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Abstract

Precision rehabilitation seeks to improve care for individuals by identifying personalized treatments that enhance
both the efficacy and efficiency of care. Rapid advances in artificial intelligence (Al) and data-driven methodologies
stand to greatly enhance precision rehabilitation methods, particularly when paired with clinical expertise and
patient-driven goals. Although Al has been successfully integrated into healthcare in fields such as precision
oncology, the dynamic, multi-faceted, complex nature of rehabilitation require a different approach than standard
predictive models. Here, we argue that precision rehabilitation may benefit from collaborative Al, in which humans
and Al work together with Al distilling complex data that humans can use as part of their nuanced decision-
making process. We review the current landscape of precision rehabilitation and explore how collaborative Al,

and Al in general, can advance the field. We begin by outlining a roadmap for a general collaborative Al system

in rehabilitation, noting four key challenges that must be addressed. Next, we examine three existing precision
rehabilitation frameworks that have been developed independently by several of the co-authors, which share

four common key elements of the roadmap. We then describe examples of how Al has already been applied to
specific aspects of complex rehabilitation scenarios, as these may be integrated into larger collaborative Al models.
We follow this with a discussion of how to make Al-based precision rehabilitation a reality, with an emphasis on
the large data required for these models to make accurate predictions, as well as potential ethical issues. Finally,
we conclude with recommendations for future directions. Ultimately, collaborative Al promises to transform
rehabilitation by leveraging vast, diverse datasets to create individualized digital profiles, which can first be used to
simulate the effects of rehabilitation interventions in silico, maximizing impacts before real-world implementation.
By merging personalized rehabilitation strategies based on empirical evidence with the depth and complexity of
clinical knowledge and reasoning, collaborative Al holds promise as a powerful tool to help clinicians advance
patient care and improve long-term outcomes.

Keywords Artificial intelligence, Collaborative Al, Neurorehabilitation, Precision medicine, Bayesian modeling, Digital
twin, Large language models, Reinforcement learning

*Correspondence:
Sook-Lei Liew
sliew@chan.usc.edu
Nicolas Schweighofer
schweigh@pt.usc.edu

Full list of author information is available at the end of the article

©The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use,
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and
the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this

article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1186/s12984-025-01810-w
http://crossmark.crossref.org/dialog/?doi=10.1186/s12984-025-01810-w&domain=pdf&date_stamp=2025-11-27

Liew et al. Journal of NeuroEngineering and Rehabilitation

Introduction: the current challenges of
rehabilitation

The overarching goal of medical rehabilitation is to
improve health, well-being, and quality of life by prevent-
ing or minimizing the impact of disabilities. Determining
the optimal intervention strategy based on an individual’s
clinical profile has been recognized as one of the most
pressing challenges in rehabilitation [1-5]. Precision
rehabilitation seeks to address this challenge by per-
sonalizing treatment to improve efficacy and efficiency
of rehabilitation for each individual [3]; personalized
methods stand to benefit from the integration of artifi-
cial intelligence (AI) and data-driven methodologies with
clinical expertise and patient-driven goals [5, 6]. While
we focus specifically on neurorehabilitation in this paper,
the underlying principles extend broadly across various
areas of medical rehabilitation research.

Delivering effective precision rehabilitation is dif-
ficult because of four major complexities: (1) diverse
patient-centered outcomes, (2) high between-patient
variability, (3) many possible treatments, each with vary-
ing possible doses, timelines, and outcomes, and (4) the
large, high dimensional and multimodal data needed to
predict patient outcomes. We now briefly review these
complexities.

First, the ultimate goal of the rehabilitation process is
determined by the clinical care team, in dialogue with
the patient, who together select meaningful outcomes.
This approach is crucial because it ensures the treatment
plan aligns with the patient’s objectives, values, and real-
world constraints. However, the collaborative selection of
meaningful, nuanced outcome(s) leads to wide-ranging
variability in the recovery target, such as regaining arm
function, reducing fall risk during walking, or increas-
ing participation in meaningful activities. Compared to
predicting a hazard ratio for survival, such as is done
in precision medicine for cancer, the goal of precision
rehabilitation is to identify a functional outcomes ratio
that optimizes treatment to preserve overall quality of
life. This introduces challenges to predictive modeling
because rehabilitation plans may need to be optimized
to predict multiple goals, many of which are difficult to
quantify.

Second, rehabilitation is characterized by large
between-patient variability, making it difficult to predict
how patients will respond to different treatments. Per-
sonal factors, such as the patient’s current and premorbid
physical abilities, the type and location of any nervous
system injury, time since injury, age, self-motivation,
mood, cognition, fatigue, sleep, social support, and social
determinants of health (e.g., socioeconomic status, edu-
cation, access to transportation), along with the patient’s
real-world engagement outside of therapy and actual
activity during therapy (amount, duration, repetitions),
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all significantly influence rehabilitation outcomes. These
many heterogeneous factors make it challenging to pre-
dict how a given patient will respond to a specific treat-
ment plan. Indeed, the number of combinations of
variables that need to be considered to predict outcomes
can be astonishingly large. For instance, there are over
1 million possible linear predictive models if just 20 pre-
dictors are considered without interactions (22°). While
such a prediction task is extremely hard for the human
brain, it is a relatively simple task for an AI or machine
learning (ML) system—assuming the existence of large,
high-quality training data (see the fourth point, below).

Third, rehabilitation interventions are often deliv-
ered sequentially over periods of months, with delayed
improvements in outcomes. Interventions are also often
multi-faceted with many potential active ingredients
(e.g., motor skill training, transcranial magnetic stimula-
tion, drugs, clinician interactions, or even surgery) that
can be modulated in dose and time and are tracked with
diverse outcome measures. As a result, there are many
potential treatment plans, given the multiple scheduling
factors that modulate recovery, the high between-patient
variability, and the multiple scheduling patient con-
straints and preferences. For instance, even the seemingly
simple task of deciding whether to apply or not the same
unimodal treatment each week for 6 months (26 weeks)
results in ~67 million possible treatment plans. Al in
collaboration with the clinician, can play a valuable role
in identifying and recommending treatment plans that
have the best chance of maximizing recovery, while pri-
oritizing the patient’s preferences and constraints.

Fourth and finally, to accurately predict patient out-
comes, we need large, multimodal, and diverse datasets
that capture the wide variability across patients, treat-
ment goals, treatments, and outcomes. Although such
datasets do not currently exist, efforts to harmonize data
within specific conditions and to provide data standards
for newly collected data are beginning to emerge and are
discussed in detail below (See "Making Al-Based Preci-
sion Rehabilitation a Reality").

These four complexities distinguish the field of reha-
bilitation from many other areas of medicine, where
outcomes are often narrowly defined (e.g., liver function
tests for hepatic insufficiency) and influenced by a limited
set of quantifiable factors (e.g., whether or not to deliver a
pharmacologic intervention). One of the best examples of
precision medicine is in oncology, where high-through-
put technologies, such as DNA and RNA sequencing,
have been leveraged to profile tumors, predict therapeu-
tic responses, and inform cancer treatment decisions [7].
Large-scale data sharing efforts like The Cancer Genome
Atlas [8] and the Flatiron Health Database [9] integrate
genomic, clinical, and outcome data across multiple can-
cers. These datasets are used to predict mutation-drug
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interactions, stratify patients, identify optimal thera-
pies, and evaluate off-label drug use to extend treat-
ment options beyond FDA guidelines [10-12]. Al-based
computational tools can also be used to analyze these
large, multimodal datasets to refine participant eligibil-
ity for clinical trials, ensuring broader patient inclusion
without compromising safety or efficacy. The success of
these initiatives illustrates the need for, and the benefits
of, high-quality, integrated large datasets for advancing
personalized treatment, particularly when the factors and
outcomes at play are well characterized.

In contrast, rehabilitation’s dynamic, multi-faceted
nature may require a different approach than the stan-
dard predictive models applied to other, more straight-
forward areas of healthcare. We argue that precision
rehabilitation may specifically benefit from collaborative
Al which refers to humans and Al working together to
achieve what neither can accomplish alone, with AI dis-
tilling complex data that humans can then use as part
of their nuanced decision-making process [13-15]. In
this paper, we will review the current landscape of pre-
cision rehabilitation and explore how collaborative Al,
and Al in general, can advance this field. First, we will
outline a roadmap for a general collaborative Al system
in rehabilitation. Next, we examine three existing preci-
sion rehabilitation frameworks that have been developed
independently by several of the co-authors, which share
common key elements of the roadmap [5, 6, 16]. Then,
we describe examples of how Al has already been applied
to complex rehabilitation scenarios. We follow with a
discussion of how to make Al-based precision rehabilita-
tion a reality, with an emphasis on the large data required
along with ethical issues. Finally, we conclude with rec-
ommendations for future directions.

A roadmap for collaborative Al in rehabilitation
Collaborative Al defined

Human-AlI collaboration, or collaborative Al is an evolv-
ing concept initially introduced by J.C.R. Licklider in
1960 through the notion of “Man-Computer Symbiosis”
[17]. Licklider envisioned a future where humans and
computers would operate together in a mutually benefi-
cial partnership, such that the strengths of both are lever-
aged to achieve superior outcomes. Rather than replacing
humans in specific tasks, Al acts as a complementary
force, augmenting human expertise to improve processes
and decision-making through iterative, interactive col-
laboration. This type of partnership typically involves
humans contributing creativity, critical thinking, safety,
responsibility, and context, while the Al excels at learning
from data, automating tasks, and identifying patterns in
high-dimensional inputs. A well-known example of this
collaboration emerged in 1998, a year after IBM’s Deep
Blue defeated world chess champion Garry Kasparov.
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This landmark win led to a period of innovative collabo-
ration in which teams of humans and computers working
together, termed Centaurs, became the world’s top chess
players [18, 19]. Here, we posit that collaborative Al can
enhance the rehabilitation ecosystem by providing clini-
cians with data-driven insights to inform more effective
and personalized rehabilitation plans.

The four key components of a collaborative Al
rehabilitation system

Precision rehabilitation can be viewed as a sequen-
tial decision-making problem in which the clinician-Al
team interacts with the patient iteratively to identify an
optimal treatment plan, out of a large space of possible
interventions, in order to maximize long-term func-
tional outcomes. A precision neurorehabilitation system
capable of generating an optimal treatment plan has four
main components, as alluded to in the introduction, and
as we proposed previously [5]—see Fig. 1:

(1) A collaborative Al goal-setting system to define
the goals, constraints, and preferences based on
input from both the patient and clinician;

(2) A patient-specific predictive model, often called
the “patient twin” or ‘digital twin’, which predicts
outcomes for an individual, given interventions
based on personalized model parameters;

(3) An Al-based intelligent decision-making system
that recommends treatment plans to maximize
patient-defined goals using the predictive model;
and

(4) A large, multi-modal dataset from the current
patient and thousands of other patients that informs
all aspects of the model.

Component 1: collaborative goal-setting between the Al
system, the clinician, and the patient

The collaborative goal-setting system component will set
parameters for the Al algorithm based on the clinician’s
judgment and the patient’s preferences. We envision two
primary ways in which the clinician and the Al system
can collaborate to iteratively set and adapt the goals of
rehabilitation by: (1) defining the treatment goals (opera-
tionalized in our model as the reward function) and (2)
setting constraints and preferences.

First, the primary treatment goals are aligned into a
reward function that guides the Al system to learn the
optimal behavior that leads to the desired outcome. Col-
laborative AI systems have their roots in two related
engineering fields—optimal control and reinforcement
learning—which are used to determine sequences of
actions that maximize outcomes. In both cases, the cost
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Fig. 1 A proposed collaborative Al rehabilitation system with four main components; see text for details. lllustrative components generated using Ima-

gen (Google, Gemini v2.5)

(optimal control) and reward (reinforcement learning)
functions are crucial components that assign a numeri-
cal value (henceforth, the reward) to each action taken
by the agent in a particular state. The reward indicates
how good or bad that action was in terms of achieving
the desired goal. In rehabilitation, the primary treatment
goal (reward function) is defined by the clinician and
patient based on the patient’s objectives and meaningful
outcomes. For instance, in our recent preliminary work,
the reward function was a function of an upper extrem-
ity outcome score, with equal weighting for short- and
long-term outcomes [5]. If the emphasis is on long-term
recovery of arm and hand function, the reward function
can be further adjusted to put equal emphasis on distal
versus proximal upper extremity functions. In any case,
the treatment plan will depend on the choice of the out-
come measures and the terms and weights of the reward
function, which can be adjusted. After any adjustments,
the algorithm will be rerun, and the clinician will be able
to visualize the proposed plan and forecasted outcomes
(see component 2 below) and modify the plan as desired.

Second, not all treatment plans are feasible or desirable.
The clinician and patient can also place constraints upon
the Al-generated treatment plans, such as maximum fea-
sible total doses, patient schedule changes due to unex-
pected events (e.g., an infection or fatigue), as well as
limitations due to reimbursement systems and access to
therapy. Other common clinical constraints include high
activity-dependent fatigability [20], comorbid conditions,

patient schedule changes (e.g., travel), socioeconomic and
interpersonal needs, and reimbursement needs. Finally,
patient preferences in scheduling and task practice are
important to maximize motivation and gains in rehabili-
tation [21, 22]. Thus, the treatment plan must consider all
scheduling constraints, which we have proposed to clas-
sify into clinical constraints, logistical constraints, and
patient preferences [5]. Through collaboration with the
Al system, the clinician and patient can input “hard” con-
straints, such as the minimum or maximum daily practice
doses every two weeks, and, if needed, “soft” constraints,
by modifying the weights of the reward function.

Component 2: a patient predictive “twin” model that can be
simulated to predict outcomes in different scenarios

Patient “digital twin” modeling is a powerful approach
to personalize healthcare and optimize treatment strat-
egies [5, 6]. A patient digital twin is a dynamic, virtual
representation of a patient that integrates a wide range
of health-related data, including biological factors such
as impairment level, lesion size and location, medical
history and demographics, and even real-time sensor
data. This detailed model enables both clinicians and AI-
based decision-makers to simulate the impact of different
treatment options on the desired outcomes for an indi-
vidual patient at any given time. Crucially, this model will
be trained both from the incoming data of the current
patient and from data in a large rehabilitation database,
which will contain clinical records, including treatments
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and responses, and clinically relevant covariates of thou-
sands of other patients [5] (see Component 4 below).
Upon patient intake, baseline clinical and demographic
variables will be inputted to generate initial long-term
predictions. However, because of the large between-
patient variability in response to treatment, these initial
predictions will not be highly accurate. Thus, the model
will be updated iteratively during the course of treatment,
with the clinician updating the dataset with the patient’s
own data (see below), allowing more accurate and pre-
cise long-term predictions. Thus, the digital twin model
is a crucial component of a collaborative Al system as it
forms the basis for testing all plans generated by the Al
decision-making algorithm (see below). It also allows the
clinician and patient to visualize the long-term predicted
outcomes in response to multiple different scenarios. For
instance, a clinician could test the effect of modifying the
reward function, changing constraints and preferences
(e.g., different values of a covariate representing fatigue
levels during therapy), or compare different rehabilitation
schedules [5].

Component 3: an Al-based intelligent decision-making
algorithm that recommends optimal treatment plans

A collaborative AI system must help in the planning
process through the exponentially large space of treat-
ment decisions by maximizing long-term rewards (goal
achievement) while accounting for new information as it
becomes available. This is formalized as an Al agent that
iteratively generates optimal treatments through inter-
actions with the digital patient: the agent tries different
treatments, the digital twin generates different predicted
outcomes, which are graded by the reward model, the
agent adjusts its strategy accordingly so that better treat-
ments are more likely to be selected, and real-life infor-
mation is fed back to the model to further improve the
model as the patient moves through their actual rehabili-
tation process.

Prior research has identified several AI/ML-based sys-
tems that could provide personalized treatment plans: (1)
Reinforcement Learning (RL), a branch of machine learn-
ing, offers a way to enhance decision-making by learning
optimal strategies through trial and error and addressing
sequential decision-making challenges. (2) Unsupervised
learning could be used to find clusters of patients with
similar factors and identify the treatment plans that led
to the best outcomes, while (3) semi-supervised learn-
ing uses both labeled and unlabeled data to train mod-
els, leveraging vast amounts of available data, even if only
a fraction is labeled. The optimal goal of these learning
methods is to determine the Optimal Dynamic Treat-
ment Regimes (ODTRs) [23], which is the learned opti-
mal decision rule (which arises from the Al agent and the
digital twin).
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Component 4: a large multi-modal database of
rehabilitation-relevant data processed by Al to inform both
the digital patient model and intelligent decision-making
system

To infer the optimal intervention, the collaborative Al
system will need to ensure that patient models are built
upon large, heterogeneous, and generalizable databases
of previous patient data that can accurately extrapolate
to the current patient and be refined with incoming data
from this patient. Large, diverse, reliable data sources are
thus required to inform the Al systems, including the
creation of the digital twin and the decision-making algo-
rithm. As the database expands with each new patient,
the model can evolve to incorporate additional factors
that will further support informed decision-making. In
addition, iterative monitoring, evaluating, and reassess-
ing will be critical to improve long-term predictions for
the current patient with updated outcomes, treatment
variables, clinical variables, and even goals during treat-
ment. The clinician should augment any digital data by
continuously assessing factors such as mood, cognition,
self-motivation, social support, fatigue, sleep, and social
determinants of health (SDoH), which are hard to model
and can fluctuate. Such integration of existing data with
real-time incoming data is critical for the success of this
approach. Although such large data sources and data
infrastructures do not currently exist, emerging efforts to
generate these are growing (see "Making Al-based preci-
sion rehabilitation a reality").

Al-based precision rehabilitation frameworks

As outlined above, significant challenges must be
addressed to develop and implement intelligent, person-
alized, collaborative AI systems. In particular, there is a
need to identify, adapt, and develop new and appropriate
techniques for intelligent decision-making to support the
complex and unique combination of variables germane
to precision rehabilitation. However, recent research has
introduced several promising precision rehabilitation
frameworks aimed at predicting outcomes and optimiz-
ing therapy. Notably, some of us have proposed frame-
works that, while developed independently, share the
four common elements discussed above (Fig. 1). Below,
we briefly review the three proposed frameworks: (1) The
Causal Framework for Precision Rehabilitation lays the
foundation for a framework that integrates multimodal
data into a causal model of patient recovery that can then
be used to optimize rehabilitation in multiple domains
[6]. (2) The NeuroAlreh@b framework uses machine
learning to assess the patient’s functional status and
select appropriate therapy tasks [16]. This system is cur-
rently being tested in a clinical trial, and has been refined
with patient data acquired in a preliminary feasibility
study [24]. (3) Finally, precision rehabilitation via the
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Contextual Model-Based Reinforcement Learning frame-
work shows how the patient model can be used within
model-based reinforcement learning to optimize reha-
bilitation treatment schedules given the between-patient
variability and constraints in possible treatments [5].

A causal framework for precision rehabilitation (CFPR)

The CFPR seeks to model diverse real-world rehabilita-
tion data in order to improve long-term functional out-
comes for individual patients by providing data-driven
recommendations of the optimal interventions based on
detailed multimodal measurements from those patients
[6]. This framework leverages the growing field of causal
inference [25, 26] to build causal models that describe the
process of rehabilitation. The causal models are formal
articulations of hypotheses about how different factors
influence each other and ultimately patient function. In
this sense, the CFPR builds on Computational Neurore-
habilitation, which emphasizes computational modeling
of neuroplasticity during rehabilitation [27]. The CFPR
advances this approach by linking detailed impairment
measurements to functional activities of daily living and
participation [28].

Causal inference provides the mathematical framework
for fitting these models to large, heterogeneous datasets
that include detailed data on interventions, as well as
the tools to make counterfactual inferences about how
a patient would have responded to alternative interven-
tions. The CFPR focuses on building the causal models
using structured causal diagrams, where components of
the overall model are specific causal mechanisms that
can be tested independently or by combining heteroge-
neous datasets from different sites [29].

A key challenge in precision neurorehabilitation is
predicting neuroplastic changes resulting from different
interventions. This requires causal models that can rep-
resent intervention effects while being constrained by
available data. However, interventions are rarely docu-
mented with sufficient detail. One promising approach
to documenting interventions is the Rehabilitation Treat-
ment Specification System (RTSS) [30, 31], which struc-
tures interventions into active ingredients, target effects,
and hypothesized mechanisms of action. Causal models
of neuroplasticity and rehabilitation can then be fit to
longitudinal data of rehabilitation outcomes at different
levels of granularity (kinematics and kinetics, imaging,
omics, impairment, participation, social determinants
of health, and interventions documented via the RTSS).
These causal models, trained on longitudinal rehabilita-
tion outcomes across multiple data levels (e.g., imaging,
impairment, participation, social determinants), can
serve as patients’ digital twins to optimize interventions
and maximize long-term functional recovery.
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The CFPR also outlines how these digital twins can be
used to simulate the outcomes after counterfactual inter-
ventions for different patients at different points along
their recovery trajectory to identify a decision support
tool that suggests the optimal intervention at each point
in time. This intervention policy is an example of learning
the ODTR [23]. The CFPR can be mapped onto the four
proposed components (Fig. 1) with the causal models
being the predictive digital twins (component 2), which
is learned from large datasets (component 4), and the
ODTR being the AI decision agent (component 3), which
can be optimized for patient-selected goals (component
1).

The NeuroAlreh@b framework

The NeuroAlreh@b framework addresses limitations
of conventional neurorehabilitation tools, which often
struggle to adapt to the unique needs of each patient
and require extensive manual assessment [16]. This Al-
driven framework personalizes rehabilitation activities by
relying on patient profiling, task selection, and progress
monitoring across cognitive, motor, emotional, and social
domains. It consists of three main modules:

1. Adaptive Digital Patient Modeling: a Predicted
Profile is created via four components: (i)
Assessment Instruments, where clinicians use
validated tools to evaluate each of the cognitive,
motor, emotional, and social domains. ML is used
to structure this baseline data for monitoring
longitudinal progress into a formal language,
facilitating the analysis of patient profiles. (ii)
Assessed Functional Profiles (AFP), where data from
various assessment tools and socio-demographic
inputs are aggregated into a cohesive AFP using
ML. (iii) Normative Comparisons: the AFP is
contextualized against normative demographic
and clinical data to establish a reference baseline,
enabling an objective measure of a patient’s
functional status. (iv) Predicted Profile Update: As
model prediction errors and tracking drifts occur,
calibration uses ML to refine the patients’ profile
and adjust for any discrepancies.

2. Training Selection: once the patient’s baseline profile,
or digital twin, is established, NeuroAlreh@b
selects customized training tasks based on specific
rehabilitation needs. (i) Setting Training Objectives:
AFP rehabilitation objectives are translated into
quantifiable parameters, enabling clinicians to create
measurable, structured goals for each domain. (ii)
Task Selection: Suitable training tasks that align with
the AFP and target specific domain requirements
are selected, with difficulty adjusted as necessary.
(iii) Initial Task Parameters: Based on the AFP,
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ML algorithms establish initial task settings by
analyzing the relationships between task profiles and
patient profile parameters, ensuring that tasks are
challenging yet achievable.

3. Training Session Execution: during each training
session, NeuroAlreh@b delivers virtual reality-
based training tasks to continuously adapt task
difficulty based on real-time patient performance,
maintaining engagement and ensuring effective
training. NeuroAlreh@b monitors performance
to keep the patient’s success rate between 50% and
70%, thus avoiding boredom or frustration; an Al
algorithm dynamically adjusts task difficulty in real-
time, maintaining an optimal challenge level based
on the patient’s ongoing performance.

The NeuroAlreh@b framework aligns well with the four
components of a collaborative Al precision rehabilitation
system, leveraging adaptive patient modeling, real-time
predictive updates, intelligent treatment planning, and
large-scale data integration: (1) Collaborative Goal Set-
ting System is achieved by aggregating clinician assess-
ments into an Assessed Functional Profile (AFP) and
refining goals through Al-driven calibration. (2) Patient
Predictive Model (“Digital Twin”) is accomplished via the
continuously updated Predicted Profile to track prog-
ress, mirroring the patient twin concept for real-time
adaptation. (3) Intelligent Decision-Making Treatment
Planning is performed by the algorithm that dynami-
cally selects and adjusts training tasks, optimizing chal-
lenge levels based on AFP and performance data. (4)
Multi-Modal Data Integration is represented through-
out NeuroAlreh@b, which contextualizes patient data
against normative datasets.

Precision rehabilitation via contextual model-based
reinforcement learning

Finally, in recent work, we proposed a collaborative Al
precision rehabilitation framework using model-based
contextual Reinforcement Learning (RL) and demon-
strated how it can be used to optimize longitudinal treat-
ment plans (simplified as the timing and dose of upper
extremity-based treatment at discrete time steps) [5].
In this framework, rehabilitation is viewed as a Markov
Decision Process (MDP): a sequential decision-making
problem in which the longitudinal rehabilitation out-
comes are random variables influenced by the interven-
tions [5]. An MDP consists of four components: (i) A
set of states representing a patient’s motor memory and
recovery status, (ii) a set of treatments defined as the
dose (possibly for different types) of rehabilitation at a
time step, (iii) an unknown transition function that gives
the probability of the patient transitioning to a next state
given a current state and a treatment, and (iv) a reward
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function quantifying the resulting functional improve-
ment at each time step. The goal of RL in an MDP is to
learn a policy, i.e.,, a decision rule, to select treatments
in each state that will maximize the total reward, which
involves, for instance, both short- and long-term func-
tional improvements.

This RL-based system involves the four key compo-
nents for Precision Rehabilitation outlined above [5].
First, the system comprises a collaborative objective
module that allows the clinician and patients to set the
rehabilitation goals based on desired short and long-
term outcomes and any constraints (or preferences). The
module ensures that the RL agent’s objective is aligned
with the rehabilitation goals by transforming its reward
function. Adjustments can be made for both “hard” con-
straints and the reward function weighting.

Second, a patient model is employed to forecast indi-
vidualized, time-dependent recovery processes given a
treatment plan. We used a Bayesian approach to seam-
lessly account for aleatoric uncertainty (i.e., inherent
randomness in a process or data) in outcomes through
interval predictions and epistemic uncertainty (i.e.,
uncertainty arising from lack of knowledge) about each
patient through interval estimates of patient-specific
model parameters. In addition, the model included con-
textual information, such as stroke type, age, and lesion
location, to facilitate information-sharing between
patients when learning individualized models.

Third, a treatment planner is used to determine near-
optimal, patient-specific policies (or decision rules)
to assign rehabilitation doses (in hours) based on the
patient’s status at each time step. In our initial work, we
used dynamic programming to identify a (near-)optimal
policy that maximizes the short- and long-term pre-
dicted outcomes given a patient model and any user-
defined constraints. Since the ground-truth (or the best)
patient model is unknown, the model used for planning is
selected via Thompson sampling (i.e., sampled according
to the Bayesian posterior distribution) to efficiently bal-
ance exploitation and exploration.

Fourth, to allow model updating, the system uses
a database of all past and current patients, leading to
reduced uncertainty level in the predictions and bet-
ter treatment decisions (especially for new patients with
little rehabilitation data). Notably, as new data arrive at
every time step, the system continuously learns better
models and refines its treatment plans both at the patient
and population levels. Simulations using a chronic stroke
model, developed with data from two clinical trials [32,
33], suggest that this Al agent becomes increasingly
effective with more participants [34] and can improve
motor functions more than fixed uniform, decreasing, or
increasing dose schedules [5].
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Examples of Al in rehabilitation

Al has powerfully been used in other domains, such as
to improve personalized care for individuals with can-
cer (see "introduction”) and to stratify patients for more
efficient and effective therapeutic trials, as has been done
recently with a therapeutic drug for Alzheimer’s disease
[35]. However, collaborative Al frameworks of precision
rehabilitation are still currently emerging. Thus, here,
we review how Al has so far been applied to address
domain-specific complex rehabilitation challenges. Rapid
advances in Al have enabled applications ranging from
diagnostics to data processing to tailoring interventions.
In this section, we review four applications of Al in reha-
bilitation in: (1) biomechanical movement analysis, (2)
neuroimaging, (3) robotic therapy assistance, and (4)
brain computer interfaces. The developments in each of
these areas may be integrated into a larger collaborative
Al model for precision rehabilitation in the future.

Al for clinically accessible biomechanical movement
analysis

Traditionally, marker-based motion capture has been
used for biomechanical assessments in research and
select clinical settings, such as decision-making in
orthopedic surgery. However, high costs and logistical
constraints have made routine use impractical, leaving
clinical outcome assessments for gait and balance reli-
ant on subjective assessments, such as stopwatches and
visual judgment.

Recent Al-powered methods now incorporate the
use of wearable sensors to measure movement in both
clinical and real-world settings, as well as synchronized
multiview video and monocular video. The video-based
methods are driven by recent advances in computer
vision, specifically human pose estimation (HPE). While
early HPE approaches for monocular video could only
identify body part locations, new methods incorporate
multiple views for 3D biomechanical modeling, achiev-
ing accuracy comparable to marker-based systems with
shorter setup times and greater accessibility [36—40]. It
is now possible to track every joint in the hand with an
accuracy of several millimeters, providing a quantitative
characterization of arm and hand impairments that were
previously impossible [41]. Recent advances even allow
fitting 3D biomechanical models to monocular video
captured by a smartphone, making quantitative biome-
chanical assessments even more accessible [42].

However, while these techniques enable longitudinal
quantification of movement impairments, it is not yet
clear how to use such data to improve rehabilitation out-
comes. Emerging research studies may suggest an avenue.
For example, spatiotemporal gait parameters are associ-
ated with fall risk, a major contributor to mortality and
morbidity. Integrating gait analysis into routine clinical
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visits and home assessments could identify individuals
at risk of falls and enable early interventions. However,
workflow integration issues, such as electronic medical
record compatibility, must be addressed before this tech-
nology can be widely used. Furthermore, the technology
must be designed to be easy for clinicians to use and to
produce reports that they find useful. Additionally, a lack
of longitudinal movement data currently limits our abil-
ity to identify patient subgroups for targeted interven-
tions. Combining these large clinical movement datasets,
which can now be collected, with long-term outcomes is
a promising avenue to let data guide our next generation
of clinical assessments, as discussed under the Causal
Framework for Precision Rehabilitation above.

Al for brain imaging in neurorehabilitation

A second area where Al has been integrated into diag-
nostic tools for neurorehabilitation is neuroimaging. In
particular, brain imaging has been widely used to diag-
nose and identify biomarkers of neural injury and neuro-
degenerative disorders. Brain imaging contains hundreds
of thousands of voxels (or 3D volumetric pixels) of data,
and Al is well-suited for processing such large datasets.
Current applications of Al in neuroimaging include: (1)
segmenting brain features of interest [43—45], (2) quan-
tifying brain measures that are difficult to assess visu-
ally [46, 47], and (3) generating synthetic high-resolution
images from low-resolution clinical scans [48, 49].

Traditionally, manual segmentation of brain struc-
tures such as the hippocampus (to quantify hippocam-
pal volume, a biomarker of neurocognitive disorders), or
a stroke lesion (to quantify overlap with key structures,
such as the corticospinal tract or CST), is labor-inten-
sive and requires extensive neuroanatomical expertise.
Recent research efforts have focused on automating these
processes using Al algorithms trained on manually seg-
mented images. Al-based tools for automated hippocam-
pal [45], whole brain segmentation [50, 51], and lesion
segmentation [44, 52] among others, have been devel-
oped and tested in clinical populations at a rapid pace,
improving researchers’ capacity for large-scale brain
analyses.

Al has also enabled the extraction of new brain features
beyond human observation. One example is brain age, a
neuroimaging-based measure that estimates a person’s
age based on their brain features [53]. Brain age algo-
rithms are trained on thousands of healthy brains with
labeled chronological ages to predict the ages of new
people. The difference between predicted and chronolog-
ical age (brain predicted age difference or brain-PAD) is
thought to be an indirect measure of brain atrophy [53],
correlating with conditions such as Alzheimer’s disease
[54], depression [55], schizophrenia [56], traumatic brain
injury [57], and risk of mortality [58]. Recent studies have
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begun to link brain-PAD to neurorehabilitation [46].
Brain-PAD after a stroke correlates with the severity of
sensorimotor impairment and the size of lesion damage
at 90 days post-stroke, and moderates the impact of CST
lesion damage on sensorimotor outcomes, such that bet-
ter brain-PAD is linked to better sensorimotor outcomes,
despite large lesion damage [46]. Finally, a recent study
demonstrated the utility of brain age for disease stratifi-
cation in Huntington’s disease [59], which could impact
the efficiency of clinical trials.

Finally, in the last two years, generative Al—that is, Al
designed to generate new information has further trans-
formed neuroimaging. Tools like SynthSR [48] and its
successors [49, 60] can convert low-resolution clinical
scans into high-resolution images, allowing the repur-
posing of vast amounts of clinical imaging data, which
had previously been considered too low-resolution for
scientific use. Generative AI has enormous potential
to improve imaging-based assessments used in preci-
sion rehabilitation models. In the future, low-resolution
clinical MRIs could be used with an Al-assistive tool to
generate detailed projections of brain health and asso-
ciated prognoses for clinicians to help guide treatment
decisions.

Al for robotic therapy assistance

With the increasing prevalence of motor impairments
caused by neurological diseases, coupled with limited
human and financial resources, many patients receive
inadequate physical therapy. Over the past decades,
robotic systems like the Lokomat, designed for walking
training, have been developed to support therapists and
increase therapy time. These rehabilitation robots can
precisely control training, presented as engaging seri-
ous games, and assess performance. In addition, serious
games, either on their own or in conjunction with virtual
reality, have also been integrated to enhance neuroreha-
bilitation [61]. In recent years, robot systems have been
simplified to provide assistance in simple settings and
at home [62-64]. However, how can robotic systems
be controlled to address the varying impairments and
therapy needs of individual patients? Can Al enable the
creation of robotic therapists that can dynamically adapt
therapy, as human therapists do?

In cases of severe impairments, robots can guide the
limb through predefined movements to stretch muscles,
enhance passive range of motion, and help reduce spas-
ticity. However, when patients become able to move by
themselves, too much movement guidance induces pas-
sivity and this can alter an individual’s motor behavior
and recovery [65, 66]. Therefore, adaptive techniques
have been developed for patients who have regained
some movement ability, regulating robotic assistance
to support their efforts while still challenging them to
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encourage proactive learning [65, 67]. These methods
have been successfully applied, for instance, in walking
assistance systems like the Lokomat [68] and could be
used to correct for compensatory behaviors [69].

Despite their benefits, these adaptive approaches
restrict patients’ movements to predefined trajectories.
Recent advancements leverage differential game the-
ory to overcome this limitation by assisting patients in
executing their own intended movements [70, 71]. This
innovative approach enables robotic systems to (i) iden-
tify the patient’s sensorimotor condition in real time,
and (ii) dynamically adapt interaction behavior, offering
a range of support from full assistance to collaborative
effort sharing or even competitive engagement. By tailor-
ing the level of support and challenge to the patient’s con-
dition, this method can promote optimal training, and
pave the way for Al-driven therapy systems that emulate
the adaptability and responsiveness of human therapists.

Al and brain-computer interfaces for rehabilitation
Brain-computer interfaces (BCIs) illustrate both the
promise and the challenges of applying Al in precision
rehabilitation, as they translate brain activity into com-
mands for external devices, such as assistive robots or
exoskeletons [72, 73]. While early BCIs relied on simple
linear classifiers, recent advances in computing power
and data availability have enabled the integration of Al,
significantly enhancing neural decoding [74]. By improv-
ing the accuracy of brain signal decoding and increas-
ing system responsiveness, Al facilitates more effective
communication between the brain and external devices,
overcoming traditional hurdles such as slow informa-
tion transfer and inconsistent signal clarity. This progress
highlights AI's potential to improve performance in assis-
tive applications, but it also raises questions about how
to design systems that foster genuine restorative effects
rather than merely adapting the machine to the user.
Assistive BCIs and Al Assistive BCls enable users to
control external devices, such as assistive robots, pros-
thetic limbs, communication tools or spinal cord stimu-
lators. Through operant conditioning [75] and feedback
learning, BCI users learn to modulate their brain activity
to control external devices such as prosthetics, commu-
nication tools, or spinal cord stimulators [72]. Further-
more, integrating direct electrical stimulation of brain
tissue in conjunction with input from force sensors can
help re-establish sensory feedback. This bidirectional
interaction approach enhances the functionality of pros-
thetic limbs [76]. Al-enabled assistive BCIs are used in
robotic exoskeletons for patients with paralysis, restoring
functions such as grasping or walking [77]. Al can also
enhance systems by providing artificial sensory feedback
through electric stimulation, dynamically adapting to
environmental changes. The combination of AI within
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the context of bidirectional interaction in assistive BCIs
promises to allow for enhanced motor control, increased
adaptability, and potentially even the restoration of
proprioception.

The field of Al robotics, including natural language pro-
cessing and vision-guided robotics, has seen phenomenal
growth in recent years. Thus, it is possible that robots
that are responsive to high-level verbal commands will be
an important assistive tool for people with severe motor
impairments and may avoid the need for invasive BCI for
people with intact speech. For individuals who are unable
to speak but have intact language brain areas, BCIs for
speech decoding, which have seen significant improve-
ments in performance over the past few years, could pro-
vide an important domain of assistive technology.

Restorative BCIs and Al Restorative BCls aim to reha-
bilitate motor, sensory, or cognitive functions by promot-
ing neuroplasticity through contingent feedback between
brain activity and external stimulation [78]. The integra-
tion of Al into these systems, although still in its early
stages, holds considerable promise for refining neural
signal decoding, adapting task difficulty, and optimiz-
ing stimulation patterns in real time. Yet, the role of Al
in restorative BClIs is not without challenges: most exist-
ing approaches prioritize adapting the computer to the
user to maximize decoding accuracy, which may improve
short-term control but reduce the brain’s incentive to
adapt, thereby limiting restorative potential. A key task
for collaborative Al in this domain is therefore to strike a
balance between machine adaptation and patient-driven
learning, ensuring that Al augments rather than replaces
the neural processes underlying recovery. Concrete
examples include Al-enhanced BCIs that couple motor
imagery with robotic assistance or functional electrical
stimulation to drive motor relearning, as well as neuro-
prosthetic systems that provide artificial somatosensory
feedback to reinforce adaptive changes. Beyond motor
rehabilitation, Al-based systems are being investigated
for modulating brain activity in conditions such as epi-
lepsy and depression [79]. In the longer term, collabora-
tive Al system could serve as a decision-support layer,
recommending individualized BCI protocols that are tai-
lored to a patient’s impairment profile, therapeutic goals,
and progress, thereby embedding BCIs into a broader
precision rehabilitation framework.

Making Al-based precision rehabilitation a reality
The need for large, diverse and high-quality data

Al-based neurorehabilitation is in its early stages. The
three frameworks described in Sect. 2 are either con-
ceptual (CFPR), focus on select aspects (NeuroAlreh@b;
cognitive rehabilitation based on questionnaires and
discrete action sequences rather than complex body
function rehabilitation), or are in the early stages of
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implementation (Contextual Model-based Reinforce-
ment Learning), while the applications of Al to specific
rehabilitation needs are rapidly emerging. To make preci-
sion rehabilitation a reality, we must integrate these Al-
based frameworks and solutions with real-world data to
develop accurate models of rehabilitation outcomes. A
major challenge in achieving this is the need for exten-
sive, detailed datasets that capture critical rehabilitation-
specific variables necessary to train and test accurate,
reliable, and generalizable algorithms. However, gener-
ating these datasets is difficult. Clinical electronic health
records (EHRs) provide large, real-world datasets but
often lack detailed rehabilitation-specific factors, lead-
ing to oversimplified models. Conversely, research data-
sets rich in relevant variables are typically small (e.g.,
N<100), use various outcome measures across the ICF
domains, and only a few are publicly accessible. Although
the revised NIH Data Management and Sharing policy
aims to increase the availability of shared research data-
sets, harmonizing data across studies remains difficult
due to differences in data management practices, inclu-
sion/exclusion criteria, choice of outcomes, study time-
lines, type of interventions, and other methodological
inconsistencies.

Currently, researchers must contend with data from
multiple heterogeneous sources that often lack compre-
hensive metadata and clear encoding of participant data,
as well as consistent data element specifications. This
data fragmentation, coupled with challenges in gener-
ating large single-site datasets, has created a data scar-
city problem, hindering progress in precision medicine
[3]. Centralized efforts, such as by the new NIH-funded
Data Science and Analytics for Precision Rehabilitation
(DAPR) Center, aim to establish comprehensive data
standards and infrastructure that facilitate data inte-
gration across multiple sources (https://dapr.usc.edu/).
DAPR builds upon initial harmonization efforts in the
rehabilitation field from domain-specific areas, such as
the ENIGMA Stroke Recovery Working Group, which
has brought together high-resolution MRI and behavioral
data from over 2000 individuals across more than 65 dif-
ferent stroke research studies worldwide [80]. This collab-
orative work has resulted in numerous scientific advances
by providing large, diverse datasets for well-powered
statistical analyses that no single researcher could col-
lect efficiently on their own [46, 47, 81-83]. DAPR aims
to extend this type of approach to a large scale, across
multimodal domains of research, to enable rehabilitation
researchers to easily discover, reuse, and analyze data for
precision rehabilitation models. This is in line with recent
papers and efforts encouraging the development of large
data repositories of clinical data [84, 85].

A promising approach is to develop pipelines that har-
monize both existing and newly collected data, from
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both research and clinical sources, through universally
accepted common data models and data standards, such
as NINDS CDE [86] and OMOP [87, 88]. These common
data models, or conceptual representations that organize
data elements and define how they relate to each other
and how they are stored, as well as data standards—
agreed-upon guidelines that dictate how data should be
structured, recorded, and exchanged—can enhance the
consistency, interoperability, and data quality across sites
and users. The adoption of a standardized common data
model across rehabilitation will enable significant prog-
ress in precision rehabilitation.

Standardized data will also facilitate federated learning,
a technique that utilizes multiple decentralized datasets
for model training while keeping data localized [89, 90].
This supports data privacy and security, which is crucial
for clinical and EHR data containing sensitive patient
information. Multiple research groups are exploring fed-
erated learning for gait analysis across different clinical
populations [91, 92], highlighting the growing interest in
federated learning for rehabilitation AI. However, devel-
oping the necessary infrastructure and algorithms for dis-
tributed model training remains a substantial challenge.

Although large-scale efforts to harmonize data across
rehabilitation are currently underway, there are short-
term targets that readers can pursue to make this long-
term vision a reality. At a very basic level, aligning one’s
dataset with a current common data model, such as
OMOP or NINDS CDE, will help to prepare the data
for future integrations. Such work will also facilitate col-
laborations that individuals can initiate with one another
(e.g., collaborating between a few individual research labs
to pool together a joint dataset). In addition, research-
ers could utilize existing electronic health records data-
sets from their local institutions, which are already rich
sources of clinical, real-world data that can provide initial
forays into developing and testing models. Those without
access to EHR datasets could access other open-source
datasets; curated rehabilitation-specific datasets can be
searched on ReproRehabDB (https://reprorehabdb.usc
.edu/), on NIH-funded repositories such as the NICDH
Data and Specimen Hub (DASH; https://dash.nichd.nih.
gov/), or on modality-specific repositories such as Open-
Neuro (https://openneuro.org/) for neuroimaging data,
or on the Mobilize Center (https://mobilize.stanford.edu/
data/available-datasets/) for kinematic data.

Finally, simulated datasets are becoming increasingly
used to develop precision medicine algorithms [93], as
they can help overcome data scarcity and address pri-
vacy and bias issues. Synthetic data are generated by
machine learning models that learn from real research or
clinical data to create new, privacy-preserving datasets
that mimic the statistical properties of the original data.
Synthetic data can then augment real patient data by
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generating large, diverse virtual patient cohorts to train
Al models for targeted treatments. For instance, a rein-
forcement learning agent can learn an optimal “policy”
by continuously interacting with the virtual patient envi-
ronment. The policy can then be fine-tuned with smaller,
real-world datasets.

Expanding data sources to improve the effectiveness of Al
for neurorehabilitation

In addition to standardizing existing data, new data
sources should be incorporated. AI-powered video analy-
sis can provide detailed movement quantification during
rehabilitation and in-home settings. Wearable sensors
and smartphone- or smartwatch-based motion track-
ing provide further insights into real-world functional
performance, eliminating the need for constant video
observation. However, managing these data streams
for thousands of patients requires substantial infra-
structure investment, and further research is needed to
determine the best way to leverage them for therapeutic
decision-making.

Recent advances in technology also enable the real-
time monitoring of behavior as people move around,
interact with objects, and perform exercises and activities
in their natural environment. Sensorized objects, such as
the FitMi [94] and GripAble [95] systems, can be used for
home exercise programs through serious games, provid-
ing their users feedback on the applied force, action dura-
tion, rate of repetitive movements, and accuracy, while
also offering researchers robust kinematic and kinetic
data on trial-to-trial performance.

Ecological momentary assessment (EMA) and ecologi-
cal momentary intervention (EMI), originally developed
in behavioral medicine to track fluctuations in pain, can
be effectively adapted for rehabilitation research. These
methodologies involve delivering 2 to 6 smartphone-
based prompts throughout the day, prompting patients
to complete brief surveys assessing pain, paretic limb
function, and contextual factors such as mood, activ-
ity, and social interactions. Recent research also high-
lights self-efficacy as a key mediator in the relationship
between balance, walking performance, activity, and
participation post-stroke [96]. Importantly, EMA can
be combined with accelerometry to assess paretic limb
use at home in stroke survivors [97, 98], where social
context plays a crucial role [99]. The limited transfer of
rehabilitation-acquired skills to real-world settings—
the so-called “Capacity to Performance” disconnect
[100]— is a complex, multifactorial challenge that can be
addressed through integrated qualitative and quantitative
approaches, enabling more personalized interventions
[101-103]. This iterative process—leveraging body-worn
sensors, real-time EMA/EMI data, and a self-learning


https://reprorehabdb.usc.edu/
https://reprorehabdb.usc.edu/
https://dash.nichd.nih.gov/
https://dash.nichd.nih.gov/
https://openneuro.org/
https://mobilize.stanford.edu/data/available-datasets/
https://mobilize.stanford.edu/data/available-datasets/

Liew et al. Journal of NeuroEngineering and Rehabilitation

collaborative Al system—holds significant promise for
the future of precision rehabilitation.

Finally, the models will only be as good as the quality
of the data collected. As remote monitoring capabilities,
EHR integration, and learning health systems advance,
standardization procedures and related clinician training
will be essential [104]. Ensuring high-quality data collec-
tion and management is a critical step toward realizing
the full potential of Al-based precision rehabilitation.

Ethical dimensions of Al in rehabilitation

The importance of trustworthy Al

For collaborative AI to be effectively adopted in reha-
bilitation, it must be trustworthy. Without trust from
patients, families, clinicians, and other stakeholders,
adoption will remain limited. In Al, trustworthiness
encompasses several key factors, including explainabil-
ity (“Why did the model make a decision?’), confidence
(‘How certain is the model about its decision?’), and fair-
ness (‘Are there any biases in the model’s decision?’). We
now briefly elaborate on these factors.

Explainability in Al, also known as XAl, is a field of
rapidly growing methods for helping humans explain
Al models [105, 106]. While some statistical models,
like linear regression, are inherently interpretable, many
AI models used in clinical applications, such as neural
networks, operate as “black boxes” — where the input
generates a prediction, but the reasoning behind the pre-
diction is unclear. Whereas neural networks often have
high accuracy, the challenge lies in making these mod-
els explainable by identifying which input features were
most important in generating a specific output. In con-
trast to these “black-box” models, which require large
datasets for development, theory-driven “grey-box mod-
els” (i.e., those with a structure motivated by theory and
parameters estimated from patient data) can be based on
smaller datasets and offer good explainability. Analysis
of the parameters in such interpretable models can help
the clinician make informed decisions about therapy.
For instance, in our previous model of the change in an
upper extremity functional outcome as a function of
motor therapy [34], if the estimated decay parameter is
high, more frequent “booster” sessions may be needed
to maintain function. We note, however, that such grey-
box models often have relatively worse predictive per-
formance than black-box models due to simplifying
assumptions, such as time invariance and linearity. In any
case, to make meaningful progress, explainability should
encompass key dimensions such as human understand-
ability, consistency, completeness, and model agnosti-
cism, ensuring that the model’s decisions are transparent,
trustworthy, and actionable in real-world applications.

Confidence. The quantification of uncertainty in Al
model predictions is arguably a more tractable problem
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than the issue of explainability [107]. Uncertainty can
be quantified during model training or at decision time,
where a point prediction is accompanied by confidence
intervals (e.g., 95%) or presented as a probability (e.g.,
a 90% chance of a positive outcome) [107, 108]. These
methods can be readily implemented, for instance, via
Bayesian modeling (see the third framework above and
[34]). A major challenge is how clinicians or patients
interpret uncertainty. In other words, if a given treatment
is predicted to have a 50—60% chance of a positive out-
come, should it be implemented, especially if it is costly
or invasive? Simulations with different treatment scenar-
ios of patient models that generate both point predictions
and confidence intervals (Fig. 1, component 2), under dif-
ferent reward functions (Fig. 1, component 1) can help
decide between treatments.

Fairness. Finally, maintaining the fairness of Al mod-
els is a well-known challenge for their practical use, as
biases, such as those related to ethnicity, have been iden-
tified in existing systems [109, 110]. Biases arise from
the systematic under- or over-representation of certain
aspects of the training data or input features, leading to
inaccurate decisions or poor generalizability. In particu-
lar, people with disabilities are often underrepresented in
many datasets, raising concerns about bias in AI models
used in rehabilitation [111, 112]. The most effective way
to reduce demographic biases is to ensure that training
datasets are representative of the general population (or
the specific clinical population in question). When truly
representative training data are unavailable, Al tech-
niques such as transfer learning (where a pre-trained
model from a large dataset is fine-tuned on a smaller,
more targeted dataset) or simulated datasets (see above)
offer promising alternatives by leveraging existing datas-
ets, even if they are initially unrepresentative.

While challenges remain for the practical implemen-
tation of trustworthy Al, approaches to explainability,
confidence, and fairness can have an immediate applica-
tion in data quality assurance and control to ensure the
maintenance of high-quality datasets for research efforts
in optimizing rehabilitation programs. For example, even
if we cannot robustly validate whether an XAI method
has identified the ground truth features for predicting
treatment response, these methods can readily identify
artifacts and outliers in data that could negatively impact
model performance and should be removed.

Responsibility and privacy

Beyond measures of trustworthiness, additional ethical
considerations must also be addressed. One major issue
is responsibility: if an Al-based treatment leads to poor
outcomes, who is accountable—the clinician, the soft-
ware developer, or the Al researchers? In the case of col-
laborative Al, does the responsibility ultimately lie with



Liew et al. Journal of NeuroEngineering and Rehabilitation

the clinician? If so, will the clinician need to constantly
manually check the AI’s data and interpretations, and will
this become more time-intensive than not using the AI-
based data insights? Another ethical challenge involves
data privacy, as Al models typically require vast amounts
of sensitive biomedical data, necessitating robust infor-
mation governance. However, as Al is a priority across
multiple domains, not just rehabilitation, the collective
efforts of researchers in healthcare and biomedicine will
help develop solutions. Rehabilitation scientists should
be prepared to contribute to this broader effort.

Promoting adoption of Al-based precision rehabilitation in
the clinic

Al-based precision rehabilitation is designed to improve
outcomes and efficiency. However, a proof of efficacy is
insufficient for clinical adoption. In fact, even highly per-
forming Al systems often face resistance from clinicians.
Research on Al adoption in healthcare has identified
three primary barriers [113]: (1) Little direct benefit to
the clinician using the tool — for instance, as the patient
model will need to incorporate baseline data and initial
outcome measures recorded during the inpatient phase,
inpatient clinicians who may enter these data may not
see the long-term benefits of Al systems for their patients
(e.g., in the outpatient or chronic phase of case); (2) Addi-
tional workload to the clinician— for instance, to enter
structured data in the system; and (3) Loss of autonomy,
as clinicians may fear that Al-driven recommendations
could limit their decision-making authority.

To mitigate these issues and increase clinical adoption,
we propose three possible solutions: (1) First, Al should
focus on reducing the clinician’s workload by automating
documentation systems and routine tasks, allowing clini-
cians to focus on patient care. This was termed the Gift of
Time by Eric Topol [114], who suggested that Al should
relieve clinicians from repetitive administrative tasks,
allowing them to spend more meaningful time with
patients. (2) Second, the reporting burdens should be
minimized; Al should enable automatic data collection
from sensors and seamless integration with electronic
health records instead of requiring humans to perform
manual data input and scrubbing. We posit that the
adoption of Al will require Al tools that are easier to use
than existing tools, which are often as simple as clicking
a stopwatch. (3) Third, preserving clinician autonomy via
collaborative Al is critical, as it will offer suitable plans
without overriding clinician judgment, much like navi-
gation apps suggest multiple routes but leave the deci-
sion to the driver. The clinicians will be able to simulate
predictive models for different preferred plans, allowing
them to make their own decisions and providing a form
of interpretability that supports trustworthiness. Regard-
less of how an Al-driven plan is determined (whether by
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the Al system, collaboratively with clinicians, or entirely
by human judgment informed by Al-derived data), con-
tinuous data collection will enhance future predictions.
In addition, the system may learn some novel near-opti-
mal treatment plans from expert clinicians, further refin-
ing rehabilitation approaches.

Discussion and future directions

Rehabilitation is a uniquely complex domain for Al,
requiring the integration of numerous biological, social,
and cultural factors, as well as diverse goals, outcomes,
and models. It is likely that the development of collabora-
tive Al for rehabilitation will be iterative, where advance-
ments in specific areas could then be extended across the
field. Communication and collaboration across groups
incorporating Al into rehabilitation is thus critical; open
science, transparency, and the sharing of methodologies
and data will drive this field forward. Additionally, no sin-
gle organization or discipline can alone tackle the com-
plex challenges analyzed above. Collaborations across
rehabilitation scientists, clinicians, engineers, computer
scientists, and implementation scientists are vital to
developing solutions that can be effectively deployed and
used in the real world.

In our roadmap for a collaborative AI rehabilitation
system, we proposed an “online” clinical decision system
that learns to generate optimal treatments by interact-
ing with patients. The system tries different treatments,
the patient generates an outcome, and the system adjusts
its strategy accordingly, making better treatments more
likely to be selected. In contrast to such an online sys-
tem, offline systems [115, 116] are often preferred in
treatments where incorrect actions can result in signifi-
cant harm or even death, such as whether or not to ini-
tiate mechanical ventilation or the treatment of sepsis
[117]. Offline systems learn from a fixed, pre-collected
dataset of past experiences, without any interaction with
the patient during training. However, a significant weak-
ness of offline RL systems is that they cannot discover
or adjust treatment plans for the current and future
patients. We suggest that in rehabilitation, an online
approach, as we proposed, is acceptable because each
session poses little risk, especially if we ensure that treat-
ment constraints, such as weekly dose, can be modified
at any time, and that the clinician retains autonomy for
adjusting the plan and making the final treatment deci-
sion. Other online systems have been developed in the
field of digital health, which is also characterized by
low risk to users. For instance, an online algorithm was
devised to optimize the delivery of prompts to encourage
participants to engage in oral self-care behaviors [118].
Future research should compare the effectiveness of
online versus. offline systems and the ease of implemen-
tation in rehabilitation practice.
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In addition, rapid advances in large language models
(LLMs) for medicine present growing opportunities. For
example, in a double-blinded study, an LLM trained for
medical conversations called Articulate Medical Intelli-
gence Explorer (AMIE) outperformed human clinicians
in making a differential diagnosis through a chat interface
[119], and helped with chronic disease management by
referencing clinical practice guidelines, on which it was
found to be non-inferior to primary care providers in a
blinded study [120]. AMIE chat interface has been fur-
ther extended to support multimodal processing, such
as dermatology photos or EKGs, where it also performed
very well [121]. However, this work does not yet apply to
rehabilitation, although it may in the future. A recently
developed rehabilitation-specific model is BiomechGPT,
a multimodal LLM fluent in biomechanics. Its perfor-
mance was tested on several clinically meaningful tasks,
including identifying gait impairments and their pos-
sible etiologies, as well as classifying activities such as the
timed-up-and-go and walking [122]. This offers a promis-
ing avenue for extending LLMs to perform a wide range
of rehabilitation tasks, such as scoring clinical outcome
assessments. Our proposed collaborative Al system (Fig.
1) could benefit from integration with such LLM sys-
tems. For instance, the component “Collaborative goal-
setting” could be augmented with an LLM by integrating
data from the current patient and clinical guidelines; the
system would then, in collaboration with the clinician,
determine the goals and high level treatment plan (such
as “the patient would benefit from neuromodulation over
the contralesional motor cortex in conjunction with an
upper extremity rehabilitation to improve arm function”),
which would be sent to the Al-treatment planner (com-
ponent 3) to determine the details of the sequential treat-
ment plan.

However, as models progress, it is also crucial to iden-
tify Al's limitations, as its capabilities are not yet fully
understood, particularly in rehabilitation, where it may
be useful or consistently fail. Al is not meant to replace
humans or decrease their performance, but rather assist
them and extend their abilities. Reports of Al systems
unintentionally increasing workload or reducing human
interaction, such as restaurant employees monitoring AI-
driven automation instead of engaging with customers,
highlight potential pitfalls. To avoid similar setbacks in
rehabilitation, the efficiencies gained from Al integration
must not be counterbalanced by an increase in low-value
administrative tasks. Instead, Al should both improve
outcomes and simplify processes, allowing therapists
to dedicate more time to patient care and meaningful
human interaction.

Finally, once precision rehabilitation AI models have
been validated with real-world data, significant effort
will be required to translate them into clinical practice.
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Ensuring that the models are trustworthy and acceptable
to the people using them will be crucial (e.g., clinicians,
patients, caregivers, and even insurers). Implementation
science and pre-implementation studies should actively
assess perspectives, concerns, and potential barriers
to adoption throughout the model development pro-
cess. Learning healthcare systems, which are health sys-
tems that utilize data to enhance patient care, offer an
ideal environment for testing Al-driven rehabilitation
approaches by providing large, real-world datasets for
model training and iterative refinement. These systems
enable the development of precision rehabilitation sys-
tems that can truly enhance the clinician’s capability to
improve their clients’ outcomes. Ultimately, collabora-
tive Al promises to transform rehabilitation by leverag-
ing vast, diverse datasets to create individualized digital
profiles. These profiles can first be used to simulate the
effects of rehabilitation interventions in silico, maxi-
mizing impacts before real-world implementation. By
guiding personalized rehabilitation strategies based on
empirical evidence, collaborative Al holds promise as a
powerful tool to help clinicians advance patient care and
improve long-term outcomes.
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