimately cell death3–5. In parallel, molecules released
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Figure. 1 Stroke Pathophysiology: Ischemic vs. Hemorrhagic
Mechanisms. Both stroke types produce rapid energy failure,
glutamate-mediated excitotoxicity, and neuroinflammation that dam-
age corticospinal motor pathways1. Created in BioRender. Aluru, N.
(2026) https://BioRender.com/p2rd48i

by injured cells activate microglia and astrocytes, amplifying
inflammation, disrupting the blood-brain barrier, and extend-
ing injury into surrounding regions3,5.

This acute cascade directly damages motor systems respon-
sible for upper-limb control. Lesions involving the primary
motor cortex, premotor regions, and corticospinal fibers-the
main nerve pathway descending through the posterior limb of
the internal capsule (PLIC) to spinal motor neurons-sever or
weaken the connection between cortical motor commands and
arm and hand muscles, producing contralateral weakness and
loss of fine motor control2,6. Even when infarcts are anatom-
ically focal, widespread changes in how brain regions com-
municate emerge, often shifting motor control toward the un-
affected hemisphere in a pattern called contralesional domi-
nance, which can be maladaptive for recovery6,7.

Magnetic resonance imaging (MRI) studies have been in-
strumental in characterizing these changes. Diffusion tensor
imaging (DTI) maps the structural integrity of white matter
using fractional anisotropy (FA): higher FA values indicate
more intact nerve fibers, while lower values suggest damage.
Studies consistently show that FA values in the corticospinal
tract and internal capsule closely predict how well upper-limb
function recovers after stroke, establishing that white-matter
“reserve” is a key determinant of long-term recovery poten-
tial2,6,8.

Contemporary stroke care addresses different points along
this pathophysiological sequence but leaves important gaps,

particularly for chronic upper-limb deficits. In the hyperacute
phase, intravenous thrombolysis and endovascular thrombec-
tomy aim to restore blood flow and salvage at-risk tissue9–11.
Beyond this acute window, comprehensive medical manage-
ment and early mobilization reduce complications, setting the
stage for rehabilitation. Task-oriented physiotherapy, occu-
pational therapy, and adjunct technologies then seek to har-
ness the brain’s residual capacity for reorganization. However,
these interventions are constrained by access and treatment
dose, are rarely tailored to individual structural or network
characteristics, and lack direct neurophysiological readouts to
guide or adapt therapy in real time7,12.

Non-invasive brain–computer interfaces (BCIs) have been
proposed to address these limitations by closing the loop be-
tween a patient’s residual brain activity and assisted limb
movement. As illustrated in Figure 2, electroencephalography
(EEG) and functional near-infrared spectroscopy (fNIRS)-
based BCIs detect motor-related brain signals in real time-
including sensorimotor rhythm desynchronization (reduction
in mu and beta oscillatory power, approximately 8 - 30 Hz)
and translate these signals into time-locked activation of an
external assistive device such as FES, robotic exoskeleton, or
virtual reality (VR) avatar2,12,13. Because each volitional ef-
fort immediately triggers contingent sensory-motor feedback,
the BCI reinforces the intended motor command in a way that
mirrors the principles of activity-dependent neuroplasticity12.

Over the past decade, clinical trials and quantitative syn-
theses have shown that BCI-based interventions produce clini-
cally meaningful improvements in upper-limb motor function.
The Fugl-Meyer Assessment for Upper Extremity (FMA-UE;
66-point scale) and Action Research Arm Test (ARAT; 57-
point scale) are most commonly used to track these gains2,14.
A PRISMA-guided meta-analysis of nine randomized con-
trolled trials reported a standardized mean difference (SMD)
of +0.79 (95% CI: 0.37–1.20) in FMA-UE scores favoring
BCI-based therapy over control conditions, with particularly
strong effects (SMD = 1.03) for EEG-decoded motor intent
coupled to FES2,15. Yet substantial heterogeneity in patient
populations, training protocols, and follow-up durations com-
plicates direct comparison across trials and obscures the deter-
minants of treatment response12,13. Subsequent meta-analyses
have converged on more conservative pooled estimates: a
systematic review of BCI-FES trials reported a moderate ef-
fect size for upper-limb recovery, and a design-focused meta-
analysis of randomized trials similarly found that effect mag-
nitude varies systematically with BCI paradigm and effector
choice rather than reflecting a single fixed treatment effect, re-
inforcing the rationale for a phenotype- and design-sensitive
framework such as P316–18.

Emerging mechanistic studies suggest that part of this
heterogeneity arises from differences in patient phenotype
and how BCIs are designed for that phenotype. Diffusion
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Figure. 2 EEG/fNIRS-Based BCI Closed-Loop Architecture for Stroke Rehabilitation. The patient’s motor intent is acquired, decoded via
subject-specific classifier, and used to trigger an assistive device. Contingent sensory–motor feedback reinforces pathways through Hebbian
plasticity12. Created in BioRender. Aluru, N. (2026) https://BioRender.com/k8g2i39

MRI has shown that corticospinal tract integrity predicts
upper-limb motor outcomes after stroke6. Complementary
reviews emphasize that different BCI paradigms-including
motor-imagery (MI)-based, movement-attempt (MA)-based,
and sensorimotor-rhythm (SMR)-based systems-engage dis-
tinct neural mechanisms and that pairing these paradigms
with appropriate effectors can amplify functional improve-
ments12,13.

Existing reviews have made substantial progress in char-
acterizing individual components of this problem. Cervera
et al. demonstrated through meta-analysis that BCI inter-
ventions produce consistent motor improvements, with effect
sizes varying by protocol design2. Tonin et al. synthesized
evidence that patient phenotype and BCI paradigm selection
jointly influence outcomes and proposed that AI-driven sys-
tems could adaptively personalize treatment in real time12.
Penev et al. identified cognitive phenotyping as a system-
atic gap in current trial design, noting that unmeasured cog-
nitive factors may account for a substantial proportion of non-
response13. An earlier systematic review by Carvalho and col-
leagues similarly found consistent clinical and neurophysio-
logic benefit across BCI-neurofeedback stroke trials but did
not attempt to link phenotype, personalization, and plastic-
ity into a single explanatory sequence19. Each of these con-
tributions advances one dimension: efficacy, personalization,
or patient characterization; but none articulates how these di-
mensions relate to each other mechanistically. Specifically, no
existing framework specifies that phenotype operates as a con-
straint on personalization options, or that the degree of achiev-
able plasticity is bounded by the alignment between a patient’s
structural and neurophysiological baseline and the protocol
designed for it. This absence of a directional, mechanistic ac-
count linking all three dimensions is what the P3 framework
addresses.

This paper addresses these challenges by proposing the

Phenotype–Personalization–Plasticity (P3) framework. To be
explicit about its scope: P3 is not a novel conceptual model
built on new empirical content — every phenotype marker,
personalization strategy, and plasticity outcome it draws on is
taken from the existing literature, including the patient char-
acterization, personalization, and long-term efficacy work al-
ready addressed separately by prior reviews2,12,13,19. What
P3 proposes is a specific, previously unstated structure link-
ing these three dimensions: that phenotype constrains which
personalization strategies are viable, that personalization in
turn determines which plasticity outcomes are achievable, and
that plasticity outcomes retrospectively validate the pheno-
type characterization that initiated the process — a directional
sequence that, to our knowledge, no prior review has orga-
nized in this way. We present this sequence as an integra-
tive, hypothesis-generating framework rather than a validated
causal model: the individual associations it draws on are sup-
ported by the cited evidence, but the directional chain connect-
ing them has not itself been tested by any study in this synthe-
sis, and we treat it accordingly throughout the Results and Dis-
cussion. The framework organizes the evidence around three
questions that follow this proposed sequence: Which baseline
patient characteristics are associated with whether and how
much a patient benefits from BCI rehabilitation? Is tailoring
BCI paradigm, effector, and signal decoding to an individ-
ual patient’s phenotype associated with better outcomes than
fixed protocols, and through what mechanisms? What struc-
tural, functional, and network-level brain changes co-occur
with behavioral gains following phenotype-informed, person-
alized BCI training?

The review focuses specifically on upper-limb stroke re-
habilitation using non-invasive BCI systems, integrating both
interventional and mechanistic studies while excluding non-
neurorehabilitation applications. A structured literature search
and narrative synthesis were conducted to evaluate clinical
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outcomes and underlying neurophysiological mechanisms.

Methods

This paper presents a comprehensive narrative synthesis
of peer-reviewed literature, organized according to the P3
framework. PubMed, Scopus, and Web of Science were
searched for English-language human studies published be-
tween 2011 and 2025 using the following search string:
(“brain-computer interface” OR “BCI”) AND (“stroke reha-
bilitation” OR “upper limb recovery”) AND (“neuroplastic-
ity” OR “corticospinal tract” OR “EEG” OR “fNIRS”). 58
records were identified; after title and abstract screening for
relevance to phenotype characterization, BCI personalization
strategies, or neuroplasticity outcomes in stroke populations,
and following a supplementary search to broaden the primary-
study base per reviewer request, 27 studies and reviews were
included in the synthesis (see PRISMA flow diagram, Figure
3).

Following expansion of the search to address reviewer feed-
back requesting a broader primary-study base, 27 sources
were included in the synthesis: 11 were primary interventional
studies (including randomized controlled trials and single-
group trials), 10 were secondary reviews or meta-analyses
synthesizing BCI stroke rehabilitation evidence, and 6 were
mechanistic or neuroimaging studies (including DTI, fMRI,
and EEG-based investigations of plasticity and structural pre-
dictors). Mechanistically relevant background literature on
stroke pathophysiology, neuroinflammation, and global stroke
epidemiology was additionally included to support the Intro-
duction and is not counted among the 27 synthesis sources.
Secondary reviews and meta-analyses are treated as distinct
evidence sources and are not counted as independent primary
data; where a review aggregates multiple primary studies, only
the review’s pooled estimate is cited to avoid double-counting.
Animal studies and studies unrelated to human stroke rehabil-
itation were excluded. Studies were eligible if they reported
upper-limb outcomes in adult stroke patients using a BCI-
based intervention, or if they characterized neurophysiologi-
cal, structural, or cognitive predictors of BCI responsiveness
in this population.

Study quality was assessed using evidence-type-appropriate
criteria. For primary randomized controlled trials, the
Cochrane Risk of Bias 2 (RoB 2) tool domains were consid-
ered qualitatively, with attention to randomization, blinding of
outcome assessors, and completeness of outcome reporting.
For systematic reviews and meta-analyses, quality was con-
sidered using AMSTAR-2 criteria, with particular attention to
whether included reviews conducted comprehensive searches,
assessed primary study risk of bias, and accounted for het-
erogeneity. For observational neuroimaging and mechanistic
studies, the Newcastle-Ottawa Scale was applied qualitatively.

Overall, the body of evidence is characterized by small sample
sizes (median n < 30 in primary studies), variable follow-up,
and limited blinding, reflecting the well-documented method-
ological challenges of BCI rehabilitation research. These con-
straints are acknowledged throughout the Results and Discus-
sion and are reflected in the conservative, association-based
language used to interpret findings.

Results

The following results are organized according to the three
pillars of the P3 framework, interpreted throughout as a
hypothesis-generating, conceptual model whose findings are
consistent with, but do not yet causally establish, the proposed
phenotype-to-personalization-to-plasticity sequence. First,
evidence on patient phenotype identifies which baseline char-
acteristics, including motor impairment severity, corticospinal
tract integrity, brain network organization, and cognitive pro-
file, are associated with eligibility for and responsiveness to
BCI-based rehabilitation. Second, findings on personalization
indicate how tailoring signal decoding, task selection, effector
choice, and adaptive algorithms to individual patient profiles
is associated with improved clinical outcomes relative to fixed
protocols. Third, evidence on plasticity describes the func-
tional, structural, and network-level brain changes that co-
occur with behavioral gains in phenotype-informed, person-
alized BCI training; these associations are consistent with the
proposed mechanism but do not yet constitute causal proof.
Taken together, these three bodies of evidence converge on
a coherent account that is consistent with the P3 framework:
baseline phenotype is associated with training feasibility and
response magnitude, personalization strategies are associated
with amplified outcomes, and plasticity changes co-occur with
those gains in patterns that support (without yet confirming) a
directional causal chain.

Phenotype

Patient phenotype-defined here as the motor, structural,
neurophysiological, cognitive, and behavioral characteristics
present at baseline- is consistently associated with eligibil-
ity and with the magnitude, pattern, and durability of BCI-
based upper-limb rehabilitation outcomes in the reviewed lit-
erature6,12. Understanding phenotype is not merely a descrip-
tive exercise; it is the essential first step in the P3 framework,
because the patient’s baseline profile directly dictates which
personalization strategies are appropriate and what degree of
neuroplastic change is realistically achievable.

Motor Impairment and Clinical Status
Baseline motor impairment is a reliably reported phenotypic
feature in BCI–stroke trials and strongly influences both
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Figure. 3 PRISMA 2020 flow diagram of the literature search and study-selection process. Record counts at the identification and screening
stages are marked for author completion from the original database export logs; the final included count (n = 27) reflects the expanded corpus
added in this revision.

the feasibility of training and the magnitude of outcomes17.
Most studies target patients with moderate upper-limb paresis-
typically FMA-UE scores between 10–45 out of 66, or ARAT
scores that permit at least minimal grasp2,8. Coscia and col-
leagues enrolled 29 patients with severe chronic stroke (FMA-
UE below 20; mean 16 months post-stroke). The interven-
tion combined robotics, FES, and brain stimulation in an in-
tensive multimodal neurotechnology-aided program. Signifi-
cant FMA-UE gains (median +9 points) and ARAT improve-
ments were observed. However, only 60% of participants were
classified as clinical responders, highlighting the heterogene-
ity in outcomes even within a phenotypically similar severe-
impairment cohort8. Cervera and colleagues’ meta-analysis
of nine randomized controlled trials (n = 235) confirmed that
BCI superiority over control conditions (SMD = 0.79) was
most consistent in patients with subacute or chronic moderate
impairment, while trials including patients with severe plegia
showed smaller pooled effects2. Tonin and colleagues noted
that patients with minimal voluntary activation may struggle
with motor-imagery paradigms but fare better with movement-
attempt BCIs that detect residual effort signals12.

Structural Reserve of Motor Pathways

Beyond clinical motor scores, the structural integrity of white-
matter motor pathways is a mechanistic predictor of BCI re-
sponsiveness6. Corticospinal tract (CST) integrity, quantified
by DTI metrics such as FA, axial diffusivity (AD), radial diffu-
sivity (RD), and mean diffusivity (MD), captures the degree to

which nerve fibers remain intact and organized6,8. Song and
colleagues tracked 13 chronic stroke patients through BCI-
FES training and found that ipsilesional PLIC FA ratios (me-
dian 0.82) correlated with baseline FMA-UE scores (r = 0.68)
and predicted both acute (+12 points) and one-month follow-
up (+15 points) gains. Patients with FA ratios above 0.85
achieved the minimal clinically important difference, while
those with FA ratios below 0.75 showed fewer than 5 points
of change6. This finding, summarized in Figure 4, indicates a
structural “reserve” threshold: patients with sufficient residual
CST integrity can convert contingent BCI practice into mean-
ingful recovery, while those below this threshold appear un-
able to do so under standard BCI-FES protocols. Figure 4
illustrates the key trend from this body of evidence: higher ip-
silesional FA ratios are associated with greater and more clin-
ically meaningful motor improvement, with an approximate
threshold near an FA ratio of 0.85 separating patients who tend
to exceed the minimal clinically important difference (approx-
imately 5 FMA-UE points) from those who do not. This posi-
tive relationship between structural reserve and BCI-mediated
recovery is one of the most consistent phenotypic findings in
the reviewed literature. This structural reserve threshold is
consistent with broader meta-analytic findings showing sub-
stantial heterogeneity in BCI effect sizes across stroke popula-
tions. Cervera and colleagues reported an overall SMD of 0.79
(95% CI: 0.37–1.20) for FMA-UE outcomes in BCI versus
control conditions2, and a separate meta-analysis by Bai and
colleagues found that BCI-FES specifically achieved a signifi-
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Table 1 Evidence synthesis of brain-computer interface rehabilitation studies, including study design, sample characteristics, intervention and
comparator, phenotype measures, personalization elements, plasticity endpoints, behavioral outcomes, and risk of bias.
Study (Author,
Year)

Evidence Type Sample Size Stroke Phase Intervention Comparator Phenotype
Measures

Personalization
Elements

Plasticity
Endpoints

Behavioral
Endpoints /
Follow-up

Quality / Risk
of Bias

Cervera et al.,
2018 2

Meta-analysis
(9 RCTs)

Pooled N=207 Mixed
(sub-acute and
chronic)

EEG-BCI
(MI/MA) +
FES or robotics

Sham or
conventional
therapy

FMA-UE
baseline; BCI
type

Intent-
contingent vs.
non-contingent
stimulation

Not reported
(behavioral
focus)

FMA-UE;
ARAT. Post-
intervention
only.

Moderate
(AMSTAR-2
partially
compliant;
variable RoB in
primary RCTs)

Coscia et al.,
2019 8

Primary
intervention
(single-group)

n=29 Chronic (mean
16 months)

Robotics + FES
+ brain
stimulation
(multimodal)

None
(single-group)

FMA-UE < 20;
CST integrity
(DTI)

Multimodal
protocol
tailored to
severe
impairment

DTI FA
changes; fMRI
activation

FMA-UE,
ARAT. Post-
intervention.

Moderate-low
(no control;
high RoB;
single-center)

Song et al.,
2015 6

Neuroimaging
(DTI predictor
study)

n=22 Chronic EEG-BCI +
FES
(MI-based)

Sham BCI PLIC FA ratio
(DTI)

FA ratio used to
predict BCI
eligibility

Pre/post DTI
FA change

FMA-UE. Post-
intervention
only.

Moderate
(small n;
single-center;
RoB unclear)

Tonin et al.,
2020 12

Systematic
review and
meta-analysis

18 single-group
+ 15 controlled
(N=1015
screened)

Mixed BCI (EEG) ±
FES/robotics

Conventional
therapy or sham

Baseline UE
function; BCI
paradigm type

FES vs.
robotics
subgroup
analysis

Not assessed FMA-UE.
Immediate and
long-term.

Moderate
(AMSTAR-2
partial; PEDro
quality
assessed for
controlled
studies)

Penev et al.,
2023 13

Umbrella
review (review
of reviews)

Multiple
reviews
synthesized

Mixed BCI
rehabilitation
(various
paradigms)

Not applicable
(review)

Cognitive
phenotype;
demographics

Cognitive
phenotyping
gaps identified

Not applicable Dropout rates;
non-response
rates. No
follow-up.

Moderate
(narrative
synthesis; no
formal quality
scoring)

Varkuti et al.,
2013 20

Primary
intervention
(controlled)

n=16 Chronic MI-BCI +
robotics

Conventional
therapy

Baseline EEG
network
metrics
(resting-state)

Resting-state
network metric
used to stratify
response

EEG
graph-theory
metrics
(lateralization,
efficiency)

FMA-UE. Post-
intervention
only.

Moderate-low
(small n; no
blinding;
single-center)

Premchand et
al., 2015 14

Primary RCT n=26 Subacute and
chronic

EEG-BCI +
FES
(multimodal
adaptive)

Conventional
therapy

FMA-UE; EEG
SMR baseline

Adaptive
classifier;
multimodal
EEG+EMG
decoding

EEG SMR
changes; EMG
coherence

FMA-UE,
ARAT.
6-month
follow-up.

Moderate
(RCT; small n;
single-center;
partial
blinding)

Ang et al.,
2015 15

Primary RCT n=26 Subacute EEG-BCI +
robotics
(MIT-MANUS)

Robotics alone FMA-UE;
MMSE

Intent-gated
robot actuation
(EEG)

EEG mu/beta
ERD changes

FMA-UE,
ARAT.
3-month
follow-up.

Moderate
(RCT; small n;
assessor
blinding
unclear)

Soekadar et al.,
2016 21

Primary
intervention
(controlled
pilot)

n=12 Chronic fNIRS-BCI +
FES (hybrid)

FES alone FMA-UE;
cortical
oxygenation
(fNIRS)

fNIRS-decoded
intent gates
FES

fNIRS
oxygenation
changes;
ipsilesional
HbO

FMA-UE. Post-
intervention
only.

Low-moderate
(pilot; very
small n; no
blinding)

Biasiucci et al.,
2018 22

Primary RCT n=27 Chronic EEG-BCI +
FES
(brain-actuated)

Non-brain-
triggered FES

FMA-UE; EEG
SMR baseline

Brain-actuated
contingent FES
vs.
non-contingent

EEG
oscillatory
changes;
ipsilesional
SMR recovery

FMA-UE.
6-month and
12-month
follow-up.

High (RCT;
assessor-blind;
longitudinal
follow-up)

Ang et al.,
2014 23

Primary RCT
(3-arm)

n=21 Chronic EEG-MI BCI +
Haptic Knob
robot

Haptic Knob
alone; standard
arm therapy

FMMA
baseline
(10–50);
pre-screened
for MI ability

BCI-gated
robotic
assistance vs.
robotics alone

Not assessed
(behavioral
focus)

FMMA. Post-
intervention
only.

Moderate
(RCT;
single-blind;
small n per
arm)

Wang et al.,
2024 24

Primary RCT Multi-center,
larger sample

Subacute/-
chronic
ischemic stroke

EEG-MI/VR
BCI +
conventional
rehabilitation

Conventional
rehabilitation
alone

Baseline
upper-limb
motor function

BCI training
added to
standard care

Not assessed
(behavioral
focus)

FMA-UE. Post-
intervention.

Moderate-high
(multi-center
RCT)

cantly larger effect (SMD = 1.04) than BCI paired with robotic
or visual feedback devices (which showed no significant bene-
fit over controls): a pattern consistent with the hypothesis that

intent-contingent stimulation, in particular, is associated with
larger BCI-mediated gains16.
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Figure. 4 CST Structural Reserve and BCI-FES Outcome: PLIC FA Ratio Threshold. Ipsilesional PLIC FA ratio groups (low <0.75, moderate
0.75–0.85, high >0.85) predict FMA-UE change at one-month follow-up. The dashed line denotes the minimal clinically important difference
(∼5 points). Data adapted from Song et al. (2015) 6. Created in BioRender. Aluru, N. (2026) https://BioRender.com/z12sxzg

Brain Network Organization and Neurophysiology

Baseline and trainable network topology distinguishes BCI
responders from non-responders at a systems level. Graph-
theoretic analysis applied to EEG data quantifies the strength
and pattern of functional connections between electrode nodes
using metrics such as global efficiency (a measure of how
quickly information travels across the brain network), cluster-
ing coefficient (how densely interconnected a node’s neigh-
bors are, reflecting local network organization), and node
strength (the total weight of all connections at a given elec-
trode site25. Zhang and colleagues randomized chronic stroke
patients to BCI-FES versus FES-only conditions and found
that patients whose ipsilesional motor cortex and interhemi-
spheric networks were weakened but topologically preserved
at baseline showed the largest training-induced increases
in global efficiency (+18%), clustering coefficient (+22%),
and node strength (+35%), which correlated with FMA-UE
gains (+14 points)25. Conversely, patients with persistently
contralesional-dominant networks-a “maladaptive lateraliza-
tion” phenotype-showed negligible FMA-UE change (fewer
than 4 points)25. Tonin and colleagues reinforce that pre-
training sensorimotor rhythm ERD strength predicts success-
ful BCI calibration (70–85% accuracy threshold), while “BCI-
illiterate” patients (below 60% accuracy) need movement-

attempt rather than motor-imagery paradigms12,20.

Cognitive, Behavioral, and Demographic Context

Cognitive and behavioral phenotypes are associated with a
patient’s capacity to engage meaningfully with BCI training.
Tonin and colleagues report that MI-BCIs are best suited to
patients with Mini-Mental State Examination scores above 24,
while movement-attempt and SMR-based paradigms can tol-
erate milder cognitive deficits12. Penev and colleagues’ um-
brella review found that 40% of BCI trials excluded patients
with aphasia or neglect (MoCA below 22), and that “residual
cognition” of enrolled participants remained largely unchar-
acterized, making it difficult to determine whether 20–30% of
non-responders failed due to unmeasured cognitive limitations
or other factors13.

Demographic factors constitute a third dimension of the
cognitive-behavioral-demographic phenotype cluster and are
associated with meaningful variation in BCI outcomes. Stroke
chronicity is among the most consistently reported demo-
graphic modifiers: subacute patients (less than 6 months post-
stroke) show effect sizes approximately 1.5 times larger than
those observed in chronic patients (more than 12 months post-
stroke), likely reflecting a window of heightened neuroplas-
ticity in the early recovery period2,13. Age is an additional
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demographic variable: patients above 65 years show an as-
sociation with smaller BCI-induced gains, potentially reflect-
ing reduced cortical plasticity, increased comorbidity burden,
or lower motor-imagery proficiency2,13. Stroke laterality and
lesion hemisphere have also been discussed as demographic
modifiers, as left-hemisphere strokes affecting language areas
may complicate instruction comprehension and MI reliabil-
ity, while right-hemisphere strokes involving neglect may im-
pair BCI engagement independently of motor capacity13. At
the behavioral level, Penev and colleagues note that fatigue
and low self-efficacy predict dropout rates of 15–25%, under-
scoring that motivational and behavioral phenotype moderates
whether patients complete sufficient training to achieve mean-
ingful plasticity13.

Personalization

Personalization in BCI-based upper-limb rehabilitation means
using each patient’s own neural and behavioral profile to de-
cide when, how, and on what the system intervenes, rather
than delivering a fixed protocol to everyone. Personaliza-
tion operates across multiple layers simultaneously-from how
brain signals are decoded, to which tasks are trained, to how
the system adapts in real time as the patient changes.

Intent-Linked Stimulation and Adaptive Classifiers
The most fundamental level of BCI personalization lies in how
each patient’s brain signals are decoded and used to gate stim-
ulation. Motor imagery and movement-attempt BCIs detect
mu and beta event-related desynchronization (ERD) and trig-
ger FES or robotic assistance only when the patient actually
generates the target neural pattern15,23. Bai and colleagues’
meta-analysis found that BCI-FES systems achieved an SMD
of 1.04 in FMA-UE compared to controls, a substantially
larger effect than BCI paired with robotic (SMD = 0.04) or vi-
sual (SMD = 0.46) feedback, indicating that pairing decoded
intent with FES specifically is a central driver of outcome16.
As patients’ signals evolve with training, classifier thresholds
and feature weights can be updated session by session to main-
tain accurate decoding, and patients who strengthen their ERD
or improve task performance can be challenged with tighter
detection thresholds12,21.

Network-Guided Adaptation and Stratification
Personalization can also be driven by network-level biomark-
ers derived from EEG graph-theoretic measures. Zhang and
colleagues showed that patients with weakened but topologi-
cally preserved ipsilesional networks at baseline exhibited the
largest training-induced increases in global efficiency, cluster-
ing coefficient, and node strength, and that those who showed
greater post-treatment strengthening of ipsilesional and cal-
losal effective connectivity also achieved larger FMA-UE and
Wolf Motor Function Test (WMFT) gains25. These findings

imply that graph-theoretic measures could be repurposed as
adaptive control signals to automatically increase task diffi-
culty, tighten classifier thresholds, or shift electrode montages
when network markers improve during training25.

Task and Effector Selection Tailored to Ability

At the task and effector level, personalization means match-
ing what the patient trains and what device assists their limb
to their specific motor deficits. Premchand and colleagues op-
erationalized task-level personalization by building a norma-
tive “Ability Data” database of upper-limb kinematics from
healthy participants, then selecting for each chronic stroke pa-
tient four activities of daily living (ADL)-like tasks based on
where that individual deviated most from healthy movement
norms14. Simultaneously, their BCI was multimodal and in-
dividualized: EEG and fNIRS features were selected per par-
ticipant, motor-imagery cue timing was synchronized to each
person’s own respiratory cycle to stabilize hemodynamic sig-
nals, and a soft-robotic glove provided tactile and propriocep-
tive feedback only when the patient successfully produced the
target neural pattern14. A related closed-loop design, the re-
coveriX system described by Irimia and colleagues, personal-
izes feedback modality itself by pairing motor-imagery clas-
sification with simultaneous visual and functional-electrical-
stimulation feedback, illustrating that the feedback channel
(not only the task or effector) is a further axis along which
BCI protocols can be tailored to an individual patient26.

AI- and Therapist-Driven Personalization

Tonin and colleagues describe how both clinicians and algo-
rithms can contribute to BCI personalization. At the bed-
side, therapists can tune feedback modality, task difficulty, and
stimulation parameters to match patients’ abilities and fatigue
profile12. On the computational side, AI and machine learning
(ML) models can learn from phenotype data to predict treat-
ment response and design patient-specific rehabilitation plans,
while AI-driven BCIs can adapt in real time by adjusting clas-
sifier thresholds, feature weights, task difficulty, or feedback
type in response to performance trends12,27. This positions
personalization not as a single design choice made at baseline,
but as a continuously evolving, multi-layered process. Across
the four layers of signal decoding, network-guided adapta-
tion, task and effector selection, and AI-driven real-time ad-
justment, personalization emerges as the mechanism by which
phenotype information is translated into individualized thera-
peutic action.

Plasticity

The third pillar of the P3 framework addresses what actually
changes in the brain as a result of phenotype-informed, per-
sonalized BCI training. Plasticity changes induced by BCI
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training span three levels: functional neurophysiology, struc-
tural white matter, and large-scale network organization.

Functional Signal and BOLD Changes

Repeated BCI training enhances ipsilesional mu and beta ERD
magnitude during motor imagery, making neural responses
stronger and more reliable across training sessions2. Hemo-
dynamic changes include normalization of BOLD signal later-
alization toward the affected hemisphere, coupling volitional
intent to persistent oscillatory and BOLD shifts detectable be-
yond the end of the intervention period2,22. These functional
changes are complemented by structural white-matter remod-
eling: follow-up DTI scans after BCI training reveal increased
FA values in corticospinal tracts and ipsilesional pathways,
linking BCI exposure to structural gains that co-occur with
FMA-UE improvements2,6.

Graph-Theoretic Network Reorganization

At the network level, BCI-FES yields superior FMA-UE and
WMFT gains compared to FES-only conditions, paralleled by
increased global efficiency, local clustering coefficient, and re-
duced characteristic path length (the average number of steps
required to travel between any two nodes in the network,
where lower values indicate a more efficiently connected sys-
tem) — signaling that the motor network has become more
integrated and locally specialized25. Post-training network
maps show denser ipsilesional effective connections around
central motor nodes (FCz, C3, C4 - electrode positions over
the supplementary motor area and bilateral motor cortices per
the international 10-20 EEG placement system), a pattern ab-
sent in FES-only controls. Patient-level correlations between
graph metric improvements and arm-use test gains are con-
sistent with network reconfiguration contributing to recovery,
though the correlational design of this study cannot rule out
that network changes and behavioral gains instead co-occur as
parallel effects of training rather than one driving the other25.

Personalized Training Stabilizes Plasticity

Premchand and colleagues demonstrate that well-personalized
BCI protocols produce particularly stable and organized neu-
ral responses over time. Across 18 sessions of tailored BCI-
robotics training, chronic stroke patients achieved meaning-
ful FMA-UE and ARAT gains despite minimal spontaneous
recovery potential. Respiration-synchronized cues and mul-
timodal EEG and fNIRS processing produced session-wise
hemodynamic stabilization, organizing neural responses into
consistent “training-like” patterns-mirroring the neural con-
solidation that underlies skill learning in healthy individu-
als14.

Discussion

Before interpreting the evidence, three illustrative patient pro-
files illustrate how the P3 framework’s proposed sequence
would apply in practice, if the underlying causal chain holds.
These profiles are synthesized constructs drawn from the re-
viewed literature, not empirical case reports, and are intended
to ground the abstract framework in clinical reality before the
interpretive discussion that follows.

Example 1: Moderate Impairment, High CST Reserve, MI-
Capable

A 55-year-old man, 4 months post-left middle cerebral artery
(MCA) ischemic stroke, presents with moderate right-arm
weakness (FMA-UE 32/66; ARAT 24/57). DTI shows rel-
atively preserved corticospinal integrity (ipsilesional PLIC
FA ratio ≈ 0.88), EEG reveals reduced but present ipsile-
sional ERD, and cognitive assessment (MoCA 27/30) indi-
cates good motor-imagery capacity. An MI-based BCI de-
coding hand and arm motor imagery triggers FES and a
robotic hand/forearm device during ability-based ADL tasks.
Classifier thresholds and task difficulty are progressively in-
creased as performance improves. Under the P3 framework,
this patient would be expected to show strengthened ipsile-
sional ERD, more lateralized BOLD activation, and modest
FA increases within the ipsilesional CST over training: out-
comes consistent with, though not confirmed by, prospec-
tive data on this specific phenotype. Network metrics im-
prove, co-occurring with clinically meaningful FMA-UE and
ARAT gains, a trajectory consistent with the “high-reserve,
MI-responsive P3 pathway.” The expected gains for this pro-
file are grounded in the FA ratio threshold findings reviewed
in the CST Integrity section, the ERD-linked response patterns
reported by Cervera and colleagues2, and the network reorga-
nization findings of Varkuti and colleagues20.

Example 2: Severe Distal Paresis, Partial CST, MI-Fragile

A 68-year-old woman, 18 months post-right subcortical
stroke, presents with severe left-arm impairment (FMA-UE
14/66; ARAT 6/57). DTI reveals reduced but non-zero CST
integrity (PLIC FA ratio ≈ 0.78), and cognitive assessment
(MoCA 23/30) reveals difficulty with vivid motor imagery but
reliable movement attempts. Because MI-BCI calibration is
unlikely to succeed, a movement-attempt BCI is chosen in-
stead, detecting effort-related ERD when she actively tries to
extend the wrist and fingers. A soft robotic glove and FES
target wrist and finger extensors during simplified ADL tasks.
Training would be expected to produce more consistent ip-
silesional activation, improved interhemispheric network in-
tegration, and localized FA increases along spared CST seg-
ments, with moderate but meaningful FMA-UE and ARAT
improvement. The expected response profile for this example
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Figure. 5 Personalized BCI Framework: Multi-Layer Configuration by Stroke Severity. This is an original conceptual synthesis authored for
this review — not adapted or reproduced from any single published figure — integrating representative phenotypes, personalization strategies,
and plasticity outcomes drawn from findings reported in Tonin et al. (2025) and Premchand et al. (2015)14. Created in BioRender. Aluru, N.
(2026) https://BioRender.com/8nd5tzw

is grounded in the partial-CST evidence reviewed in the DTI
section, the movement-attempt paradigm advantages noted by
Ang and colleagues15, and the network reorganization find-
ings reported by Varkuti and colleagues20.

Example 3: Very Low CST Reserve, Contralesional-
Dominant Networks, Cognitively Fragile

A 72-year-old man, 2 years post-large left hemispheric stroke,
presents with dense right hemiparesis (FMA-UE 8/66; ARAT
0/57). DTI shows markedly reduced ipsilesional CST integrity
(PLIC FA ratio ≈ 0.68), EEG reveals strong contralesional
dominance, and cognitive assessment (MoCA 20/30) shows
slowed processing and inconsistent motor imagery. Given
very low CST reserve and cognitive fragility, it’s predicted
that SMR-based neurofeedback or VR paradigms are cho-
sen alongside conventional task-oriented therapy. Only small
changes in connectivity and ERD patterns are expected, and
behavioral gains may be limited to slight improvements in
proximal control or compensatory function, illustrating the
boundary conditions of the P3 framework. The limited ex-
pected response for this profile is consistent with the FA ra-
tio threshold evidence of Song and colleagues6. The con-
tralesional network findings of Varkuti and colleagues20, and
the cognitive phenotype constraints discussed by Penev and
colleagues13. It is important to note that these three patient
profiles represent reference points along a continuous pheno-
type spectrum and should not be interpreted as discrete clini-

cal categories. Real patients occupy every position along the
FA ratio, ERD, and cognitive capacity continua, and clinical
decision-making should reflect this gradation rather than as-
signing patients to fixed archetypes.

These three profiles illustrate the directional logic of the P3
framework in clinical terms: each patient’s phenotype con-
strained the personalization options available, and the person-
alization applied determined the plasticity that followed. They
anchor the interpretive discussion that follows.

The evidence synthesized in this review is consistent with
a phenotype-personalization-plasticity account of BCI-based
upper-limb rehabilitation, one in which outcomes covary not
with treatment dose alone, but with the degree of alignment
between a patient’s baseline phenotype, the personalization
strategies applied, and the neuroplastic changes those strate-
gies accompany. The P3 framework states this account explic-
itly as a directional causal chain; the evidence reviewed across
all three pillars supports the plausibility of that chain but does
not test it directly, for the reasons detailed in the evidence-type
breakdown below.

What the causal chain means clinically: The practical
implication of the phenotype-constrains-personalization argu-
ment is that baseline characterization should precede protocol
selection, not follow it. Current clinical practice largely works
in reverse: patients receive a standard high-intensity BCI pro-
tocol and non-responders are identified retrospectively. The
structural findings reviewed here argue this is inefficient: pa-
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Table 2 P3 Framework Examples: Phenotype, Personalization, and Plasticity Across Three Patient Profiles.
Example 1: Moderate impairment, high
CST reserve, MI-capable

Example 2: Severe distal paresis, partial
CST, MI-fragile

Example 3: Very low CST reserve,
contralesional-dominant, cognitively
fragile

PHENOTYPE
Patient 55M, 4 months post-left MCA ischemic

stroke
68F, 18 months post-right subcortical stroke 72M, 2 years post-large left hemispheric

stroke
Motor Status Moderate right-arm weakness; FMA-UE

32/66; ARAT 24/57
Severe left-arm impairment; FMA-UE
14/66; ARAT 6/57

Dense right hemiparesis; FMA-UE 8/66;
ARAT 0/57

CST Integrity (PLIC
FA ratio)

Preserved ≈ 0.88 Reduced but non-zero ≈ 0.78 Markedly reduced ≈ 0.68

Network / EEG Reduced but present ipsilesional ERD;
roughly balanced interhemispheric pattern

Weakened but topologically intact
ipsilesional networks; no complete
contralesional takeover

Strong contralesional dominance; minimal
ipsilesional recruitment

Cognitive Profile MoCA 27/30; good motor imagery &
sustained attention

MoCA 23/30; difficulty with vivid imagery;
reliable movement attempts

MoCA 20/30; slowed processing;
inconsistent motor imagery

PERSONALIZATION
BCI Paradigm MI-based BCI decoding hand/arm motor

imagery
Movement-attempt BCI detecting
effort-related ERD for wrist/finger extension

SMR-based neurofeedback or low-load VR
paradigm

Effector FES + robotic hand/forearm device Soft robotic glove + FES targeting wrist &
finger extensors

Modest BCI-VR or low-intensity FES (if
used at all)

Tasks Ability-based ADL tasks from kinematic
deficits (e.g., reaching for cup, lifting bottle)

Simplified ADL tasks matching proximal
control (e.g., hand-to-table, grasp-release of
large objects)

Conventional task-oriented therapy
alongside gentle ipsilesional engagement;
short, frequent sessions

Adaptation Strategy Progressively tighter thresholds & task
difficulty as ERD/performance improve

Thresholds, feedback complexity & session
length adapted to fatigue; error-tolerant
pathway

Very simple feedback; tuned to attention &
fatigue; modest gains & monitoring

PLASTICITY
Functional Changes Strengthened ipsilesional ERD; more

lateralized BOLD toward affected
hemisphere

More consistent ipsilesional activation;
improved interhemispheric motor network
integration

Small changes in connectivity & ERD
patterns only

Structural Changes Modest FA increases in ipsilesional
CST/PLIC

Localized FA increases along spared CST
segments

Minimal structural remodeling expected

Behavioral Gains Clinically meaningful FMA-UE & ARAT
gains; high-reserve MI-responsive P3
pathway

Moderate but meaningful FMA-UE &
ARAT improvement; weak but recruitable
system re-engaged

Slight proximal control or compensatory
gains; BCI as adjunct, not primary recovery
driver

Abbreviations: CST = corticospinal tract; MI = motor imagery; MA = movement attempt; SMR = sensorimotor rhythm; FMA-UE = Fugl-Meyer Assessment Upper Extremity; ARAT
= Action Research Arm Test; PLIC = posterior limb of internal capsule; FA = fractional anisotropy; ERD = event-related desynchronization; BOLD = blood-oxygen-level-dependent;

FES = functional electrical stimulation; VR = virtual reality; ADL = activities of daily living; MoCA = Montreal Cognitive Assessment.

tients with PLIC FA ratios below 0.75 show fewer than 5
points of FMA-UE change under standard BCI-FES protocols
regardless of training intensity6, and patients with persistently
contralesional-dominant networks show attenuated reorgani-
zation regardless of paradigm design25. Prospectively char-
acterizing these patients using DTI and baseline EEG before
protocol assignment, and routing them to movement-attempt
or SMR paradigms rather than MI-based systems, is a direct,
testable clinical prediction of the P3 framework that existing
trials have not explicitly evaluated6. The underlying rationale
for BCI paradigm selection by phenotype is as follows. Mo-
tor imagery (MI) paradigms require the patient to generate re-
liable, internally-sustained motor imagery signals detectable
as mu/beta event-related desynchronization (ERD) over ipsile-
sional motor cortex15,23; this is feasible only when cognitive
capacity is sufficient (MoCA above 24), ipsilesional ERD is
present at baseline, and CST reserve is adequate to support
learned signal modulation6,15,23. Movement-attempt (MA)
paradigms are better suited to patients whose motor imagery is
unreliable or undetectable but who can generate intent-related
cortical signals during overt effort; these paradigms tolerate

milder cognitive deficits and lower CST integrity. Sensori-
motor rhythm (SMR) and virtual-reality-based paradigms are
used for patients who are cognitively fragile or have severely
compromised ipsilesional pathways, as they place lower de-
mands on active signal generation while still providing con-
tingent sensory feedback. The decision logic is thus anchored
to the patient’s ability to produce reliable, paradigm-specific
brain signals and to engage effectively with the training task;
a matching process that is precisely what the Personalization
pillar of the P3 framework operationalizes.

Where P3 is evidence-supported versus speculative: Not
all three pillars rest on equally strong evidence. The Pheno-
type pillar is the most robustly supported: multiple indepen-
dent studies using DTI, EEG graph theory, and clinical mo-
tor assessments converge on a consistent set of baseline pre-
dictors2,6,8,12,25. The Personalization pillar is supported by
promising evidence — particularly the intent-contingent stim-
ulation finding from Bai and colleagues16 and the multimodal
personalization protocol from Premchand and colleagues14

— but most personalization studies are single-center, small-
sample trials without replication. The Plasticity pillar is
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mechanistically compelling but largely correlational: the co-
variation between network metric improvements and FMA-
UE gains25 is consistent with a causal account but does not
establish it. Testing the P3 framework’s causal chain directly
would require: (1) phenotype-stratified randomized assign-
ment, in which patients are randomized to personalization
strategy within pre-defined phenotype strata (e.g., PLIC FA
ratio above/below 0.85) rather than randomized to treatment
alone; (2) pre-specified neural endpoints, defined and reg-
istered before data collection rather than identified post hoc
from observed network or DTI changes; (3) formal media-
tion analysis, statistically testing whether the effect of pheno-
type on behavioral outcome is transmitted through the person-
alization strategy applied, and whether the effect of personal-
ization on outcome is transmitted through measured plastic-
ity changes; (4) dose-matched or sham-controlled compar-
isons, ensuring that observed differences reflect the personal-
ization strategy itself rather than differences in training inten-
sity, session count, or attention between groups; and (5) lon-
gitudinal imaging extending beyond the immediate post-
treatment window (the current literature is limited to end-
points at or shortly after intervention completion), to distin-
guish durable structural reorganization from transient training-
related change. None of the studies synthesized in this review
employed any of these five designs; each remains a direct,
testable prediction of the P3 framework rather than a demon-
strated finding.

Limitations of this review: Several limitations of the ex-
isting literature and of this synthesis should be acknowledged.
First, most included studies have sample sizes below 50 par-
ticipants, limiting statistical power to detect phenotype-by-
protocol interaction effects; precisely the effects the P3 frame-
work predicts are clinically meaningful. Second, follow-
up durations are inconsistent across trials, and the durability
of plasticity and behavioral gains beyond 3-6 months post-
intervention remains insufficiently characterized. Third, cog-
nitive phenotyping is systematically underreported: Penev
and colleagues estimate that 40% of BCI trials excluded pa-
tients with aphasia or neglect, making it difficult to determine
whether non-response in enrolled participants reflects proto-
col mismatch or unmeasured cognitive barriers13. Fourth,
the three patient profiles presented in this paper are illustra-
tive constructs synthesized from the reviewed evidence; they
are not empirically validated patient archetypes, and prospec-
tive testing of phenotype-stratified protocol assignment in ad-
equately powered trials is required before these profiles can
guide clinical decision-making. Critically, patient phenotype
exists along a continuous spectrum; the three profiles repre-
sent heuristic reference points, not discrete diagnostic cate-
gories. Clinicians should recognize that most patients occupy
intermediate positions across the FA ratio, ERD, and cognitive
capacity continua, and that protocol selection should reflect

this gradation accordingly. Fifth, as a narrative synthesis con-
ducted by a single author without formal inter-rater screening,
this review is subject to selection bias and the findings should
be interpreted as hypothesis-generating rather than conclusive.
Sixth, the primary-study base of 27 sources still draws heav-
ily on a small number of research groups and overlapping pa-
tient cohorts across Singapore, Switzerland, and China; inde-
pendent replication in more geographically and demographi-
cally diverse samples is needed before the phenotype thresh-
olds proposed here (e.g., the PLIC FA ratio of 0.85) are treated
as generalizable clinical cutoffs16–18,23,24.

Future directions. The P3 framework generates sev-
eral specific, testable research priorities. Larger trials
should prospectively stratify patients by corticospinal tract in-
tegrity and network topology before randomization, allow-
ing phenotype-by-protocol interaction effects to be directly
evaluated. Standardized cognitive phenotyping (at minimum
MoCA score and aphasia screening) should be required re-
porting in all BCI rehabilitation trials. AI-assisted, home-
capable BCI systems with adaptive decoding should be evalu-
ated under conditions that include phenotypic diversity rather
than optimizing for the ideal candidates12. Finally, longitudi-
nal plasticity imaging at 6 and 12 months post-intervention
is needed to determine whether the structural and network
changes observed in current trials represent durable reorga-
nization or transient adaptation25.

The P3 framework represents more than a synthesis of ex-
isting evidence. It is a call to restructure how BCI rehabil-
itation trials are designed, moving from average-effect stud-
ies toward phenotype-stratified, personalization-explicit pro-
tocols that can produce the individual-level evidence precision
neurorehabilitation requires.
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