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Featured Application

A potential application of this work is the integration of Al-driven digital twins as comple-
mentary tools for non-destructive testing.

Abstract

Digital twins (DTs) based on agent-based artificial intelligence (Agentic Al) provide a
transformative framework for streamlining nondestructive testing (NDT) of 3D-printed
rehabilitation equipment. This study applies a conceptual research methodology based on
the integration and analysis of recent advances in Agentic Al, digital twin architectures, ad-
ditive manufacturing, NDT technologies, and intelligent rehabilitation systems to establish
a framework for autonomous quality monitoring and lifecycle management of 3D-printed
medical devices. By creating intelligent virtual replicas of physical devices, these systems
enable continuous monitoring of structural integrity, functional performance, and degra-
dation mechanisms throughout the product lifecycle. Unlike conventional Al-based DTs,
Agentic Al-driven DTs can autonomously perceive, reason, plan, and execute corrective
actions based on real-time sensor data, NDT results, manufacturing information, and his-
torical knowledge. The main conclusion of this work is that Agentic Al-enhanced DTs have
the potential to transform NDT from a passive inspection approach into an intelligent, pre-
dictive, and autonomous decision-support system for rehabilitation equipment. Advanced
machine learning and autonomous decision-making algorithms enable the identification
of early signs of material degradation, manufacturing defects, fatigue accumulation, and
performance anomalies, supporting predictive maintenance and proactive quality assur-
ance. Integrating Agentic Al DTs with additive manufacturing processes enables real-time
optimization of printing parameters, adaptive process control, and continuous refinement
of inspection strategies without production interruption or destructive sampling, thereby
supporting Industry 4.0 and smart manufacturing principles. The main innovation of this
research lies in proposing an autonomous closed-loop framework that combines Agentic
Al DTs, additive manufacturing, and NDT into a unified system capable of continuous
learning, reasoning, and operational optimization. Compared with existing studies that
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mainly focus on Al-assisted defect detection or static digital twin models, this approach
introduces autonomous agents capable of coordinating sensing, simulation, diagnosis,
prediction, and corrective actions across the entire lifecycle of 3D-printed rehabilitation
devices. The proposed concept extends current digital twin applications by incorporating
virtual stress testing, autonomous simulation, patient-specific customization, and adaptive
device management, reducing dependence on physical prototypes, minimizing material
waste, and accelerating design validation. By combining autonomous reasoning with pre-
dictive analytics, Agentic Al-based DTs represent a next-generation solution for intelligent,
adaptive, and sustainable nondestructive testing, advancing both additive manufacturing
technologies and personalized rehabilitation engineering.

Keywords: healthcare; rehabilitation; physical therapy; non-destructive testing; assistive
devices; artificial intelligence; agentic Al; machine learning; digital twins; 3D printing

1. Introduction

This article clearly distinguishes agent-based Al from traditional AI by emphasizing
its capacity for autonomous perception, reasoning, planning, decision-making, and adap-
tive control, which are the defining characteristics expected in contemporary agent-based
systems research. The emergence of Al-driven DTs for NDT of 3D-printed rehabilitation
equipment was driven by the convergence of additive manufacturing, advanced sensor
technologies, cyberphysical systems (CPS), and autonomous Al Early implementations
of DTs were developed primarily for the aerospace and industrial machinery industries,
where virtual replicas enabled predictive maintenance and condition monitoring based
on continuously collected operational data [1]. With the growing popularity of additive
manufacturing in medicine and rehabilitation, scientists and clinicians recognized the
need for intelligent quality assurance methods capable of verifying the integrity of highly
personalized medical devices without compromising their functionality or patient-specific
design [2]. This demand accelerated the development of NDT-assisted DTs. Integrating
embedded sensors with additively manufactured structures provided a continuous stream
of real-time data, essential for constructing synchronized virtual representations of physical
devices. Initially, machine learning (ML) techniques enhanced these DTs, enabling defect
detection and predicting material degradation [3]. Recent advances in agent-based Al have
transformed DTs from passive analytical models into autonomous cybernetic-physical
agents capable of perceiving, reasoning, planning, and acting in dynamic production and
operational environments. Instead of merely identifying defects, Al-based, agent-based
decision-making systems can autonomously determine the most appropriate inspection
strategy, optimize testing parameters, recommend corrective actions, and continuously
adapt their behavior to changing system conditions. The increasing structural and func-
tional complexity of personalized rehabilitation devices (including patient-specific orthoses,
prosthetic components, and exoskeletons) has further motivated the implementation of
autonomous DTs capable of verifying performance and structural integrity before physical
failures occur [4]. At the same time, advances in cloud computing, edge computing, the
Internet of Things (IoT), and the Internet of Medical Things (IoMT) have enabled seam-
less synchronization between physical devices and their digital counterparts, supporting
continuous monitoring and autonomous decision-making throughout the product lifecy-
cle [5]. As a result, DTs have evolved from static design and simulation tools to intelligent,
self-learning, and self-adaptive platforms that continuously improve through interaction
with both manufacturing processes and operational environments. This evolution es-
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tablishes Agentic Al-based DTs as a new generation of intelligent NDT systems capable
of autonomous inspection planning, adaptive diagnostics, predictive maintenance, and
closed-loop quality assurance in the additive manufacturing of rehabilitation equipment.

The selection of the appropriate NDT method still depends on material properties,
anticipated failure mechanisms, production conditions, and operational requirements [6].
Conventional NDT techniques (including ultrasonic testing, acoustic emission testing,
infrared thermography, radiographic testing, eddy current testing, and X-ray computed
tomography) remain the primary inspection methods [7]. However, Agentic Al-based DTs
significantly expand their capabilities by autonomously integrating multimodal sensor
data, dynamically selecting optimal inspection procedures, interpreting complex diagnostic
information, and continuously refining inspection strategies. As a result, Agentic Al
introduces a new paradigm of intelligent, adaptive, and autonomous nondestructive testing,
particularly for highly personalized 3D-printed rehabilitation equipment. Figure 1 clearly
illustrates the transition from static digital models, through Al-driven DTs, to agent-driven
digital transformation DTs.

Stage 1 Stage 2 Stage 3 Stage 4

Agentic Al-driven DT

Autonomous perception

Static digital model
CAD representation

DT

Real-time sensors

Al-driven DT i 5
Reasoning and planning

Adaptive inspection strategy

detection
Failure prediction
Process optimization

Offline simulation
Lack of sensor feedback
Design validation

loT connectivity
Monitoring
Predictive maintenance

Autonomous decision making
Self-learning
Closed-loop quality control
Human-Al collaboration

Increasing autonomy, intelligence, adaptability, and decision i pability

Figure 1. Evolution toward Agentic AI-Driven Digital Twins.

3D-printed rehabilitation equipment, including custom-tailored orthoses, prosthetic
components, and exoskeletons, has become a cornerstone of personalized rehabilitation
and physical therapy. Their customizable geometry, tailored material properties, and cus-
tomized manufacturing processes make these devices particularly well-suited for Agentic
Al-based digital twins, which create highly accurate virtual counterparts synchronized with
their physical counterparts throughout the product lifecycle [8]. Unlike conventional digital
twins, Agentic Al-based digital twins continuously perceive, interpret, and respond to
changing operating conditions, enabling autonomous monitoring and intelligent decision
support. Integrating embedded sensors into additively manufactured rehabilitation devices
provides a continuous stream of structural and operational data that maintains real-time
synchronization between the physical device and its digital representation [9]. Agent-based
Al DTs have the potential to continuously integrate updated data from physical assets,
adapt their digital representations and reasoning processes, and support context-aware
decision-making through feedback-based interactions. Recent research highlights the con-
vergence of agent-based Al and DTs in adaptive decision-making, continuous learning,
real-time state synchronization, and feedback-based autonomy [10]. However, in the case
of 3D-printed rehabilitation equipment, these capabilities remain largely conceptual and
require experimental validation before they can be considered reliable for autonomous
nondestructive testing and safety-critical decision-making. Because these devices are rou-
tinely exposed to highly individualized loading conditions resulting from patient-specific
anatomy, movement patterns, and rehabilitation protocols, Agentic Al-based digital DTs
continuously analyze user behavior to assess structural integrity and predict performance
degradation [11]. Through autonomous reasoning and adaptive learning, these intelligent
systems can identify emerging failure mechanisms, assess their severity, and recommend
appropriate follow-up or maintenance actions. Patient-specific orthoses particularly bene-
fit from Al-based monitoring, as autonomous DTs can detect local stress concentrations,
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progressive material degradation, or poor fit caused by repetitive loading long before
visible damage occurs [12]. Similarly, wearable exoskeletons operate under complex and
highly dynamic biomechanical loading conditions that require continuous assessment
of the structural health. Al-based DT systems integrate physics-based simulations with
machine learning and autonomous decision-making to predict fatigue, optimize struc-
tural durability, and improve operational safety throughout the rehabilitation process [13].
Beyond predictive diagnostics, Al-based DT systems actively support adaptive quality
assurance by autonomously selecting inspection strategies, optimizing NDT procedures,
and continuously refining predictive models using newly acquired sensor data [14]. Their
ability to autonomously perceive, reason, plan, and make closed-loop decisions enables
proactive maintenance, individual device adjustments, and continuous optimization with-
out interruption. Furthermore, knowledge accumulated throughout the device lifecycle
provides valuable feedback that allows for the improvement of future rehabilitation equip-
ment designs by identifying relationships between printing parameters, material behavior,
patient use patterns, and long-term structural performance [15]. Therefore, 3D-printed
rehabilitation devices are not only advanced, personalized medical products but also intelli-
gent CPSs that continuously generate valuable operational data. In this context, 3D-printed
DTs based on Agentic Al represent a next-generation platform for intelligent, adaptive,
and autonomous NDT, enabling predictive quality assurance, personalized rehabilitation
support, and continuous optimization of additive manufacturing processes.

A conventional AI/ML model applied to 3D-printed rehabilitation devices typically
performs specific analytical tasks, such as defect classification, performance prediction, or
pattern recognition, using available datasets but does not necessarily represent a complete
DT. A true DT requires a persistent virtual representation of the physical rehabilitation de-
vice that remains continuously synchronized with its real-world counterpart throughout its
lifecycle. There is no universally accepted “true” or single DT model. The model described
in our manuscript is a proposed, application-specific framework for NDT of 3D-printed
rehabilitation equipment. The proposed framework should be understood as a conceptual
architecture tailored to the requirements of a given application, not as a universal DT model.
Different DT implementations may appropriately utilize different combinations of physical
models, data-driven models, sensing mechanisms, AI/ML algorithms, communication
interfaces, and feedback mechanisms, depending on their intended use. This interpretation
is consistent with the broader DT literature, which recognizes significant variation in DT
architectures and implementations across different application domains. The proposed
agent-based Al-enabled architecture is presented as one possible approach to integrat-
ing NDT data, digital representation, Al-based reasoning, and feedback mechanisms for
rehabilitation equipment. It is not intended to establish a universal standard for DT devel-
opment or to suggest that other DT models used in different applications are less valid. In
the context of 3D-printed rehabilitation devices, this synchronization involves real-time
data acquisition from sensors, non-destructive testing systems, manufacturing records, and
patient use monitoring. Unlike standalone AI/ML models, a DT enables bidirectional data
flow, allowing the virtual model to be updated with information from the physical device,
while Al-based insights from the digital twin can inform device adjustment, maintenance,
or redesign. A DT model also integrates physics-based models, material behavior, struc-
tural integrity assessment, and operating conditions to simulate future performance rather
than simply analyzing historical data. Agentic Al-powered DTs differ from generic AI/ML
approaches by combining continuous connectivity, autonomous inference, predictive simu-
lation, and closed-loop control, enabling safer, personalized, and adaptive management of
rehabilitation devices. We define agentic Al not only by the presence of perception, reason-
ing, planning, or decision-making, but also by its ability to autonomously pursue specific
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goals through iterative cycles of perception-reasoning—planning-action—feedback, while
simultaneously adapting its actions to changing conditions and incorporating feedback
from the environment. This definition establishes more practical criteria for identifying an
agentic Al system.

Agentic Al-based DTs provide a transformative approach to modeling the structural
behavior of 3D-printed rehabilitation equipment by creating autonomous virtual represen-
tations capable of simulating mechanical parameters without physically loading the device,
reducing material consumption, prototyping costs, and manufacturing waste. Through
continuous interaction with physical assets and intelligent analysis of multimodal sensor
data, these DTs can identify potential failure mechanisms, assess design reliability, and
autonomously recommend design improvements before manufacturing, significantly short-
ening product development cycles [16]. Beyond the design phase, Agentic Al-based DTs
enable continuous, non-destructive monitoring of rehabilitation equipment throughout its
lifecycle, making them particularly valuable in remote healthcare and telerehabilitation
environments [17]. By integrating patient-specific biomechanical data with real-time sensor
measurements, these intelligent systems autonomously model individual user interactions
with rehabilitation devices under varying physiological and environmental conditions. This
capability supports the development and continuous adaptation of personalized orthoses,
prostheses, and wearable exoskeletons, while improving both therapeutic efficacy and pa-
tient safety [18]. Despite these advantages, several technical challenges remain. Developing
high-fidelity agentic Al-based decision-making systems requires extensive multimodal
datasets, accurate material models, and robust representations of manufacturing and biome-
chanical processes, all of which require significant computational resources and specialized
knowledge [19]. Furthermore, the reliability of autonomous decision-making depends
on the quality of the underlying data. Predictions can become inaccurate when training
datasets are incomplete, biased, poorly validated, or derived from fragmented historical
records, limiting the effectiveness of autonomous reasoning and adaptive control [20].
Implementing embedded sensor technologies necessary for continuous synchronization
between physical devices and their digital counterparts also increases system complexity,
implementation costs, and cybersecurity requirements [21]. Although autonomous DTs
based on Agentic Al significantly reduce the need for destructive testing, overreliance on
simulation can miss rare or unexpected defects that can only be identified using comple-
mentary physical inspection methods. Therefore, autonomous DTs should be viewed as
intelligent decision support systems that augment, rather than replace, conventional experi-
mental validation and established NDT techniques. Maintaining autonomous DTs based on
Agentic Al throughout the rehabilitation equipment lifecycle additionally requires continu-
ous model updates, cloud-based computing infrastructure, secure data management, and
interdisciplinary expertise in additive manufacturing, biomechanics, artificial intelligence,
and medical engineering [22]. To facilitate broader clinical and industrial implementation,
healthcare systems and research organizations should establish standardized reference
datasets, validated DT frameworks, and pre-trained agent-based Al models that can be
tailored to specific rehabilitation applications. Such common infrastructures would im-
prove interoperability, reduce implementation costs, accelerate regulatory acceptance, and
enable scalable implementation of autonomous digital twin technologies in personalized
rehabilitation and additive manufacturing ecosystems [23].

Despite significant progress in digital twin technologies, a number of scientific, tech-
nological, and clinical challenges still limit the implementation of Al-based DTs for NDT
of 3D-printed rehabilitation equipment. From a scientific perspective, it is still unclear
how to accurately model the anisotropic, heterogeneous, and layer-dependent mechanical
behavior of additively manufactured biomaterials used in rehabilitation technologies [24].
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Existing Al and DT models are trained on limited or homogeneous datasets, which limits
their ability to generalize across various additive manufacturing processes, printer con-
figurations, material systems, and patient-specific geometries. Consequently, current DTs
often lack the robustness and adaptability required for autonomous operation in highly
variable clinical and production environments. Another technological challenge is the
acquisition, integration, and interpretation of multimodal sensor data in real time. Many
rehabilitation devices are not yet equipped with a sufficiently dense or heterogeneous
sensor infrastructure to ensure continuous synchronization between the physical asset and
its digital counterpart [25]. Furthermore, interoperability between computer-aided design
(CAD) environments, finite element analysis (FEA) software, manufacturing execution
systems, lIoT platforms, and DTs architectures remains limited, hindering the implementa-
tion of intelligent cyber—physical manufacturing systems in clinical practice [26]. Existing
NDT algorithms also exhibit limited sensitivity to subtle manufacturing defects—including
microporosity, poor interlaminar adhesion, and residual stress distributions—which are
often underrepresented in available training datasets [27]. From a clinical perspective,
additional evidence is necessary to verify whether predictions generated by digital twins
reliably translate into improved long-term rehabilitation outcomes and patient safety [28].
Furthermore, many healthcare professionals have limited experience interpreting advanced
Al-assisted diagnostics, creating a gap between advanced computational models and rou-
tine clinical decision-making [29]. The regulatory framework governing autonomous Al
systems in medical devices is also evolving, creating uncertainty regarding certification,
transparency, accountability, and safety requirements for intelligent digital twin technolo-
gies [30,31]. Scalability remains a significant obstacle, as most existing DT implementations
are limited to laboratory prototypes or pilot studies and have not yet developed into robust,
clinically deployable systems capable of operating at scale.

We identify the limited convergence of agent-based Al, transformative testing, additive
manufacturing, and NDT as a specific research gap. Rather than presenting agent-based
Al as inherently superior to conventional Al the article critically examines the condi-
tions under which agent-based Al capabilities could add value, as well as the technical
and safety constraints that must be considered before implementation in rehabilitation
equipment inspection.

The integration of DTs, Al, and additive manufacturing opens new possibilities for
improving the design, production, and validation of 3D-printed rehabilitation devices.
However, current research remains fragmented, with limited work addressing the com-
bined use of intelligent digital twins and autonomous Al systems for NDT and device
lifecycle management. Traditional NDT techniques, including ultrasonic testing, computed
tomography, thermography, and optical inspection, provide valuable information about
structural defects but are often limited to periodic assessments and may not support contin-
uous performance monitoring or predictive decision-making. In contrast, DTs and Al-based
approaches enable real-time synchronization between physical devices and their virtual
representations, enabling continuous assessment of structural integrity, functional perfor-
mance, and degradation processes. Despite these advantages, existing DT applications in
rehabilitation still focus primarily on monitoring and simulation, with insufficient attention
paid to autonomous reasoning, adaptive control, and proactive intervention supported by
agent-based Al There is therefore a significant research gap in developing an integrated
framework that combines additive manufacturing data, NDT results, patient-specific us-
age information, and intelligent Agentic Al into a closed-loop system. Filling this gap is
essential to creating safer, more reliable, and personalized rehabilitation equipment with
improved quality control and lower development costs.
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Conventional Al agents are typically designed for relatively limited, task-specific,
or rule-defined functions, whereas agent-based Al emphasizes greater autonomy, goal-
directed behavior, dynamic task decomposition, tool/environment interaction, adaptation,
and iterative decision-making. Autonomy exists on a continuum rather than representing a
strict, binary distinction, thus avoiding overly broad characterizations of agent-based Al

NDT of 3D-printed rehabilitation equipment is particularly challenging because defect
detection is not an isolated classification problem. It requires the integration of heteroge-
neous sensor data, knowledge of additive manufacturing processes and material behavior,
geometric and structural information, uncertainty assessment, defect interpretation, and po-
tentially adaptive inspection planning. Existing Al-based NDT approaches often fragment
the process, while DT-based approaches can provide monitoring and simulation capabilities
without fully autonomous closed-loop reasoning and decision-making. This fragmentation
motivates the investigation of whether Agentic Al can provide a more integrated and
adaptive framework.

The novelty of this work lies in extending conventional Al-assisted DTs to Agentic
Al-based DTs, which function not only as predictive analytical models but also as au-
tonomous cybernetic-physical agents capable of perceiving, reasoning, planning, learning,
and adaptive decision-making [32]. This shift from passive prediction to autonomous
action represents a fundamental advance in intelligent quality assurance in additive man-
ufacturing [33,34]. The main scientific contribution of this study is the introduction of
an Agentic Al-based DT architecture specifically designed for non-destructive testing of
personalized rehabilitation equipment manufactured using additive technologies. The
proposed approach integrates continuous sensing, ML, autonomous reasoning, predictive
simulation, and closed-loop decision-making.

The paper explicitly addresses issues such as hallucinations and fallible reasoning,
limited interpretability and traceability of autonomous decisions, uncertainty propagation,
insufficient robustness to distributional changes, difficulties in maintaining physical consis-
tency between digital and physical twins, and challenges related to verification, validation,
security, and human oversight. Particular attention is paid to the fact that increased auton-
omy can exacerbate errors when Al-generated decisions are propagated through sequential
planning and action cycles.

The aim of this study is to evaluate the feasibility, effectiveness, and clinical utility of
Agentic Al-based DTs as an intelligent NDT system for assessing the structural integrity,
functional performance, and lifecycle reliability of 3D-printed rehabilitation equipment. To
achieve this goal, the following research questions (RQs) were formulated:

e  RQ1: To what extent can Agentic Al-based DTs autonomously detect and predict struc-
tural defects, degradation mechanisms, and failure modes of 3D-printed rehabilitation
equipment compared to conventional NDT methods?

e RQ2: What combinations of material, geometric, biomechanical, and multimodal
sensor data are necessary to develop reliable and adaptive development models of
Agentic Al-based DTs for various categories of personalized rehabilitation devices?

e  RQ3: How effectively can Agentic Al-based DTs development models support personal-
ized rehabilitation by autonomously modeling patient-specific loading conditions, usage
patterns, and rehabilitation progress while continuously adapting predictive models?

e  RQ4: What scientific, technological, clinical, and regulatory challenges need to be
addressed to enable routine implementation of Agentic Al-based DTs development
models for intelligent quality assurance and nondestructive evaluation of 3D-printed
rehabilitation equipment?
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2. Materials and Methods
2.1. Dataset

The aim of this bibliometric analysis was to investigate the current state of knowl-
edge and research practice concerning the development, planning, and implementation
of Agentic Al-based DTs strategies at different levels of application, with particular em-
phasis on their potential to enhance, complement, or provide alternatives to conventional
NDT approaches. Analyses focused solely on localized applications, such as individual
patients or narrowly defined patient groups, may underestimate the broader potential
of these technologies, particularly when considering their interdisciplinary capabilities
across engineering, manufacturing, healthcare, and data science domains. Therefore, this
study employed bibliometric methods to evaluate the recent global scientific literature on
Al-based and emerging Agentic Al-driven digital twin technologies. The analysis included
publications from the last decade, covering the period from January 2016 to July 2026.

RQs addressing the most influential publication sources, key research themes, leading
countries, institutions, researchers, and Sustainable Development Goals (SDGs) were
formulated to characterize the global research landscape of Al-based and emerging Agentic
Al-based DTs and assess their potential role in NDT of 3D-printed rehabilitation equipment.
This approach enables the identification of major areas of scientific activity, innovation
hubs, and institutional networks shaping the development and clinical translation of these
technologies. The analysis provides insights into geographic and organizational factors that
influence technological advancement, knowledge transfer, and practical implementation
within healthcare and additive manufacturing domains. The inclusion of SDG-related
perspectives allows the assessment of how Al-based and Agentic Al-driven DT technologies
contribute to broader sustainability objectives, particularly those associated with health,
medical technologies, responsible innovation, and advanced manufacturing. Collectively,
these RQs establish a comprehensive framework for understanding not only the current
research priorities and technological trends within this emerging field, but also the key
actors driving innovation and the motivations underlying its development. The findings
provide strategic guidance for future research directions, interdisciplinary cooperation,
and international collaboration aimed at advancing intelligent, sustainable, and clinically
applicable DTs solutions.

2.2. Methods

The narrative review and bibliometric analysis were not intended to represent compet-
ing paradigms but rather complementary methodological components serving different
purposes. The bibliometric analysis was used to quantitatively map the intellectual and the-
matic structure of the available literature, including publication patterns, research clusters,
keyword co-occurrences, and emerging topic areas. The narrative review was then used to
interpret and conceptually integrate these mapped themes, particularly in interdisciplinary
fields such as agent-based Al, DTs, additive manufacturing, and NDT. Therefore, the bib-
liometric results provided an evidence-based basis for identifying key technological and
research dimensions, while the narrative synthesis was used to explore the relationships
between these dimensions and develop a proposed framework for Al-assisted agent-based
DTs for intelligent NDT of 3D-printed rehabilitation equipment.

This study conducted a comprehensive search across four major bibliographic
databases: Web of Science (WoS), Scopus, PubMed, and DBLP. These databases were
selected due to their extensive coverage of scientific literature across both engineering and
medical disciplines, as well as their comprehensive metadata, international scope, and
relevance to emerging interdisciplinary research areas (Table 1). To ensure the relevance and
quality of the retrieved literature, predefined filters were applied, including restriction to
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English-language publications. Following the initial screening process, all identified articles
were independently evaluated by three reviewers according to established inclusion crite-
ria. The final dataset was determined using a two-out-of-three consensus approach. The
selected publications were subsequently analyzed with respect to key bibliometric charac-
teristics, including leading authors, affiliated research groups and institutions, contributing
countries, research domains, and emerging thematic trends.

Table 1. Customized bibliometric analysis methodology designed and implemented in this study.

Stage Name Tasks

Defining

research goal(s) Defining goals of the bibliometric analysis

Selecting appropriate dataset(s)
and developing research queries according to
the study goals

Selecting databases and data
collections

Cleaning the collected dataset(s)

D i . .
ata preprocessing to remove duplicates and irrelevant records

Choosing suitable bibliometric software/tools

Bibliometric software selection .
for analysis

Description, author, journal, area, topics,

Dat lysi instituti
ata analysis institution, country, etc.

Visualisation Visualising the analysis results to present
(if possible) insights
Interpretation Interpreting findings in the context of the
and discussion research goals and RQs

Duplicate records were identified by consolidating all retrieved publications from the
selected databases into a unified bibliographic management environment (Biblioshiny).
Automated duplicate detection was performed by comparing key bibliographic attributes,
including publication titles, Digital Object Identifiers (DOIs), author information, pub-
lication years, and other relevant metadata fields. Following the automated matching
procedure, a manual verification process was conducted to evaluate ambiguous cases, such
as conference papers and their corresponding extended journal versions, ensuring accurate
classification and avoiding inappropriate removal of unique contributions. These combined
automated and manual procedures ensured the elimination of duplicate and near-duplicate
records prior to the screening phase, thereby maintaining the accuracy, consistency, and
reliability of the final bibliometric dataset.

This study followed 10 selected elements of the PRISMA 2020 bibliographic review
guidelines, with emphasis placed on the following components: rationale (item 3), ob-
jectives (item 4), eligibility criteria (item 5), information sources (item 6), search strategy
(item 7), selection process (item 8), data collection process (item 9), synthesis methods
(item 13a), synthesis results (item 20b), and discussion (item 23a). Detailed descriptions
of these elements are provided in the Supplementary Materials. The bibliometric analysis
was conducted using analytical tools available within the Web of Science (WoS), Scopus,
PubMed, and DBLP databases. The adopted methodology enables transparent and repro-
ducible research by supporting systematic classification and evaluation of scientific outputs
according to concepts, research domains, authors, documents, and publication sources. The
obtained results are presented in tabular form, facilitating further interpretation, compara-
tive analysis, and flexible visualization of research trends and patterns.

Variations in the quality of literature across databases (WoS, Scopus, PubMed, and
DBLP) were addressed through the use of predefined inclusion criteria, database-specific
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selection procedures, and standardized quality assessment frameworks to assess method-
ological rigor, validity, and risk of bias.

3. Results
3.1. Data Sources

To enhance the precision and relevance of the literature retrieval process, advanced
search filters were applied, restricting the results to English-language publications. The
final search strategy was structured as follows:

e In WoS: using the “Subject” field (consisting of title, abstract, keywords, and
other keywords);

e InScopus: using the article title, abstract, and keywords;

e InPubMed and dblp: using manual keyword sets.

The selected databases were queried using predefined keyword combinations, with
only the most effective and relevant search terms included to maximize the accuracy and
efficiency of literature retrieval: (“artificial intelligence” OR “machine learning” OR agentic)
AND “digital twin” AND “non-destructive” AND (“rehabilitation” OR “physical therapy”
OR “physiotherapy”) (Table 2).

Table 2. Databases retrieval strategy and search terms.

Parameter/Feature

Detailed Description

Inclusion criteria

Books, chapters in books, articles (original, reviews, communication,
editorials), and conference proceedings, in English

Exclusion criteria

Older than 10 years, letters, conference abstracts without full text, other
languages than English

Exact keywords used

(“artificial intelligence” OR “machine learning” OR agentic) AND
“digital twin” AND “non-destructive” AND (“rehabilitation” OR
“physical therapy” OR “physiotherapy”)

Used field codes (WoS)

“Subject” field (consisting of title, abstract, keyword plus and other
keywords): (“artificial intelligence” OR “machine learning” OR agentic)
AND “digital twin” AND “non-destructive” AND (“rehabilitation” OR

“physical therapy” OR “physiotherapy”)

Used field codes (Sopus)

Article title, abstract and keywords: (“artificial intelligence” OR
“machine learning” OR agentic) AND “digital twin” AND
“non-destructive” AND (“rehabilitation” OR “physical therapy”
OR “physiotherapy”)

Used field codes (PubMed)

Manually: (“artificial intelligence” OR “machine learning” OR agentic)
AND “digital twin” AND “non-destructive” AND (“rehabilitation” OR
“physical therapy” OR “physiotherapy”)

Manually: (“artificial intelligence” OR “machine learning” OR agentic)

Used field codes (dblp)

AND “digital twin” AND “non-destructive” AND (“rehabilitation” OR
“physical therapy” OR “physiotherapy”)

Boolean operators used

Yes, e.g., (“rehabilitation” OR “physiotherapy” OR “physical therapy”)

Applied filters

Results refined by publication year, document type (e.g., articles,
reviews), and subject area (e.g., industry, engineering).

Iteration and validation
options

Queries are run iteratively, refined based on results, and validated by
ensuring that relevant publications appear among the top results

Leverage truncation
and wildcards used

Used symbols like * for word variations and ? for alternative spellings

The initially identified publication set was subsequently refined through a manual
screening process, during which irrelevant records and duplicate entries were removed.
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This procedure ensured the establishment of a final dataset containing only publications
meeting the predefined inclusion criteria and suitable for further analysis (Figure 2). Crit-
ical appraisal of the included studies was performed by two independent experts using
standard quality assessment tools to assess methodological rigor, risk of bias, data reliability,
and strength of evidence. This article distinguishes between well-confirmed results from
high-quality experimental or clinical studies and novel claims based on limited datasets,
theoretical frameworks, or preliminary studies, highlighting differences in the strength of
evidence across research areas.

WoS (1=9) dblp (2=0)
Scopus (0=45)  PubMed (@=22)

| Non-English articles:
(n=2)

Only English documents:

WoS (2=9) dblp (a=0)
Scopus (n=43) PubMed (n=22)

Database initial search: ]

Other document types
and not related to the topic:

(n=2)

Original and review articles:

WoS (@=9) dblp (@=0)
Scopus (v=41)  PubMed (8=22)

l Duplicated articles:
(n:T)

Included
in bibliometric analysis:
WoS (@=5) dblp (n=0)
Scopus (n=39) PubMed (@=21)

Figure 2. PRISMA flow diagram based on selected PRISMA 2020 guidelines.

The PRISMA 2020 flowchart presented above provides a systematic overview of
the study identification, screening, eligibility assessment, and final inclusion processes,
supporting methodological transparency, accuracy, and reproducibility of the review. The
process begins with the identification stage, in which records are retrieved from selected
databases and other relevant sources, documenting the total number of potentially eligible
publications before duplicate removal. During the screening stage, titles and abstracts are
evaluated according to predefined inclusion and exclusion criteria, allowing the removal of
studies that are not relevant to the scope of the review or the analyzed rehabilitation devices.
Subsequently, in the eligibility assessment stage, the full texts of potentially relevant
articles are examined in detail to evaluate their methodological quality, relevance to data
acquisition and security aspects, and contribution to the development of the investigated
technologies. The final inclusion stage presents the number of studies retained after
the exclusion process, representing the evidence base used for subsequent synthesis and
analysis. Interpretation of the PRISMA flowchart enhances understanding of the review
methodology by demonstrating not only the volume and progression of analyzed literature
but also the justification for individual exclusion decisions. This transparent reporting
approach strengthens the reliability, reproducibility, and validity of the conclusions derived
from the review.
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3.2. General Results of Analysis

A summary of the bibliographic analysis results is presented in Table 3 and Figures 3-10.
Sixty-five articles published in the last 10 years (January 2016-July 2026) were analyzed, but
articles published between 2016 and 2018 were not included due to their lack of references.
Older articles were not included due to the rapid replacement of older knowledge with
new knowledge.

Table 3. Summary of bibliographic analysis results (all databases: WoS, Scopus, PubMed, dblp).

Parameter/Feature Value

Leading types of publication Article (37.80%), conference paper (26.70%),

review (26.70%)
Engineering (32.30%), Materials science
Leading areas of science (17.20%), Computer science (11.10%), Physics
and astronomy (11.10%)
Leading countries USA (24.44%), China (15.55%), India (11.11%)
Leading scientists None observed
Leading affiliations None observed
Leading funders (where information available) None observed

Industry, Innovation and Infrastructure,
Sustainable development goals Sustainable Cities and Communities,
Responsible consumption and Production

Documents
18
16
14
12
10
8
6
4
2
0
2019 2020 2021 2022 2023 2024 2025 2026

Year

Figure 3. Documents by year.

Book Chapter (2.2%)

Conference Review (6.6%) —___

i 0y
- Article (37.8%)

Review (26.7%)

o

Conference Paper (26.7%)

Figure 4. Documents by type.
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Other (8.2%)

Biochemistry, Genetics and Molecular Biology (2.0%)

Social Sciences (3.0%)
Engineering (32.3%)

Mathematics (3.0%) "
Chemistry (3.0%)
Environmental Science (4.0%) .

Agricultural and Biological Sciences (5.1%) »—-'»
Physics and Astronomy (11.1%)
. \

Materials Science (17.2%)

Computer Science (11.1%)

Figure 5. Documents by subject area.

Country

United States
China

Germany
United Kingdom
Australia

Italy

India
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Poland
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Figure 6. Documents by country/territory.

Author

Blanche, ).
Fifield, L.S.
Flynn, D.
Harper, S.
Mitchell, D.

Spencer, M.P.

Sriraman, A.
Vrana, ).
Abdoli, F. |
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Figure 7. Documents by author.
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Affiliation
Vrana GmbH

Rheinisch-Westfélische Technische
Hochschule Aachen

Heriot-Watt University

Pacific Northwest National
Laboratory

Yuan's General Hospital

Hydrotec Ingenieurgesellschaft fur
Wasser und Umwelt mbH

Chongging Industry & Trade
Polytechnic

o
-
N

Number of documents [-]
Figure 8. Documents by affiliation.

Funding sponsor

European Commission

National Natural Science
Foundation of China

Office of Nuclear Energy

Pacific Northwest National Laboratory
U.S. Department of Energy

African Academy of Sciences

Agencia Estatal de Investigacién
Beijing Institute of Technology

Canada Foundation for Innovation

Conseil Régional Hauts-de-France

=)
-
N

Number of documents [-]

Figure 9. Documents by funding.

Clean Affordable
Water and Clean
and Energy
Sanitation

Industry Innovation and
Infrastructure

Sustainable Cities
and Communities

Climate Action

Figure 10. Documents by SDGs.

The implications of these bibliometric findings suggest that the high percentage of
conference reviews may indicate a field still in the conceptual phase, reflecting the article’s
emphasis on proposed architectures rather than their practical/clinical validation. Most
research was conducted in materials science and computer science fields, suggesting an
early stage of technological maturity. The lack of clearly dominant authors, institutions, or
research groups is not solely attributed to the immaturity of the field. Other explanations in-
clude the emerging and highly interdisciplinary nature of the research area, fragmentation
across disciplinary databases and publication venues, the relatively narrow interconnect-
edness of search terms, and the potential effects of database selection and search strategy.
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Bibliometric patterns vary depending on the databases, search terms, document types, and
inclusion criteria used. Therefore, the observed lack of dominant authors or institutions
should be interpreted as a characteristic of the literature covered by our search strategy,
rather than as definitive evidence of their absence in the broader research landscape. The
leading countries were the United States, China, and India, but no leading researchers or
affiliations were recorded, suggesting significant research dispersion. The most frequently
observed SDGs indicate a distinct industrial and developmental context.

The observed increase in publications after 2023 is due to recent advances in Al (in-
cluding generative Al and Agentic Al), DTs, additive manufacturing, and new strategic
initiatives supporting smart healthcare and the transformation of Industry 4.0. The predom-
inance of materials science and engineering stems from the current gap between technolog-
ical development and clinical implementation, particularly with respect to the validation,
regulatory approval, and implementation of 3D-printed rehabilitation devices in healthcare.
The geographic distribution, with countries such as the United States, China, and India
leading the way, reflects their research priorities, available technological infrastructure,
funding environments, potential regional biases, and opportunities for international col-
laboration. The absence of leading authors, research groups, and institutions has so far
indicated the immaturity of the field, emerging knowledge networks, and emerging centers
of excellence. This makes it difficult to see where and how research activity is distributed,
and the patterns they reveal about the evolution, limitations, and future directions of the
field are only just emerging and require further ongoing observation to be detected.

Not all publications included in the review had SDGs defined by the authors, and
this was not a criterion for inclusion. Although the SDGs have been adopted by the
UN as guidelines for 2030, they are not required in some countries/research centers.
However, including articles with and without SDGs allows the review to consider diverse
perspectives, including the role of sustainable development and any constraints imposed,
voluntarily or unintentionally, by researchers/countries/institutions in achieving it.

The selection of 65 studies reflects the deliberately focused scope of the review and the
stringent eligibility criteria used to ensure direct relevance to the intersection of the four
main areas addressed in this work. The goal was not to create an exhaustive bibliometric
inventory of every publication independently related to Al, DTs, AM, or NDT, but rather to
identify and synthesize literature sufficiently relevant to their convergence in the context of
rehabilitation equipment. Therefore, the resulting sample represents the intersection of the
predefined inclusion criteria rather than the entire body of literature within these broad
disciplines. We also acknowledge this as a limitation and explicitly state that the proposed
framework should be considered a conceptual framework based on synthesis, which can
be further validated and refined as the emerging body of literature grows. Greater trans-
parency in the study selection process would improve reproducibility. This was achieved
by expanding the description of the search, selection, eligibility, and inclusion procedures
and clarifying the use of the PRISMA-based workflow. We also strengthened the reporting
of exclusion criteria and reasons for exclusion at appropriate screening stages, based on
the PRISMA flowchart and Supporting Information, to provide greater transparency in
study selection. The bibliometric component provides quantitative evidence for literature
mapping, while the narrative component provides qualitative interpretation and concep-
tual integration. As a result, we refined the methodological logic, framework development
process, rationale for study selection, and review limitations.
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3.3. Traditional Al-Based vs. Agentic AI-Based DTs

A comparison between traditional Al-based DTs and Agentic Al-based DTs in re-
habilitation can be framed around their architecture, functional layers, autonomy, and
decision-making capabilities (Table 4).

Table 4. Comparison between traditional Al-based DTs and Agentic Al-based DTs in rehabilitation

(own elaboration).

Feature

Traditional AI-Based DTs
in Rehabilitation

Agentic AI-Based DTs
in Rehabilitation

Primary concept

A virtual representation of a
patient, device, or rehabilitation
process enhanced with Al
analytics

An autonomous
cyber-physical system that can
perceive, reason, plan, learn,
and act on behalf of the
patient/device/process

Main purpose

Monitoring, prediction,
simulation, and decision support

Autonomous monitoring,
adaptive optimization,
decision-making, and

closed-loop intervention

System role

Passive or semi-active analytical
assistant

Active intelligent agent
collaborating with clinicians,
patients, and devices

Autonomy level

Low to moderate; requires human
interpretation and intervention

High; capable of autonomous
reasoning, planning, and
execution within defined

boundaries

Data processing approach

Al models analyze collected data
and generate predictions

Al agents continuously
interpret data, evaluate
context, decide actions, and
adapt strategies

Human interaction

Clinician remains the primary
decision-maker

Human remains supervisor
while Al agent provides
recommendations or executes
approved actions

Figure 11 highlights the main architectural novelty of Agentic Al-based digital

twins, where

Traditional Al-based DT

Data integration layer

Physical rehabilitation layer

Patient
Orthosis or exoskeleton
Sensars
Manufacturing process

Wearable sensors
Medical records
Imaging data

DT modeling layer

loT Virtual replica

Simulation
Mechanical modeling

Al analytics layer

Machine learning
Prediction
Defect detection

Agentic Al-based DT

Physical rehabilitation
ecosytem
Patient
Smart devices and sensors

Perception and data fusion
layer
Multimodal sensing
Real-time context awareness

Clinical environment

Adaptive DT layer
Self-updating model
Simulation
Prediction

Agentic Al reasoning layer
Reasoning
Planning
Learning
Knowledge graphs

Continuous learning feedback loop

Figure 11. Main architectural novelty of Agentic Al-based DTs.

Clinical application layer

Visualisation Predlct.lve
Decision suport analytics
Reporting
Autonomous action
Autonomous
and control layer .
reasoning,

Adaptive NDT 3
planning and

adaptive action

Optimisation and recommendations
Closed-loop control

e Traditional AI-DT was described by the following sequence: Sense — Analyze —
Predict — Human decides;
e Agentic AI-DT is described now by the following sequence: Sense — Understand —
Reason — Plan — Act — Learn (Figure 10).
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Traditional Al-based digital twins in rehabilitation typically function as virtual replicas
of patients, rehabilitation devices, or therapeutic processes, integrating sensor data, simula-
tions, and machine learning models to monitor performance and predict potential problems.
They support clinicians by analyzing biomechanical parameters, detecting anomalies, esti-
mating device degradation, and helping optimize personalized rehabilitation equipment
such as orthoses and exoskeletons. These systems primarily function as decision-support
tools, where Al generates predictions and recommendations that require interpretation
and action from healthcare professionals. Agent-based DTs extend these capabilities by
incorporating autonomous mechanisms for perception, reasoning, planning, and adaptive
decision-making [35]. They can continuously assess patient behavior, device performance,
and rehabilitation progress, autonomously adjusting models, optimizing nondestructive
testing procedures, and recommending or initiating corrective actions within predefined
safety limits [36]. As a result, they enable the creation of closed, personalized and adaptive
rehabilitation systems that go beyond prediction towards autonomous management and
continuous improvement of rehabilitation processes (Table 5) [37].

Table 5. Key architectural differences.

Layer Traditional AI-DT Agentic AI-DT

Device/patient becomes an

Physical 1 i i . T .
hysical layer Device/patient generates data interactive intelligent ecosystem

ti ly collects, prioritizes,
Collects and stores Continuously collects, prioritizes

Data layer . . and interprets
sensor information . .
relevant information
Model layer Static or periodically Self-adaptive .and continuously
updated model evolving model
. . R i lanni
Al layer Predictive analytics easoning + p z.mmng +
autonomous decision-making
Control layer Human executes decisions Al agent can e>'<ecute
validated actions

Dynamic knowledge base
Knowledge layer Historical datasets combining clinical, engineering,
and operational knowledge

Human-on-the-loop with

Feedback loop Human-in-the-loop autonomous adaptation

The proposed agent-based Al DT platform integrates sensor/NDT data, biomechanical
data, manufacturing information, and physics-based simulations to create a continuously
updated representation of 3D-printed rehabilitation equipment and its interaction with
the patient. Sensor and NDT data provide real-time information on structural health and
emerging defects, while biomechanical data capture patient-specific loading, movement
patterns, and rehabilitation progress. Manufacturing data provides the material, geometric,
process, and microstructural context necessary for accurate DT modeling. DT simulations
combine these heterogeneous inputs to replicate device behavior, assess degradation and
failure mechanisms, and generate predictive information, which is then interpreted by the
Agentic Al layer. Unlike conventional DT architectures that primarily monitor, simulate, or
visualize system states, the proposed platform leverages Agentic Al to autonomously com-
bine multimodal data, continuously update models, detect anomalies, predict future states
and remaining service life, and recommend or initiate appropriate corrective or personal-
ized interventions. As a result, the closed-loop interaction between sensor, biomechanical,
and production data, DT simulations, and autonomous Al decision-making enables the
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creation of a dynamic, adaptive, and personalized framework that combines structural
health monitoring with predictive maintenance and rehabilitation optimization.

The proposed framework establishes a closed-loop decision-making system between
structural health monitoring, personalized rehabilitation, and manufacturing quality as-
surance by integrating sensor/NDT observations of device health with manufacturing
data on materials, geometry, microstructure, and process parameters. Simultaneously,
biomechanical data characterize patient-specific loads, movement patterns, interaction
forces, and changes in functional performance during rehabilitation. These complementary
data streams continuously feed DT simulations, which link the mechanical and structural
behavior of the 3D-printed device with its patient-specific loading environment to distin-
guish changes related to manufacturing or degradation from changes caused by use and
rehabilitation progress. Simultaneously, Agentic Al autonomously integrates evidence,
updates DT, and predicts defects, performance changes, and failure risk. Unlike conven-
tional DT architectures that largely recreate and monitor the system based on predefined
data flows, the proposed framework creates an adaptive decision-making loop where
Agentic Al actively combines manufacturing history, NDT/sensor evidence, biomechanical
response, and simulation results to optimize device performance, personalize rehabilitation
interventions, and support proactive maintenance and failure prevention.

The prototype implementation phase begins with the development of an Agentic
Al-based DT architecture that integrates patient-specific rehabilitation requirements, 3D
printing parameters, material properties, and NDT data streams. The next step involves
creating virtual models of 3D-printed rehabilitation devices and calibrating them using
experimental measurements from sensors, mechanical testing, and NDT techniques such
as ultrasonic inspection, thermography, computed tomography, and optical scanning.
Simulation studies are then conducted to assess the DTs” ability to predict structural behav-
ior, detect defects, estimate fatigue progression, and optimize device performance under
various load and use scenarios [38]. Agentic Al algorithms are validated by comparing
autonomous predictions and recommendations with conventional NDT results, expert
assessments, and experimentally measured device responses. Real-world validation in-
volves testing prototypes in clinical and laboratory settings to assess reliability, accuracy,
safety, and adaptability during repeated rehabilitation cycles [39]. Benchmarking against
established NDT datasets and reference devices enables quantitative assessment using
metrics such as defect detection accuracy, prediction error, computational efficiency, and
estimated remaining useful life [39]. The final stage focuses on continuously improving the
Agentic Al-powered DTs through feedback from real-world operations, ensuring robust
performance, regulatory compliance, and practical usability in personalized rehabilitation
and smart healthcare environments [40].

Because this paper is narrative in nature rather than an experimental study, we do not
claim to empirically validate the proposed framework. Instead, we identify relevant future
validation dimensions, including fault detection performance, decision latency, robustness
to sensor uncertainty, and the safety and consistency of agent-based Al decisions.

3.4. Case Studies

The case studies presented in this section are conceptual and illustrative scenarios
developed to demonstrate the potential application of Al-assisted DTs for intelligent non-
destructive testing. They do not constitute empirical validation or experimental evidence
of the proposed framework.

An example of an Agentic Al-based DT in rehabilitation works by continuously col-
lecting and integrating multimodal information from a physical rehabilitation device, the
patient, and the therapeutic environment. The input layer combines real-time sensor data

https:/ /doi.org/10.3390/app16189001


https://doi.org/10.3390/app16189001

Appl. Sci. 2026, 16, 9001

19 of 39

from devices such as orthoses or exoskeletons with the patient’s gait patterns, biomechani-
cal loads, material degradation rates, previous failure records, and rehabilitation progress
data [41]. The DT continuously updates its virtual representation of the rehabilitation de-
vice and compares current operating conditions with historical and simulated performance
data [42]. The Agentic Al component analyzes this input using autonomous reasoning
mechanisms to identify emerging risks, cause—effect relationships, and potential perfor-
mance limitations [43]. For example, the Al agent might determine that increasing stress
concentrations are associated with altered patient gait patterns and repeated asymmetric
loading conditions. Based on predictive simulations and accumulated knowledge, the
agent can estimate the increased probability of structural failure within a specific time
period, for example, within the next 14 days. It can also evaluate possible mitigation
strategies, such as alternative reinforcement geometries, modified materials, or optimized
manufacturing parameters. Following this reasoning process, the Agentic Al-based DT
system can autonomously propose or execute predefined actions, including increasing in-
spection frequency, recommending design modifications, updating additive manufacturing
parameters, or adapting rehabilitation protocols [44]. All decisions remain within estab-
lished clinical and engineering safety constraints, enabling effective collaboration between
the Al system and healthcare professionals [45]. The system then incorporates the results of
implemented actions into its knowledge base, continuously improving future predictions
and recommendations [46]. This creates a closed-loop learning process, following a cycle of

Observe — Reason — Plan — Act — Learn, enabling adaptive, personalized, and
continuously optimized rehabilitation supported by the intelligent DT.

A representative example of Agentic Al-based DT for NDT is the continuous moni-
toring of the structural integrity of a personalized, 3D-printed ankle—foot orthosis, manu-
factured using a fused deposition method using carbon fiber-reinforced poly(LLA). The
orthosis was designed for a stroke patient and is subjected to highly individualized loading
conditions that evolve during rehabilitation. Unlike conventional NDT methods, which
rely on scheduled inspections using techniques such as ultrasound, X-ray computed to-
mography, infrared thermography, or visual inspection, Agentic Al-based DT technology
continuously assesses the device’s structural integrity during daily clinical use. DT in-
tegrates multimodal data collected from embedded strain gauges, fiber Bragg grating
sensors, inertial measurement units (IMUs), pressure sensors, and environmental sensors
measuring temperature and humidity [47]. This data is combined with patient gait charac-
teristics, biomechanical loading patterns, rehabilitation progress, additive manufacturing
parameters, material properties, finite element simulation results, and historical failure
databases. The virtual model continuously synchronizes with the physical orthosis, pro-
viding a real-time representation of its structural health while predicting the evolution of
internal defects that cannot be directly observed through conventional inspection inter-
vals [48]. The Agentic Al component autonomously analyzes the incoming information
using physics-based ML models, probabilistic inference, and causal inference techniques.
During routine monitoring, the Al agent identifies an abnormal increase in local stress
near the heel support/lateral brace junction. By correlating the sensor measurements with
finite element simulations and previous failure events, the system determines that the
increased stress is primarily caused by progressive changes in the patient’s gait symmetry
as muscle strength improves during rehabilitation. At the same time, DT predicts gradual
delamination between adjacent print layers initiated by cyclic fatigue loading and identifies
this defect as a precursor to structural failure. Using continuously updated predictive
simulations, Agentic Al estimates that the probability of crack initiation will exceed an
acceptable safety threshold within approximately two weeks if current loading conditions
persist [49]. Instead of simply issuing a warning, the autonomous agent evaluates sev-
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eral intervention strategies by simulating multiple design and manufacturing alternatives.
These include increasing local wall thickness, modifying the lattice topology, changing the
raster orientation, increasing interlayer bonding through optimized printing temperature,
and replacing the existing PLA composite with a higher fatigue-resistant polymer such
as PETG-CF or PA12-CFE. The Al ranks these alternatives based on predicted structural
performance, manufacturing costs, patient comfort, and expected rehabilitation outcomes.
After selecting the optimal strategy, according to predefined clinical and engineering con-
straints [50], Agentic Al recommends increasing the frequency of targeted NDT around
the identified high-risk area while suggesting a redesigned reinforcement geometry for the
next orthosis produced. When integrated into an intelligent manufacturing environment,
the system can automatically update additive manufacturing process parameters before
producing a replacement device. Simultaneously, the DT informs medical professionals
that temporary modifications to rehabilitation exercises can reduce asymmetric loading
until an improved orthosis is available, thus minimizing the risk of premature structural
failure without interrupting therapy [51]. Once these recommendations are implemented,
the DT continuously monitors the performance of the redesigned orthosis and compares the
predicted behavior with actual sensor observations. Any discrepancies between predicted
and observed structural responses are incorporated into the Al knowledge base through
continuous learning, allowing for improved future predictions and reduced uncertainty
in decision-making. As patient cases increase, the system becomes increasingly capable
of recognizing subtle degradation mechanisms, optimizing follow-up schedules, and rec-
ommending personalized design improvements. This case study illustrates how Agentic
Al transforms DTs from passive monitoring systems into autonomous decision support
platforms capable of intelligent, non-destructive assessment, predictive structural health
monitoring, adaptive rehabilitation support, and continuous optimization of personal-
ized, 3D-printed rehabilitation equipment. The resulting closed-loop structure follows an
autonomous lifecycle:

Observe — Analyze — Reason — Predict — Plan — Act — Learn

Where continuous sensing, autonomous reasoning, predictive simulation, and adap-
tive learning enable intelligent quality assurance throughout the lifecycle of personalized
rehabilitation devices.

The cases presented in the article are primarily conceptual use cases rather than
experimentally verified prototypes. We emphasize this throughout the manuscript to
clearly distinguish the following:

e Capabilities demonstrated in existing research;
e  Transferable technologies that could potentially support the proposed architecture;
e  Future research proposals specific to agent-based Al-enabled DTs for rehabilitation
equipment.
The proposed cases are presented as conceptual scenarios intended to illustrate the
possibilities of integrating existing technologies, rather than as claims about completed
physical prototypes or simulation-verified systems.

3.5. Personalization vs. Global Standards Using Agentic Al

Agentic Al-based DTs enable personalized NDT of 3D-printed rehabilitation equip-
ment by continuously adapting inspection and prediction models to each patient’s unique
biomechanics, device usage patterns, and rehabilitation progress. Unlike traditional NDT
methods based on fixed global inspection standards, Agentic Al dynamically adjusts defect
detection thresholds and maintenance schedules based on individual operating conditions.
The DT integrates patient-specific biomechanical data, material behavior, manufacturing
parameters, and sensor information in real time to create an accurate virtual image of the
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rehabilitation device throughout its lifecycle. At the same time, global engineering and
regulatory standards remain crucial, defining minimum requirements for safety, quality as-
surance, and compliance with EU Medical Device Regulations (MDR), which autonomous
systems cannot exceed or ignore. Agentic Al combines these two perspectives, ensuring that
personalized recommendations always operate within predefined engineering, clinical, and
regulatory constraints. This hybrid approach allows each 3D-printed rehabilitation device
to receive a personalized assessment of its structural health while maintaining consistency
with international safety and reliability standards. Continuous learning from multiple
patients enables DT to refine global predictive models while maintaining personalized
decision-making for each user. As a result, DTs powered by Agentic Al create a balanced
approach where standardized quality assurance provides a solid foundation, while per-
sonalized intelligence maximizes the performance, durability, and clinical effectiveness of
3D-printed rehabilitation equipment.

3.6. Paradigm-Related Applications

Within the Industry 4.0 paradigm, Al-based DTs act as intelligent virtual counterparts
to 3D-printed rehabilitation devices, enabling continuous, data-driven non-destructive test-
ing. They integrate real-time sensor data and predictive algorithms to monitor equipment
performance throughout the production and use cycle [52]. DTs improve quality control by
detecting deviations in print quality or material behavior without the need for physical
stress testing [53]. Al-based models support rapid design iterations by simulating stress,
wear, and potential failure points before producing a physical prototype [54]. Their ability
to learn from collected data aligns with Industry 4.0’s focus on adaptive, self-improving
systems. Through cloud connectivity, DTs enable remote diagnostics and predictive mainte-
nance of rehabilitation devices in clinical environments [55]. They facilitate interoperability
between additive manufacturing systems, sensors, and digital platforms, a fundamental
principle of smart factories. DTs help personalize rehabilitation equipment by incorpo-
rating patient-specific biomechanical data into simulation models [56]. They contribute
to sustainable production by reducing waste, lowering testing costs, and minimizing the
need for repeated physical examinations. In this way, Al-based DTs support the transition
to fully automated, intelligent, and patient-centric manufacturing processes, crucial for
Industry 4.0.

In the Industry 5.0 paradigm, Al-powered DTs support non-destructive testing of 3D-
printed rehabilitation equipment, emphasizing human-centric, safe, and personalized device
validation. They enable clinicians and engineers to collaborate more effectively by providing
interpretable simulations of device performance and structural integrity [57]. DTs contribute to
more inclusive rehabilitation solutions by modeling patient-specific biomechanical needs with
greater precision. Their predictive capabilities help ensure that assistive devices meet high
standards of safety and comfort, reflecting Industry 5.0’s emphasis on human well-being [58].
Al-powered models reduce the need for invasive or physically destructive testing, enabling
more ethical and patient-friendly evaluation processes. By integrating human feedback,
DTs can adapt simulations to real-world usage patterns that traditional automated systems
might miss [59]. They also support sustainability goals by minimizing resource consumption
and optimizing material utilization in additive manufacturing. DTs enhance resilience by
enabling rapid redesign and quality assurance when supply chains, materials, or patient needs
change [60]. Their ability to combine human expertise with advanced analytics embodies the
ideal of Industry 5.0—the synergy between humans and intelligent systems [61]. Al-based
DTs help create rehabilitation equipment that is not only technically sound but also aligned
with human values, needs, and long-term well-being.

https:/ /doi.org/10.3390/app16189001


https://doi.org/10.3390/app16189001

Appl. Sci. 2026, 16, 9001

22 of 39

In the emerging Industry 6.0 paradigm, Al-based digital twins play a key role in the
non-destructive testing of 3D-printed rehabilitation equipment, integrating cyber—physical
systems with autonomous, hyperconnected ecosystems. They function as constantly evolv-
ing virtual models that draw on real-time data streams from sensors, cloud platforms, and
edge computing [62]. Digital twins support ultra-precise prediction of structural behav-
ior by combining Al, quantum-assisted simulation, and advanced computational models.
Their autonomous diagnostic capabilities enable the immediate detection of micro-defects
and anomalies that traditional inspection methods might otherwise miss [63]. In Industry
6.0, digital twins contribute to self-healing manufacturing processes, where devices can be
automatically reprinted, adjusted, or optimized based on diagnostic data [64]. They help
create hyper-personalized rehabilitation equipment by combining patient biomechanics,
environmental data, and predictive usage patterns in test simulations. DTs also facilitate
decentralized manufacturing by ensuring consistent quality control across distributed 3D
printing centers [65]. Their ability to combine digital and physical intelligence supports
ethical, transparent, and human-centric quality assurance processes. They enhance sustain-
ability through adaptive materials management and the reduction of unnecessary physical
prototyping [66,67]. In this way, Al-based DTs provide the foundation for autonomous,
robust, and intelligent nondestructive testing systems, envisioned in Industry 6.0.

The introduction of Agentic Al to DTs in NDT of 3D-printed rehabilitation devices
represents a paradigm shift from reactive inspection to autonomous, predictive, and con-
tinuously adaptive quality assurance throughout the device lifecycle. Such DTs can au-
tonomously coordinate multimodal NDT techniques, integrate sensor and production data
in real time, identify design flaws, predict material degradation and remaining service life,
and recommend corrective actions or design modifications without interrupting clinical
use. This new paradigm supports closed-loop intelligent rehabilitation systems, where
additive manufacturing, digital twins, nondestructive testing, and autonomous Al agents
collaborate to enable the creation of personalized, resilient, and sustainable rehabilitation
technologies with continuous learning and optimization.

3.7. Scalable AI-Based DTs Platforms in Rehabilitation

Scalable, Al-powered DT platforms enable continuous, data-driven monitoring of 3D-
printed rehabilitation equipment without damaging it. These platforms integrate sensor data,
material models, and Al algorithms to create virtual replicas that evolve with the physical
object. This scalability allows for simultaneous monitoring of multiple rehabilitation devices,
even in small, custom-made batches [67]. Al-enhanced DT platforms can detect subtle varia-
tions in structural behavior that traditional NDT might miss [68]. ML models embedded in the
DT platform analyze stress patterns, vibration signatures, and geometric changes in near-real
time [69]. The system predicts potential failures early, helping experimenters and engineers
ensure patient safety. Cloud-based scalability enables remote diagnostics and collaboration
between medical, engineering, and manufacturing teams [70]. The DT platform can simulate
various loading scenarios to assess the durability of 3D-printed components before clinical use.
Continuous feedback loops improve future prints by revealing manufacturing defects related
to infill density, material aging, or print orientation [71]. Scalable Al-powered DT platforms
have the potential to enhance the reliability, efficiency, and personalization of nondestructive
testing for rehabilitation equipment.

3.8. Roadmap for Agentic Al-Based DTs in Rehabilitation

Al-based DTs should begin by creating patient-specific virtual models that integrate
biomechanical, physiological, and rehabilitation data from wearable sensors and clinical as-
sessments. These DTs should continuously adapt rehabilitation plans through autonomous
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reasoning, predictive analytics, and real-time feedback, while maintaining oversight from
medical professionals. The next step should involve integrating DTs with 3D-printed reha-
bilitation devices, including orthoses, prostheses, splints, and therapeutic assistive devices,
to simulate their mechanical performance under realistic loading conditions. Advanced
NDT techniques, such as ultrasonic inspection, infrared thermography, X-ray computed
tomography, acoustic emission monitoring, and 3D optical scanning, should be imple-
mented to identify internal defects, material degradation, and structural inconsistencies
without damaging the devices. Agent-based Al should autonomously analyze NDT data
to detect anomalies, estimate remaining useful life, and recommend maintenance, redesign,
or replacement of rehabilitation equipment before failure occurs. The DT ecosystem should
integrate patient health data, equipment status, environmental factors, and rehabilitation
progress into a unified cyber-physical system supporting personalized therapy. Federated
learning (FL), secure cloud computing, and XAI should enable continuous model im-
provement while maintaining patient privacy and compliance with healthcare regulations.
Validation should include clinical trials, mechanical verification of 3D-printed devices,
benchmarking of Al decision-making, and standardized NDT protocols to ensure safety,
reliability, and repeatability. The implementation phase should focus on interoperability
with electronic medical records (including electronic health records-EHR), rehabilitation
robotics, wearable IoT devices, additive manufacturing platforms, and hospital IT systems,
leveraging international standards (HL7, JSON, as well as compliance with MDR, AI Act,
NIS2, and GDPR). The long-term vision is an autonomous, trustworthy, and sustainable
rehabilitation ecosystem in which agent-based Al continuously optimizes patient recovery,
predicts equipment failures using DTs and NDT intelligence, and supports evidence-based
clinical decision-making. It is worth noting that Agentic Al can utilize separate agents
or entire modules for neurological, cardiac, or geriatric rehabilitation, depending on the
patient’s specific needs and the rehabilitation tools and methods used (in outpatient, home,
or hybrid rehabilitation settings) (Table 6).

Table 6. Phases of roadmap.

Roadmap Phase Agentic AI.D.lgltal Twin Role of NDT Expected Outcome
Activities
Collect patient, sensor, Baseline inspection of
. biomechanical, 3D-printed devices using CT, High-quality multimodal
Data acquisition g
and rehabilitation ultrasound, thermography, datasets
equipment data and optical scanning
Create }.)a.hent apd eq.ulpment I.ntegrate.strgctural 1r.1tegr1ty Accurate virtual
DT Development digital twins with information into equipment .
Lo representation
physics-informed Al models models
Continuous Al-driven Detgct C}‘acks, voids, .
. oo o . delamination, wear, and Early fault detection and
Intelligent monitoring monitoring and adaptive . . . .
e . fatigue without damaging personalized therapy
rehabilitation planning .
equipment
Autonomous prediction of Remaining useful life
- . . Lo . Improved safety and reduced
Predictive decision support patient recovery and estimation and maintenance downtime
equipment degradation recommendations

Clinical validation and

deployment

Validate Al recommendations Standardized NDT quality
and integrate with clinical assurance throughout
workflows equipment lifecycle

Reliable, safe, and scalable
rehabilitation ecosystem

Beyond privacy concerns, cybersecurity is crucial for the secure implementation
of Al-enabled agent-based DTs in IoMT environments. Technical cybersecurity threats,
including unauthorized access, data interception, sensor data manipulation, and attacks
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on connected medical devices and DT infrastructure, must be explicitly addressed. We
emphasize practical risk mitigation strategies, such as end-to-end encryption of IoMT data
in transit and at rest, secure communication protocols, strong authentication and role-based
access control, device identity management, network segmentation, continuous monitoring,
and secure firmware updates. We also emphasize that cybersecurity should be considered
throughout the DT lifecycle, from device deployment and data acquisition, through Al data
processing and storage, to clinical decision support.

3.9. Implicaions to Sustainability

Al-based DTs support sustainability by reducing the need for physical prototypes,
thereby minimizing material waste during the development of 3D-printed rehabilitation
equipment. Their predictive capabilities allow manufacturers to optimize printing param-
eters and material usage, reducing the environmental impact of additive manufacturing
processes [72]. Nondestructive testing using DTs extends product life by early identification
of potential weaknesses, enabling the production of more durable and reliable rehabilitation
devices. By virtually simulating failure modes, DTs reduce the energy consumption associ-
ated with repeated physical testing cycles. Continuous monitoring helps plan maintenance
more efficiently, preventing premature disposal and supporting circular economy practices.
DTs facilitate local, on-demand production of personalized rehabilitation devices, reducing
transportation-related emissions and logistics losses. Al-based optimization improves
resource allocation in distributed manufacturing systems, increasing overall eco-efficiency.
Their ability to detect micro-defects early reduces the number of products that need to
be scrapped or reprinted. Knowledge from DTs encourages the use of more sustainable
materials, enabling detailed evaluation of alternative polymers or composites before physi-
cal testing [73]. Al-based DTs contribute to a more sustainable manufacturing ecosystem
in the healthcare sector by promoting efficient design, reducing waste, and providing
longer-lasting rehabilitation equipment. The introduction of Agentic Al to DTs in rehabili-
tation enhances sustainability by continuously optimizing personalized therapy, reducing
unnecessary clinical visits, minimizing resource consumption, and improving healthcare ef-
ficiency. Agentic Al supports sustainable lifecycle management of rehabilitation equipment
by predicting maintenance needs, extending the lifespan of 3D-printed assistive devices
through integration with non-destructive testing, and reducing material waste associated
with premature replacement. Furthermore, intelligent digital twin ecosystems facilitate
data-driven decision-making, remote rehabilitation, and healthcare practices based on a
circular economy, contributing to environmental, economic, and social sustainability while
maintaining high standards of patient care.

Al-based DTs can often predict structural weaknesses and failure modes of 3D-printed
rehabilitation equipment with greater sensitivity than many conventional NDT methods.
Because DTs continuously collect sensor data in real time, they can detect subtle mechanical
changes that may not be visible during periodic ultrasonic or visual inspections. ML
models can identify complex, nonlinear patterns related to material fatigue, microporosity,
or anisotropy induced by printing, which traditional techniques may miss. Al-based
simulations within DT enable repeated virtual stress testing, enabling failure prediction
under various loading scenarios without physically stressing the device. However, the
accuracy of these predictions depends largely on the quality of the input data and the
fidelity of the underlying material and geometric models [74]. In some cases, traditional
NDT methods, such as X-ray tomography or acoustic testing, can still outperform DT in
identifying very small internal defects. DTs are particularly effective when personalized
usage patterns influence structural degradation, which conventional methods cannot
easily capture. Their predictive capabilities improve over time as more operational data
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is collected, making them increasingly reliable for long-term monitoring. However, the
uncertainty in Al-based decision-making can make it difficult to interpret risk levels with
the same confidence as established NDT standards [75]. Al-based NDT can complement,
if not replace, conventional methods by offering a more dynamic and context-sensitive
picture of structural integrity.

Creating reliable Al-based DTs for 3D-printed rehabilitation products requires detailed
material data, such as polymer grade, composite composition, and fill density, and me-
chanical properties such as tensile strength and fatigue resistance. Geometric data must
reflect the full 3D model of the device, including layer orientation, wall thickness, internal
lattice structures, and any patient-specific customizations. Information on printing process
parameters (nozzle temperature, print speed, and layer height) is essential, as these factors
strongly influence structural integrity [76]. Sensory data from embedded strain gauges,
accelerometers, or load cells helps monitor stress and strain in real time during device
use. Thermal and environmental sensors provide information on temperature cycling
and moisture exposure, which impact the long-term performance of the material. High-
resolution imaging or surface scanning data can reveal geometric deviations or surface
defects introduced during printing. Vibration and acoustic sensors can detect subtle in-
ternal changes associated with crack initiation or delamination. Data on usage patterns,
such as gait force or joint motion cycles, help personalize DT for specific rehabilitation
scenarios. Historical maintenance and repair records further enhance predictive models by
linking sensor patterns to observed failures [77,78]. These material, geometric, and sensory
datasets enable Al-based digital twins to provide accurate and contextual, non-destructive
assessments of rehabilitation equipment.

DTs can be very effective in supporting the personalization of rehabilitation equipment
by simulating patient-specific loading conditions and daily use patterns. They incorporate
biomechanical data such as gait cycles, joint angles, muscle forces, and body weight
distribution to create personalized load profiles. By continuously updating these models
with new sensor data, DTs can adjust predictions as the patient’s mobility improves or
changes over time [78]. Al algorithms identify each patient’s interaction patterns with
the device, allowing the digital twin to predict wear points specific to that individual.
This enables early detection of personalized failure risks that cannot be captured with
generic testing. DTs can also simulate alternative design variants to determine which
geometry best withstands the specific loads applied by a given patient. These personalized
insights support medical professionals in selecting or adjusting device parameters such
as stiffness, thickness, and material selection. This predictive capability simultaneously
helps optimize comfort and durability, improving rehabilitation outcomes [79]. Over time,
aggregated personalized data contributes to the creation of more reliable models for similar
patient profiles. In this way, DTs significantly enhance the personalization capabilities of
3D-printed rehabilitation devices through precise, patient-centric modeling.

Implementing Al-based DTs for routine evaluation and quality assurance of 3D-
printed rehabilitation equipment faces a number of technological and clinical barriers.
From a technological perspective, high-fidelity DT systems require extensive sensor integra-
tion, which is challenging for small or flexible rehabilitation devices. Many clinics or even
research centers lack the in-house computing infrastructure necessary to process real-time
data and run complex simulations [80]. Translational medicine centers are emerging with
expanded capabilities in this area. Inconsistencies in 3D printing materials and processes
limit the transferability of trained Al models across manufacturers. Data interoperability
poses another challenge, as clinical systems, printers, and sensors often use incompatible
standards. In clinical practice, staff may have limited familiarity with Al-based tools, lead-
ing to hesitation or misinterpretation of DT results. Regulatory uncertainty hinders clinics
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from implementing DT systems without clear guidelines for liability, validation, and certifi-
cation. The need to protect patient-specific biomechanical data creates additional privacy
and compliance burdens. Reimbursement systems rarely include advanced digital moni-
toring, reducing incentives for its implementation. Confidence in Al predictions remains
variable among medical professionals, who may prefer established physical monitoring
methods over algorithmic assessments.

4. Discussion

The proposed distinctions between traditional Al and agentic Al (such as autonomy,
goal-directed planning, tool use, adaptive decision-making, and multi-stage orchestration)
reflect architectural and functional differences between the two approaches, not experi-
mentally proven performance advantages in NDT of 3D-printed rehabilitation equipment.
Where the relevant literature provides empirical examples of autonomous Al, DTs, predic-
tive maintenance, anomaly detection, or intelligent inspection, these studies are cited as the
evidence base for the relevant capabilities.

The limited number of publications does not allow for broader comparisons with
previous studies, but in a later part of the article we discuss key issues from the perspective
of the development and applicability of research in the discussed area, answering our RQs:

e RQ1: Agentic Al-based DTs have the potential to autonomously detect and predict
structural defects, degradation mechanisms, and failure modes in 3D-printed rehabili-
tation equipment by continuously integrating real-time sensor data, simulation results,
and historical performance records. Unlike conventional NDT, which is typically
periodic and inspection-based, they provide continuous monitoring and proactive
anomaly detection. Their autonomous inference capabilities allow them to identify the
evolution of hidden defects, estimate remaining service life, and recommend corrective
actions without continuous human intervention. The effectiveness of these systems
depends on the availability of high-quality multimodal data, accurate physics-based
models, and robust Al algorithms. In this way, Agentic Al-based DTs will surpass
conventional NDT methods in predictive maintenance, adaptability, and real-time
decision-making.

e RQ2: Reliable Agentic Al-based DT development models require the integration of
diverse material, geometric, biomechanical, and multimodal sensor data to accurately
model personalized rehabilitation devices. Material properties, internal microstructure,
manufacturing parameters, and geometric accuracy must be combined with patient-
specific biomechanical loading conditions and movement patterns. Additional data
from embedded sensors, wearable devices, imaging systems, and environmental
monitoring improve the model’s ability to detect degradation and predict failure.
Agentic Al continuously combines these heterogeneous data sources to update DT
models as device status changes over time. This comprehensive data integration
enables the creation of adaptive, reliable, and personalized predictive models suitable
for various categories of rehabilitation equipment.

e  RQ3: Agentic Al-based DT development models have the potential to enhance person-
alized rehabilitation by autonomously modeling patient-specific loading conditions,
device use behaviors, and rehabilitation progress. These models continuously learn
from patient interactions, wearable sensors, and patient feedback to update predic-
tions throughout the rehabilitation process. By adapting to the patient’s changing
condition, they can optimize device performance, recommend individualized inter-
ventions, and predict potential device failures before they occur. Continuous model
adaptation improves both rehabilitation outcomes and device reliability while reduc-
ing the need for frequent manual assessments. Consequently, Agentic Al-based DT
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development models provide an intelligent and dynamic framework for personalized
rehabilitation support.

e  RQ4: Routine implementation of Agentic Al-based DTs requires overcoming a num-
ber of scientific, technological, clinical, and regulatory challenges. From a scientific
perspective, accurate multiphysics modeling, reliable uncertainty quantification, and
explainable artificial intelligence (XAI) methods are essential to ensuring reliable
predictions. Technological challenges include seamless integration of multimodal
sensors, interoperability across healthcare systems, cybersecurity, and a scalable com-
puting infrastructure to support a real-time digital twin. Clinical implementation
depends on extensive validation, acceptance by medical professionals, patient safety,
and demonstrating clear improvements over existing NDT quality assurance meth-
ods. Furthermore, before widespread implementation becomes possible, a regulatory
framework, standardized validation protocols, ethical Al governance, and compliance
with medical device regulations must be established (Table 7).

Table 7. Mapping each RQ to major themes and key representative citations.

RQ

Major Themes Citations

RQ1

Autonomous defect detection and prediction
Predictive maintenance and autonomous
decision-making
Multimodal data and physics-informed intelligence

[56,57,60]

RQ2

Multimodal and heterogeneous data integration
Dynamic DT updating and adaptation [47-49]
Personalized and reliable predictive modelling

RQ3

Patient-specific modelling and personalization
Continuous learning and adaptive rehabilitation [43-45]
Intelligent intervention and device reliability

RQ4

Scientific and technological reliability
Clinical validation and adoption [58,61,81]
Regulatory, ethical and standardization framework

Calling a specific architecture a “true DT” may inadvertently invalidate other, well-
established digital twin models developed for different applications. There is no single,
universal, or true AI/ML or DT architecture; these models are typically designed according
to their intended use and context of use.

The article emphasizes that this contribution is not merely another general review of Al,
DTs, or NDT. The review integrates these areas in the context of 3D-printed rehabilitation
equipment and develops a conceptual path toward a closed-loop, agent-based Al DT system
for intelligent NDT. Specifically, the review connects the defect detection and assessment
process in NDT with DT representation, autonomous Al reasoning, decision support, and
feedback, thus identifying an integrated research direction that is insufficiently addressed
when these technologies are considered separately. The article also identifies technical
requirements, anticipated interfaces, validation needs, and research gaps that must be
addressed before such systems can be implemented in practice.

4.1. Limitations

Al-based DTs used for NDT of 3D-printed rehabilitation equipment still face several
significant limitations. Their accuracy is highly dependent on the quality and completeness
of sensor data, which can be inconsistent for custom rehabilitation devices. Material
models for 3D-printed polymers or composites are often simplified, limiting the DTs’
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ability to capture complex behaviors related to aging or fatigue [82]. Al algorithms can
misinterpret noise or minor variations in sensor readings as structural defects. Creating
and maintaining high-quality DTs can be computationally expensive, limiting real-time
performance in large-scale deployments. Limited standardization of 3D printing processes
hinders the generalization of trained Al models across printers, materials, or geometries.
Validation of DT predictions requires physical testing, slowing their implementation in
clinical and engineering environments [82]. Privacy and data security concerns can limit
the integration of patient-specific usage data necessary for accurate modeling. Overreliance
on Al-generated assessments can cause engineers to miss physical inspection cues that the
model cannot capture. DTs may struggle to predict unexpected failure modes resulting
from rare defects or novel rehabilitation device designs. The introduction of Agentic
Al into DTs in rehabilitation is limited by the availability, quality, and interoperability
of multimodal clinical, biomechanical, and sensory data necessary for accurate model
development. Agentic Al’s autonomous decision-making capabilities also pose challenges
related to model transparency, clinical validation, patient privacy, cybersecurity, regulatory
compliance, and the need for ongoing human oversight to ensure safe and ethical use.
Furthermore, implementing DTs using Agentic Al requires significant computational
resources, specialized expertise, and integration with existing healthcare infrastructure,
which can limit scalability and adoption, especially in resource-constrained clinical settings.

Technical barriers include not only challenges related to data availability, model
accuracy, and computational requirements but also limited interdisciplinary integration
between engineering, materials science, Al, and clinical rehabilitation. The dominance of
engineering and materials science in the distribution of disciplines suggests that insufficient
collaboration with healthcare professionals may hinder the translation of technological
advances into clinically validated and patient-centered solutions. This highlights the
importance of issues such as real-time data integration, device-specific modeling, sensor
interoperability, structural health prediction, and clinical validation.

Limitations also apply to bibliometric analysis itself, including database selection bias,
varying indexing practices, limitations of citation-based assessment, and the possibility
that new but underrepresented research areas may not be fully covered.

Limitations such as model uncertainty, data quality dependence, imperfect defect
detection, and the potential for Al to make erroneous or insufficiently explained decisions
can have direct clinical implications if these systems are used to support safety-critical
decisions. In the case of 3D-printed rehabilitation equipment, undetected manufacturing
defects or incorrect Al-assisted assessments can compromise structural integrity, device
performance, and ultimately patient safety. The use of agent-based Al and DTs does
not replace qualified human inspection, validation, or clinical judgment, particularly
when demonstrating regulatory compliance and device safety. Clinical implementation
requires appropriate verification and validation, traceability of Al-assisted decisions, data
management, risk management, and compliance with applicable medical device regulations
and standards.

4.2. Technological Implications

Al-based digital twins are driving advances in sensor integration, requiring more
precise, miniaturized, and robust sensors to capture real-time data from rehabilitation
equipment. They are driving the development of high-fidelity material models that can ac-
curately represent the complex behavior of 3D-printed structures, layer by layer. The need
for seamless data exchange is accelerating innovation in interoperability standards between
CAD systems, printers, simulation tools, and clinical software [83]. DTs require a power-
ful computing infrastructure, including cloud, edge, and potentially quantum-enhanced
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processors, to support continuous simulation and large datasets. Their implementation
fosters the development of automated quality-control processes that can identify defects
and initiate corrective actions without human intervention. Al-based predictive models are
driving improvements in machine learning algorithms tailored to additive manufacturing
and medical device testing [84]. DTs are encouraging the use of advanced visualization
technologies, such as augmented and mixed reality, to support the clinical interpretation of
structural parameters. They are accelerating the implementation of decentralized manufac-
turing networks, where consistent quality control is ensured through shared digital twin
platforms. This technology is increasing the need for robust cybersecurity measures to pro-
tect sensitive patient data and devices used in simulations. Al-based DTs are transforming
technology ecosystems by combining manufacturing intelligence, real-time analytics, and
autonomous diagnostics into a unified nondestructive testing platform. The introduction of
Agentic Al into DTs in rehabilitation enables the real-time integration of data from wearable
sensors, medical imaging systems, rehabilitation robots, and IoT devices, creating adaptive
and constantly evolving virtual representations of patients and rehabilitation equipment.
From a technological perspective, Agentic Al enhances DTs with autonomous reasoning,
predictive analytics, and self-optimizing decision-making, enabling personalized therapy
planning, early detection of clinical risks, and predictive maintenance of 3D-printed re-
habilitation devices. However, successful implementation requires interoperable digital
infrastructure, high-performance edge and cloud computing, robust cybersecurity, under-
standable AI models, and standardized data exchange protocols to ensure reliable, scalable,
and clinically safe operation.

4.3. Economic and Organizational Implications

Al-based DT technologies can reduce manufacturing costs by minimizing the number
of physical prototypes needed during the design and testing of rehabilitation equipment.
They reduce costs associated with destructive testing by enabling virtual structural as-
sessments that do not consume materials or damage devices. Improved defect detection
accuracy reduces the financial burden of reprints, product recalls, and warranty claims.
Shorter validation cycles shorten time to market, giving manufacturers an economic advan-
tage [85]. DTs support more efficient material use, reducing waste and lowering overall
production costs. This technology enables predictive maintenance, reducing long-term
operating costs for clinics using 3D-printed rehabilitation devices. Initial implementation
costs (sensor integration, data infrastructure, and Al model development) can be high,
presenting a barrier for small manufacturers. However, scalable DT platforms can create
new business models, including remote diagnostic services and subscription-based quality
assurance tools. Improved product reliability increases customer confidence, potentially in-
creasing demand and improving revenue streams. Al-based DTs offer significant long-term
economic benefits by optimizing production efficiency, reducing risk, and improving device
performance in the rehabilitation sector [86]. Introducing Agentic Al to DTs in rehabilitation
can reduce long-term healthcare costs by optimizing treatment pathways, enabling predic-
tive maintenance of rehabilitation equipment, minimizing device failures, and supporting
remote patient monitoring. From an organizational perspective, healthcare providers must
adapt clinical processes, invest in digital infrastructure, develop interdisciplinary expertise,
and establish governance frameworks for Al oversight, data management, and regulatory
compliance. Successful implementation also depends on staff training, interoperability
across healthcare systems, and collaboration between clinicians, engineers, Al specialists,
rehabilitation equipment manufacturers, and policymakers to ensure scalable, efficient, and
sustainable rehabilitation services.
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4.4. Social Implications

Al-based digital twins can improve access to high-quality rehabilitation equipment by
enabling faster, safer, and more reliable manufacturing processes. They support greater
personalization, enabling individuals with diverse needs to receive devices tailored to
their functional, anatomical, and lifestyle requirements. Increased reliability of rehabili-
tation equipment increases user confidence and can lead to better treatment adherence.
By reducing waste and resource consumption, DTs contribute to more sustainable health-
care practices, valued by society. This technology can help reduce healthcare disparities
by enabling local, on-demand manufacturing in underserved regions [87]. At the same
time, unequal access to advanced digital infrastructure can widen the gap between well-
resourced and under-resourced healthcare facilities. Increased data collection for digital
twin modeling raises public concerns about privacy, data protection, and the responsible
handling of patient information. Integrating Al-based assessments into clinical practice
requires public trust in automated decision-support systems. Widespread implementa-
tion could create new workforce demands, which in turn will require upskilling among
clinicians, engineers, and technicians. Al-based DTs have the potential to enhance so-
cietal well-being by supporting safer, more inclusive, and more effective rehabilitation
technologies, provided ethical considerations and equitable access are addressed [88]. The
introduction of agentic Al to DTs in rehabilitation has the potential to improve access to
personalized rehabilitation services by enabling remote monitoring, adaptive therapy, and
ongoing support for patients in underserved or rural areas [89]. From a societal perspective,
these technologies can enhance patient engagement, independence, and quality of life
by providing personalized interventions and timely feedback, while also strengthening
collaboration between patients, caregivers, and healthcare providers [90]. However, their
widespread implementation also requires addressing digital literacy, equitable access to
advanced technologies, patient trust, and ethical issues related to data privacy, algorithmic
bias, and the appropriate role of autonomous Al in clinical decision-making (Figure 12).

Outcome: equitable, personalised, data-driven rehabilitation

Patient engagement
Al coaching
Reminders

Accessible care Data insights
24/7 remote rehabilitation Integrated clinical analytics

Agentic Al rehabilitation ) L
Personalisation Personalised Continuous monitoring

Adaptive therapy plans Accessible Wearables
Scalable Mobile apps

Contiunuous care

Rural access !
Telerehabilitation Scalable services Lower cost

Remote NDT More patients supported Automation reduces workload

Figure 12. Democratising rehabilitation through Agentic AL

4.5. Ethical and Legal Implications

Al-based DTs used in non-destructive testing of 3D-printed rehabilitation equipment
raise a number of ethical and legal concerns. These systems often rely on patient-specific
data, necessitating strict privacy protections and informed consent [91]. The opacity of Al
decision-making can make it difficult to explain why the DT flags a defect or risk (as defined
by eXplainable Al (XAl)), potentially complicating clinical liability [92]. If a DT performs an
inaccurate assessment that leads to equipment failure or patient harm, questions arise about
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whether clinicians, engineers, manufacturers, or developers are liable [93]. Unequal access
to advanced DT technologies can exacerbate the disparity between well-funded and under-
funded rehabilitation centers [94,95]. Ethical issues also arise when Al models are trained
on biased or incomplete datasets, which can lead to unreliable assessments for certain user
groups or device types. Regulators struggle to keep up with rapid innovation, leaving gray
areas in the certification requirements for Al-powered NDT tools [96]. Intellectual property
concerns can arise when DT simulations incorporate proprietary printing parameters or
material models [97]. Ensuring cybersecurity is crucial, as manipulation of DT data can
compromise patient safety or device integrity [98]. Responsible implementation requires
transparent governance, a clear legal framework, and ongoing ethical oversight to maintain
trust in Al-powered rehabilitation technologies [99]. The introduction of Agentic Al into
DTs in rehabilitation raises ethical and legal challenges related to patient privacy, informed
consent, data ownership, and the secure management of confidential medical information
generated by connected digital systems [100]. Agentic Al’s autonomous decision-making
capabilities require a clear governance framework that defines accountability, transparency,
human oversight, and responsibility for clinical decisions, particularly when Al-generated
recommendations impact patient care or rehabilitation outcomes [101]. Compliance with
healthcare regulations, medical device standards, and Al governance frameworks is essen-
tial to ensure fairness, prevent algorithmic bias, maintain patient trust, and support the
safe and legal implementation of Agentic Al-based DTs in rehabilitation [102].

4.6. Key Directions of Further Studies

Future research on Al-based DTs for nondestructive testing of 3D-printed rehabilitation
equipment should focus on improving the fidelity of material and structural models [103-105].
Researchers must develop better representations of 3D-printed polymers and composites,
accounting for anisotropy, microporosity, and long-term degradation [106-109]. Advances
in multimodal sensors and data fusion will help digital twins extract more accurate, real-
time information from complex rehabilitation devices [110-112]. Al models must become
more transparent and understandable to support clinical decision-making and regulatory
approvals [113-117]. Another key direction is the creation of standardized datasets and bench-
marking methods to ensure reproducibility across printers, materials, and patient-specific
geometries [118-120]. Scalable architectures that reduce computational burden while main-
taining model accuracy will be essential for widespread implementation [121-124]. Integrating
DTs systems with hybrid cloud platforms can enable secure, low-latency analysis in clinical
settings [125-127]. Research should also explore predictive maintenance algorithms that take
into account personalized usage patterns and varying load conditions [128-130]. Research
focused on cybersecurity will be essential to protecting sensitive health and performance
data in digital twin ecosystems [131-134]. Future research on the introduction of agentic Al
into DTs in rehabilitation should focus on developing reliable, understandable, and clinically
validated autonomous agents capable of providing safe, personalized, and adaptive rehabili-
tation while maintaining effective human supervision [135-137]. Further research is needed
to integrate multimodal data from wearable sensors, medical imaging, rehabilitation robotics,
electronic medical records, and nondestructive testing of 3D-printed rehabilitation equipment
to improve predictive accuracy, interoperability, and real-time decision-making [138,139].
Research should also establish a unified evaluation framework, ethical and regulatory guide-
lines, cybersecurity strategies, and large-scale clinical validation to demonstrate the long-term
effectiveness, safety, scalability, acceptation, and sustainability of agentic Al-based DTs in
rehabilitation [140-142].

There is a need for future experimental validation using representative 3D-printed
rehabilitation components, sensor data, DTS models, NDT measurements, and agent-
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based decision-making processes. The transition from Industry 4.0 to Industry 5.0 and
the emerging concepts of Industry 6.0 is not simply an advancement in the number of DT
functions. Rather, it reflects a shift in expectations for DT, decision-making, and the relative
roles of automation, human participation, autonomy, resilience, and sustainability. This
interpretation distinguishes the following paradigms:

o Industry 4.0: emphasizes connectivity, automation, cyber—physical integration, data
acquisition, monitoring, and optimization, with DT functioning primarily as a compu-
tational representation for real-time monitoring and predictive/diagnostic processes.

e Industry 5.0: places a greater emphasis on human-centricity, human—machine collab-
oration, resilience, personalization, and sustainability. Therefore, DT is positioned
not only as an optimization tool but also as an interface supporting human decision-
making, personalized production, and collaborative inspection.

e Industry 6.0 is treated with caution as a new and evolving paradigm, not as a well-
established industry standard. In our view, its significance is associated with higher
levels of autonomy, distributed intelligence, adaptive systems, cognitive collaboration,
and potentially self-developing digital ecosystems.

We explicitly acknowledge that the conceptual boundaries of Industry 6.0 are still in
development, and therefore we avoid assigning it final technical functions.

5. Conclusions

Al-based digital twins, powered by Agentic Al technology, are becoming a power-
ful complement to NDT for 3D-printed rehabilitation equipment, providing continuous,
autonomous insight into device health, structural integrity, and clinical performance. By
integrating real-time sensor data, advanced simulation, machine learning, and autonomous
reasoning, Agentic Al technology improves the accuracy, timeliness, and adaptiveness of
fault detection, predictive maintenance, and personalized rehabilitation planning. Their
ability to model individual patient characteristics, equipment behavior, and dynamic usage
patterns improves the safety, reliability, and effectiveness of rehabilitation interventions.
Furthermore, Agentic Al technology enables DTs to proactively support decision-making by
continuously learning from new data, optimizing treatment strategies, and recommending
maintenance or redesign of rehabilitation devices before failure occurs.

The proposed framework remains conceptual, and conclusions regarding its effective-
ness, reliability, safety, and clinical/practical utility cannot yet be considered empirically
proven. The lack of experimental datasets, validation in real-world NDT settings, long-term
DT tests, and clinical/human evaluation limits the credibility with which the potential
benefits of agent-based Al can currently be assessed. Therefore, we present the proposed
architecture as a research roadmap rather than a proven operational system and emphasize
the need for systematic experimental, comparative, and application-specific validation.

Despite current limitations related to data quality, model fidelity, interoperability,
computational requirements, ethical issues, and regulatory uncertainty, Agentic Al-based
DTs demonstrate significant potential for transformation in both clinical rehabilitation and
biomedical engineering. Continued interdisciplinary research, extensive clinical validation,
and responsible implementation will be essential to ensure their safety, transparency,
and regulatory compliance, while maximizing clinical and societal benefits. Agentic Al-
powered DTs represent a significant step toward smarter, safer, more autonomous, and
adaptive rehabilitation technologies, supporting sustainable healthcare and next-generation
intelligent rehabilitation systems.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app16189001/s1, PRISMA 2020 Checklist (partial only) [143].
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