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1 Introduction

With the continuous development of information technology, immersive tech-
nologies (Immersive Technologies), which are a general term for interactive
media such as virtual reality (VR), augmented reality (AR), and mixed real-
ity (MR), embed digital information into human perception and interaction
processes, allowing users to obtain immersive experiences in real or virtual
environments[1, 2]. These technologies are gradually entering the medical
field and have shown unique advantages in surgical training, rehabilitation,
and psychological interventions[3]. For example, VR as an immersive tech-
nology can provide a safe and controlled training environment in medical
education, significantly improving the knowledge, cognitive skills, and prac-
tical abilities of medical students and health professionals compared with
traditional or other digital education methods[4].

With the growing maturity of these two technologies, some studies have
found that although AI can provide relatively accurate diagnoses and pre-
dictions, it lacks interpretability, which creates barriers for its application in
medicine[5]. On the other hand, the functions of immersive technologies still
focus mainly on visual support, lacking intelligent prediction and real-time
feedback mechanisms, which limits their potential in complex medical tasks.
Therefore, researchers and industry have begun to explore the potential of
combining AI with VR/AR, with healthcare being one of the main areas
of focus[6]. This combination means that AI provides intelligent comput-
ing power for immersive technologies, while immersive technologies provide
visual support for AI. The two influence and support each other, rather
than working independently in different systems. Some research results have
shown that the combination of AI and VR/AR may create a “synergistic
effect.” For example, Pelosi et al embedded reinforcement learning (AI) into
an immersive VR rehabilitation game, dynamically adjusting training tasks
based on patients’ real-time movements, and confirmed that this method
can achieve personalized and adaptive rehabilitation programs and improve
training outcomes[7].

However, there is no systematic perspective to answer the current situ-
ation of the integration of AI and VR/AR in the medical field. From the
existing literature, most review studies focus on the application of a single
technology. For example, Sharma et al conducted a scoping review of studies
on the implementation of artificial intelligence in healthcare practice from
2011 to 2022, but did not include immersive technologies[8]. On the other
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hand, Ghaednia et al, Selvan et al, and Mergen et al carried out systematic re-
views of AR/VR in healthcare from perspectives such as spine surgery, vision
testing, and medical training, but without analysis of AI support[9, 10, 11].
This separation of the two technologies has led to an insufficient understand-
ing of how “intelligent + immersive” systems can be integrated.

Recent studies have started exploring the potential of integrating AI and
immersive technologies, but they encounter clear limitations. One group of
studies focuses on specific settings. For example, Chance explored how AI
and VR can support medical education[12], while Tabassum et al reviewed
how AI and extended reality can be integrated in mental health interventions,
assessing their potential to improve outcomes and patient engagement[13].
Additionally, Rudnicka et al conducted a systematic review of AI and XR
applications in the cardiac field[14]. However, these studies often have a
narrow scope, and some do not cover a wide range of immersive technolo-
gies (VR/AR/MR). Building on these limited attempts, Wu et al conducted
the first systematic review specifically on AI-powered VR systems in med-
ical settings[15]. This study provided a comprehensive overview of AI and
VR applications in medicine, categorising them into three groups: visuali-
sation enhancement, VR-related medical data processing, and VR-assisted
interventions, helping readers understand the field from a broad perspec-
tive. However, it did not include AR studies and lacked a strict search and
statistical process, which may have resulted in missing papers and selection
bias.

In summary, no study has yet systematically summarised and analysed
how artificial intelligence (AI) and VR/AR are actually being applied in real-
world practice. In other words, whether these AI + VR/AR technologies
can truly enter medical practice and pass the strict tests of evidence-based
medicine for safety, effectiveness, and patient acceptance remains a pressing
question that urgently needs to be answered by systematic research.

This gap has shaped the primary focus of this study, which aims to con-
duct a systematic literature review to comprehensively examine and analyse
the current state and trends of integrating AI with virtual and VR/AR in
clinical trials. This strong emphasis on clinical applications ensures that
our review remains highly relevant to guiding medical practice. The main
research question guiding this study is: “Where and how is AI+AR/VR
having or trending towards real-world impact in a clinical setting?”

To address these gaps, this review is structured around the main applica-
tion areas for integrating AI and VR/AR: 2.1 Advances in Immersive Tech-
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nologies in Medicine. 2.2 Advances in Artificial Intelligence in Medicine. 2.3
Integration of Artificial Intelligence and Immersive Technologies in Medicine.

2 Substantive Literature Review

This section reviews the progress of artificial intelligence and immersive tech-
nologies in medicine, with a focus on how they are used together in clinical
settings. The review looks at three areas: first, the development of AI in
medicine; second, the current use of immersive technologies in medicine; and
third, the research progress on their integration. The goal is to clearly sum-
marise the existing studies and build a base for finding research gaps.

2.1 Advances in Immersive Technologies in Medicine

2.1.1 Current Applications of Immersive Technology in Medicine

Over the past thirty years, immersive technologies have moved forward quickly
in medicine thanks to their sense of presence, interactivity, and 3D visual-
isation. Since around 2010, when consumer VR headsets began to reach
the market, improvements in display and tracking have lowered the barriers
for research and use[16]. This has driven the rapid growth of VR in health
care, with applications now extending to surgical training and intraoperative
navigation, rehabilitation, mental health, and pain management.

In surgery, immersive technology has shown clear value. VR is mainly
used for preoperative training, offering surgeons realistic simulation. Ran-
domised controlled trials show that VR training reduces intraoperative com-
plications and supports transfer of skills to clinical tasks[17, 18]. These find-
ings establish VR in surgical education. AR, in contrast, is focused on intra-
operative use, especially navigation. Studies show that AR systems improve
planning and accuracy in neurosurgery and spine surgery[18, 19]. Clinical
analyses report that AR with 3D imaging can shorten operation time, re-
duce incision length and improve patient recovery[20]. AR has moved from
early fixed displays to head-mounted displays and smart glasses. Compared
with traditional devices, head-mounted systems such as Augmedics xvision
improve flexibility and accuracy, while portable devices such as Google Glass
show potential in teaching, consultation and workflow efficiency[21]. How-
ever, challenges remain in battery life, resolution and data privacy.
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In rehabilitation, adherence often decides success. Traditional exercises
are repetitive and boring, leading to dropout. VR, with its immersion and
engaging nature, offers new ways to improve participation. A randomised
controlled trial by Ase et al[22]. showed that home-based VR training with
the RAPAEL smart glove not only improved upper limb function in chronic
stroke patients (FMA-UE, MAL), but all participants also completed the
programme. This shows VR’s advantage in adherence and usability[22]. Un-
like VR, which emphasises engagement, AR improves accuracy and detailed
management. A trial by Shim et al included 115 patients after rotator cuff
repair[23]. Results showed that the AR-based digital rehabilitation system
(UINCARE Home+) led to greater improvement in shoulder function (SST)
at 12 weeks compared with traditional rehabilitation, with better trends in
patient-reported outcomes such as SPADI, DASH and EQ-5D-5L. No signifi-
cant differences were seen in pain, range of motion or strength, but AR’s real-
time feedback helped patients optimise movement and support recovery[23].

In mental health, VR is most established in exposure therapy [8]. Its
key advantage is recreating fear or anxiety in safe and repeatable settings.
A meta-analysis by Deng et al confirmed that VR exposure therapy reduces
anxiety and PTSD symptoms[24]. Other studies tested wider access and
automation. Freeman et al ran a randomised controlled trial where patients
with fear of heights used an immersive VR system with a virtual coach.
Within two weeks, symptoms improved significantly and lasted at follow-
up[25]. This shows VR can reproduce traditional exposure therapy and also
overcome therapist shortages, offering scalable mental health care.

In pain management, VR has been widely studied as a non-drug approach.
Many trials confirm strong effects in acute pain relief. The early “Snow-
World” study Hoffman et al used distraction to reduce pain in burn patients
during wound care, setting the foundation for VR pain relief[26]. Wang et al
later showed that short preoperative VR exposure reduced pain after laparo-
scopic gynaecological surgery while improving anxiety, sleep and recovery,
suggesting dual benefits in perioperative care: pain relief and psychologi-
cal regulation[27]. In chronic pain, evidence is limited, but studies suggest
VR with cognitive behavioural therapy can reduce pain catastrophising and
support longer-term improvements[28].

Taken together, immersive technology shows the feature of “one tech-
nology, different logics” across fields. In surgery the focus is precision, in
rehabilitation adherence, in mental health safety, and in pain management
distraction. These differences suggest that the value of immersive technol-
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ogy depends on context and goals, rather than being universal Representative
studies and results are summarised in Table 1.

Table 1: Summary of Studies on Immersive Technologies in Medicine
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2.1.2 Challenges of Immersive Technology in Medicine

Although immersive technologies in medicine, such as virtual and augmented
reality, have grown rapidly in recent years and shown clear benefits across
different areas, their use in everyday clinical practice still faces challenges.
One major issue is the lack of real-time feedback and interaction. Whether
in surgical navigation or rehabilitation training, most systems only provide
visual support. They do not offer haptic or force feedback, which limits
their ability to fully reproduce complex medical tasks. Another challenge is
the lack of smart prediction and personalisation. Many immersive programs
still use standard templates and do not adjust based on patient imaging,
physiological data, or behavioural responses. This makes precise and tailored
interventions difficult. A further problem is the heavy reliance on manual
work. Clinicians are often required to supervise training, record progress,
and analyse results, which increases their workload and reduces efficiency.

Because of these issues, it is clear that while immersive technologies
have delivered promising results, their real value in medicine will depend
on smarter and more adaptive support. The fast progress of artificial intel-
ligence (AI) offers an important opportunity to fill this gap. AI can provide
real-time feedback, enable personalised interventions, and reduce repetitive
work by automating data capture and analysis. It can also support complex
clinical decisions, such as tumour margin recognition or surgical route plan-
ning. The following section will review advances in artificial intelligence in
medicine, with a focus on how AI can work together with immersive tech-
nologies to drive the future of smart healthcare.

2.2 Advances in Artificial Intelligence in Medicine

2.2.1 Current Applications of Artificial Intelligence in Medicine

Artificial intelligence (AI) has been explored in medicine for several decades.
The earliest work can be traced back to the 1970s with rule-based expert
systems, such as MYCIN, which was designed for infectious disease diagnosis
and antibiotic advice[29]. However, these systems relied on rules set by hu-
mans and struggled to adapt to complex and changing clinical situations, so
they were not widely adopted[30]. With the growth of computing power and
data, especially the breakthroughs in deep learning in the 2010s, AI achieved
major progress in medical imaging analysis, pathology recognition, and dis-
ease prediction[31]. Today, the use of AI in medicine has gradually moved
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from theory into clinical practice, playing a role in key stages of the healthcare
process. Current studies show that the choice of AI models depends more on
the application goal (such as diagnosis or prognosis/prediction) rather than
on the medical field itself[29]. Researchers have also found that most appli-
cations of AI focus on diagnosis (44.4%), followed by prognosis/prediction
(13.9%) and screening (9.3%). Based on this, this paper will analyse the
current use of AI models in different medical fields through the lens of appli-
cation goals[29]. As shown in the Table 2 below.

Table 2: Summary of Studies on Artificial Intelligence in Medicine
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In diagnosis and screening, medical imaging is without doubt the most
breakthrough area for AI. Radiology and oncology are at the front line of
its use. Convolutional neural networks (CNNs) are widely applied in image
recognition, from lung nodule detection, retinal disease screening, and breast
cancer screening to stroke image diagnosis. In many of these tasks, AI has
reached or even passed the performance of radiologists across different fields
[32, 33, 34, 35].

In medical , imaging-based prediction is still the most developed and
widely studied direction. Ardila et al built a three-dimensional deep learning
model that predicts lung cancer risk on low-dose CT scans[36]. Its accu-
racy was already higher than that of radiologists when no prior images were
available, and it reached a comparable level when full image sequences were
provided. This kind of work shows the strengths of AI in structured medical
imaging, especially for large-scale screening and early detection. By contrast,
prediction in mental health relies more on unstructured data and time-series
information. Walsh et al used machine learning methods to analyse the elec-
tronic health records of more than 5,000 patients and developed a model to
predict suicide attempts[37]. The model showed strong performance (AUC
= 0.84, precision = 0.79, recall = 0.95), with prediction power increasing
sharply in the seven days before a suicide attempt. These results highlight
the unique value of AI in capturing the dynamic features of mental health
crises and suggest possibilities for early intervention in this field.

Beyond diagnosis, prognosis/prediction and screening, AI is also being
used in clinical process and functional assessment. Here the focus is not
on whether a disease is present, but on making operations and motor func-
tions objectively measurable to support medical training and personalised
rehabilitation.

In surgery, Nguyen et al integrated deep neural networks with tool and
hand motion signals to accurately distinguish skill levels in open and robot-
assisted surgical tasks[38]. On the JIGSAWS dataset for suturing, needle
passing and knot tying, their system reached or exceeded 95% recognition
performance, showing strong potential as an alternative to traditional expert-
based scoring [38]. Khalid et al built a deep learning model from intraoper-
ative videos that could recognise specific surgical actions and quantify oper-
ator performance (average precision 0.97, recall 0.98; skill assessment preci-
sion/recall 0.77/0.78)[39]. This provided practical and objective indicators
for training feedback and workflow improvement [39].

In rehabilitation, the review by Debnath et al showed that computer
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vision and pose estimation/action recognition can deliver automated and
standardised assessment in gait analysis, upper limb function and remote
rehabilitation, reducing reliance on manual observation. At the same time,
the review noted limits in cross-setting generalisation, privacy concerns and
lack of standardised metrics[40]. It suggested that future progress needs
multi-modal fusion (video + kinematics + wearables), alignment with clinical
scales for interpretability, and integration with immersive technologies such
as AR/VR. These steps would help turn algorithmic accuracy into measur-
able benefits for training quality and functional recovery outcomes (Debnath
et al., 2022).

2.2.2 Challenges of Artificial Intelligence in Medicine

Although artificial intelligence (AI) has shown great potential in medicine,
its use still faces many challenges. A key problem is that many AI models
act as a “black box”. They can provide predictions with high accuracy, but
the reasoning behind them is not transparent. In clinical work, this lack
of interpretability can cause trust issues and make it difficult for doctors
to understand or explain AI-based decisions to patients [5]. In addition,
the development of AI is still limited. Even high-performing models are
not always correct, and in sensitive areas such as diagnosis or treatment
planning, errors can have serious consequences [41, 42]. Because of this, it is
important to keep a “human in the loop” in medical applications. Instead
of letting algorithms work alone, medical experts should be involved to fine-
tune AI outputs using their knowledge and clinical experience. This human-
AI collaboration can make use of the efficiency of AI while adding expert
oversight to improve the safety and reliability of decisions[42].

In this context, improving the interpretability and usability of AI is es-
pecially important. In recent years, new immersive technologies, such as
augmented reality (AR) and virtual reality (VR), have provided more intu-
itive ways to visualise complex AI predictions. These tools can help doctors
better understand and apply model outputs, supporting the smoother use of
AI in clinical practice.
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2.3 Integration of Artificial Intelligence and Immersive
Technologies in Medicine

AI integrated with immersive technologies (AI+XR) is used most heavily in
medicine. The systematic review by Reiners et al shows that most AI+XR
studies focus on medical and health settings[43]. This reflects the strong clin-
ical need for intelligent visual tools and suggests that medicine is becoming
the key testbed for bringing AI+XR into practice. It is therefore necessary
to review the integrated use of AI and immersive technologies in medicine,
not only to summarise current results but also to guide future research and
practice.

As noted earlier, AI and immersive technologies have each made progress
in medicine, but both have limits when used alone. XR often lacks real-time
feedback and personalisation, so it struggles with complex clinical tasks. AI
has strong prediction and recognition ability, but without clear visualisa-
tion it is hard for clinicians to understand and adopt. Their combination
is naturally complementary: AI adds intelligence and adaptivity to immer-
sive systems, while XR turns complex AI outputs into visual and interactive
forms that are easier to use at the bedside. This mutual reinforcement can
not only cover each other’s weaknesses, but may also create a “1+1¿2” syn-
ergy. At present, AI+XR applications cluster in surgical navigation and
training, rehabilitation, mental and neurological interventions, and newer
areas of clinical support and medical education.

Surgery and intraoperative navigation are the most direct use cases.
Chiou et al used deep learning for automatic CT segmentation and linked
it with AR navigation on HoloLens, providing real-time 3D guidance and
improving accuracy[44]. They also noted hardware differences: tablet-based
systems had better spatial accuracy than head-mounted devices, showing
that XR’s benefits still depend on device stability. Likewise, Pierre et al
integrated AI image processing with AR display for vertebroplasty naviga-
tion, cutting radiation exposure and improving path planning[45]. Together,
these studies show that AI delivers intelligent segmentation and recognition,
while AR presents results in an intuitive way to support safer, more efficient
surgery. In this field, most AI+XR integrations follow a one-way interaction
model: AI outputs flow into the AR/VR display, but user actions in XR do
not feed back to change the AI.
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Figure 1: one-way integration

In rehabilitation, AI+XR often forms a closed-loop, real-time interac-
tion. VR/AR provides an adaptive training environment; patients perform
tasks; AI analyses behaviour and generates feedback; the VR/AR scene
then updates accordingly. Pelosi et al applied reinforcement learning to
adjust task difficulty on the fly for upper-limb rehab in VR, creating a
“task–feedback–retraining” loop and improving personalisation[7]. Wang et
al used an AI coaching agent in an adolescent obesity program[46]; the AI
adjusted exercise intensity and pacing from live data to boost effectiveness.
Unlike surgery, rehab emphasises adaptive feedback, where AI’s immediate
reading of behaviour changes the virtual environment.
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Figure 2: closed-loop integration

In medical education and training, Fazlollahi et al showed that an AI
teaching assistant in a VR surgical simulator can provide voice and visual
feedback based on real-time performance, improving learning outcomes[47].
A randomised controlled trial further found that AI plus human expert guid-
ance outperformed either alone [48]. This suggests that in education the aim
is not to replace experts, but to augment them. Here AI acts more as an “in-
telligent tutor”, giving prompts and scoring feedback, rather than adapting
the environment itself.

For mental and neurological interventions, AI+XR often uses a data-
driven offline integration. VR/AR collects behaviour or image data; AI then
performs diagnosis, classification, or prediction; results are not fed back to
XR in real time. Tsai et al targeted early neurocognitive detection: patients
completed tasks in a VR supermarket, actions were recorded, and machine
learning classified them as MCI, Alzheimer’s, or healthy[49]. Oh et al studied
ADHD: patients did attention and impulse-control tasks in VR, and AI mod-
els analysed the data to aid diagnosis and rating[50]. Hudon et al examined
schizophrenia with Avatar Therapy: transcripts of patient–avatar dialogues
were used for machine learning to classify themes and predict outcomes[51].
Duan et al worked on depression prognosis: VR social interaction tasks re-
vealed self-blame patterns, and AI predicted symptoms four months later[52].
These studies show that AI can extract complex features from unstructured
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behaviour and language, while VR provides a standardised, controllable set-
ting that enables prediction and tailored intervention. However, a multi-
centre randomised controlled trial by Lendaro et al indicates that AI does
not always add value: in phantom-limb pain, an AI+AR intervention based
on myoelectric decoding (PME) had similar efficacy to a VR imagery-based
intervention (PMI)[53]. This invites caution: AI and XR do not deliver extra
benefit in every setting, and future work should identify the conditions under
which their combination is truly more effective.

Figure 3: data-driven offline integration

3 Summary of the State of the Art

From the above review, it is clear that current applications of artificial intel-
ligence with immersive technologies (AI+XR) in medicine are concentrated
in surgical navigation and training, rehabilitation, mental and neurological
interventions, medical education, and emerging forms of clinical support.
These uses show the pair’s complementarity: AI provides real-time analysis
and personalisation, while XR turns complex AI outputs into visual, inter-
active displays. However, the literature also shows clear limits. Most studies
remain at lab tests or small feasibility trials, with few multi-centre, large-
sample evaluations in real-world clinical settings. In short, while current
evidence shows promise, whether AI+XR can meet the rigour of evidence-
based medicine is still an open question.

This underscores the need for a systematic literature review. On one
hand, findings are spread across diverse use cases and technical pathways,
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with little synthesis of overall trends. On the other, existing reviews often
focus on a single technology (e.g., AI in imaging, or VR/AR in education
and rehabilitation) rather than their combination. Summarising the joint
use of AI and XR in medicine can clarify which scenarios truly benefit from
synergy, and also when AI may not be necessary.

In medical research, clinical trials are usually seen as the key form of
validation. Trials test safety and effectiveness under controlled conditions
and also show feasibility and patient acceptance in practice. Compared with
lab or simulated studies, trial results carry more weight with clinicians and
are more likely to move AI+XR from “proof of concept” to clinical adoption.
Accordingly, this study will conduct a systematic review focused on clinical
trials of AI+XR in medicine, aiming to answer the core question: Where
and how is AI+AR/VR having or trending towards real-world impact in a
clinical setting?

4 Research Project Plan

The purpose of this literature review is to provide a preliminary overview
of the current state and development of artificial intelligence (AI) and im-
mersive technologies (XR, including VR and AR) in the medical field. By
examining the independent progress of AI and XR in medicine, as well as
their combined applications in areas such as surgical navigation, rehabili-
tation medicine, medical education, and mental health interventions, this
review not only summarizes their advantages and limitations but also high-
lights their complementarity and potential synergies. At the same time,
by analyzing existing research outcomes, this study identifies methodologi-
cal shortcomings and gaps, laying the theoretical and practical foundation
for a more in-depth systematic review—particularly one focused on clinical
trial evidence. This chapter will outline the research plan in detail, includ-
ing research questions and objectives, study design and methodology, data
collection strategies, experimental aims, and ethical and privacy considera-
tions, ultimately providing a research framework for a systematic evaluation
of AI+XR in the medical domain.
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4.1 Research Question and Aims

The main research question of this study is: Where and how is AI+AR/VR
having or trending towards real-world impact in a clinical setting?

To solve this question, this study is mainly divided into the following sub-
questions:

Question 1 (Application Areas):
What are the current clinical application areas where AI and AR/VR

technologies are used together?
Question 2 (Technology):
What types of AI methods and AR/VR platforms or devices are com-

monly used in the existing studies? How do they work together?
Question 3 (Implementation and Evaluation):
How effective are these AI + AR/VR applications in real medical prac-

tice?
Question 4 (Trends and Gaps): What are the current research trends in

the integration of AI and VR/AR technologies in healthcare, and what are
the key limitations or gaps in existing studies?

4.2 Research Design and Method

4.2.1 Research Design

This study adopts a Systematic Literature Review (SLR) design to ensure
comprehensiveness, transparency, and reproducibility. Unlike a general nar-
rative review, it will strictly follow the PRISMA framework, covering database
search, inclusion and exclusion criteria, data extraction, and quality assess-
ment. This approach guarantees the credibility and academic value of the
review findings, while also providing a structured methodological framework
and practical insights for future research and clinical implementation.

4.2.2 Research Method

The methodology of this study follows the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) framework and consists
of the following steps:

Database selection: PubMed, IEEE Xplore, Scopus, and Web of Science.
Time frame: 2020–2025, covering the period of rapid development of AI

and XR technologies in medicine over the past five years.
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Search keywords: (“Artificial Intelligence” OR “Machine Learning” OR
“Deep Learning”) AND (“Virtual Reality” OR “Augmented Reality” OR
“Mixed Reality” OR “Extended Reality”) AND (“Clinical Trial” OR “Ran-
domized Controlled Trial” OR “Pilot Study”).

Table 3: Inclusion/Exclusion Criteria

The inclusion criteria require that the literature must involve the com-
bined application of AI and AR/VR/MR, rather than the use of either tech-
nology alone, with a certain level of interaction between the two. The re-
search must be within the medical or health domain and fall under the scope
of clinical trials, involving living human participants or patients rather than
animals or virtual simulations. The studies must be empirical in nature,
written in English, and published in peer-reviewed journals.

The exclusion criteria specify that studies will be excluded if they involve
only the independent use of AI or XR without integration; if the research
is outside the medical or health domain; if it does not fall within the scope
of clinical trials; if the subjects are animals, cadavers, prostheses, or simu-
lated participants; if the work is limited to literature reviews, commentaries,
or methodological papers without empirical data; or if the studies are not
written in English or have not undergone peer review.

In short, these criteria ensure that the review focuses on empirical studies
of AI+XR integration conducted in real clinical settings with human partic-
ipants, thereby maximizing the clinical value and reliability of the findings.
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4.3 Data Collection

Data Extraction and Recording For the final set of included studies, a struc-
tured data extraction form will be developed. The main variables will include:

1.Basic information: author, year, journal, country/region of study
2. Technical characteristics: type of AI method, XR platform or device
3. Integration approach: the specific mode of combining AI with immer-

sive technologies
4. Application scenarios: surgical navigation and training, rehabilitation,

medical education, mental and neurological disorders, etc.
5. Study design: type of trial (e.g., RCT, prospective study), sample size,

follow-up duration
6. Primary outcomes: accuracy, efficiency, adherence, clinical effects, etc.
7. Limitations and future directions as discussed by the authors. Through

this process of data collection and management, the completeness and relia-
bility of the dataset will be ensured, providing a solid foundation for subse-
quent systematic analysis and comparison.

4.4 Experimental Goals

The experimental objectives of this study are closely aligned with the core
research questions—namely, where and how the integration of artificial intel-
ligence (AI) and augmented/virtual reality (AR/VR) is currently generating,
or tending to generate, real-world impact in clinical settings. The specific
objectives are as follows:

1. Organize clinical application areas
Systematically identify and categorize medical application scenarios of AI

combined with AR/VR—such as surgical navigation, rehabilitation, medical
education, and interventions for neurological and psychiatric disorders—in
order to clarify their relevance and scope in clinical practice.

2. Characterize modes of technological integration
Summarize and analyze the specific AI methods used in existing stud-

ies (e.g., deep learning, reinforcement learning, natural language processing)
together with XR platforms (e.g., VR headsets, AR-based surgical naviga-
tion systems), and explore how these technologies interact to form integrated
solutions.

3. Assess clinical implementation and effectiveness

17



Synthesize empirical findings from clinical trials, with particular attention
to the effectiveness of AI+XR applications in real-world medical practice.
Key indicators include diagnostic accuracy, procedural efficiency, patient ad-
herence, clinical outcomes, and technological maturity.

4. Identify trends and research gaps
Summarize the latest development trends in AI+XR integration and high-

light the major shortcomings of current research. By achieving these objec-
tives, this study will not only consolidate the current evidence base but also
provide directional insights for the future development of AI+XR in medicine.
More importantly, the findings will help researchers, clinicians, and policy-
makers understand where these technologies have the greatest impact, where
their limitations lie, and why focusing on clinical trials is essential for trans-
lating technological innovation into real medical practice.

4.5 Ethics and Data Privacy

As a systematic review, this study does not directly involve patient data and
therefore carries minimal ethical risk. However, when evaluating the included
studies, special attention will be given to the following aspects:

1. Whether the clinical trials obtained ethical approval (IRB/Ethics Com-
mittee);

2. Whether data usage complies with privacy regulations such as GDPR
and HIPAA;

3. The interpretability and safety of AI algorithms applied to patient
data.

4.6 Project schedule

The expected duration of the whole research project is 11 months, starting
from July 2025 and ending in June 2026. Literature review and research
protocol design will be completed in the first to second months, followed by
the search strategy and database searching in the second to third months.
Screening of abstracts and full texts as well as data extraction will be con-
ducted from the fourth to the seventh months.

Statistical analysis and report writing will be carried out in the eighth to
the tenth months. The final month will be dedicated to collating the results,
preparing submissions to academic conferences or journals, and finalizing the
project.
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Figure 4: Prject Schedule Gantt chart

5 Conclusion

This review looked at the separate progress of immersive technologies and ar-
tificial intelligence in medicine. It found that immersive technologies still face
limits such as the lack of real-time multi-modal feedback, limited personali-
sation, and heavy reliance on manual supervision. Artificial intelligence also
has problems, including the “black box” issue, a lack of clear visual support,
error risks in sensitive areas, and the need to keep a “human in the loop”.
Building on these insights, this study then examined evidence of how the two
are used together in surgery, rehabilitation, mental and neurological health,
and medical education. The results show that AI and XR can complement
each other—AI provides prediction, recognition and adaptive support, while
XR improves visualisation, guidance and engagement. At the same time,
current studies are still limited by small sample sizes, single-centre designs,
a lack of real-time AI use, and uneven strength of evidence across fields. To
address these issues, this thesis sets out a PRISMA-based systematic review
plan centred on clinical trials. It defines the research questions and aims,
specifies inclusion and exclusion criteria, outlines quality assessment, and
develops a data extraction sheet, technical roadmap and Gantt chart, giving
a clear path to answer the main research question.

The next stage will follow the PRISMA process: multi-database searches,
two-stage screening by two reviewers, full-text quality checks, and structured
data extraction covering clinical setting, integration models, outcomes, and
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ethics and privacy. Where results are comparable, meta-analysis or meta-
synthesis will be done; where they are too different, an evidence map will be
prepared. The study will also build a taxonomy that links AI methods, XR
platforms, and integration modes with clinical outcomes, and assess both the
maturity and the clinical effect of these technologies in practice. The final
goal is to produce a clear, transparent, and reusable synthesis that shows the
trends in AI+XR and provides the evidence needed for their safe and routine
use in healthcare.
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ABSTRACT

Artificial intelligence (AI) and extended reality (XR) are increas-
ingly being integrated in healthcare, moving from conceptual ex-
ploration toward empirical studies in clinical and clinically relevant
settings. This shift is giving rise to new forms of intelligent, im-
mersive interaction for clinical work, rehabilitation, mental health,
and patient care. However, existing reviews have either examined
AI and XR separately or focused on their integration within a sin-
gle medical domain, leaving limited understanding of how these
technologies are integrated across clinically relevant healthcare ap-
plications. Following the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines, we conducted a
comprehensive search of PubMed, Scopus, and Web of Science for
peer-reviewed empirical studies published between January 2020
and December 2025 that integrated AI with XR in clinical or clini-
cally relevant tasks involving human participants. From 339 dedu-
plicated records, 41 studies met the inclusion criteria. We synthe-
sised where these systems are used, how AI and XR are integrated,
and how mature the current evidence is. We find that AI-XR in-
tegration is concentrated in surgery, mental health, and rehabilita-
tion, and that integration patterns are shaped primarily by clinical
task structures rather than by specific AI methods or XR devices.
Although reported outcomes are largely positive, the field remains
dominated by early-stage clinical piloting rather than large-scale
validation or routine deployment. Overall, AI-XR healthcare sys-
tems are moving beyond prototypes, but their real-world impact
depends on task-specific integration, clinically meaningful interac-
tion, and stronger evidence of implementation in care settings.

Index Terms: artificial intelligence, extended reality, augmented
reality, virtual reality, mixed reality, systematic review, clinical ap-
plications, technology readiness, PRISMA.

1 INTRODUCTION

The digital transformation of healthcare has become a strategic
priority for health systems worldwide. The World Health Organ-
isation’s Global Strategy on Digital Health 2020–2025 positions
digital health as a way to improve health outcomes, strengthen
health systems, and support more accessible and person-centred
care [1]. Artificial intelligence [2], [3], immersive technologies [4],
[5], wearable sensors [6], medical imaging [7], and interactive data
systems are reshaping how clinical information is generated and
used.

Within this broader change, two technological directions have
drawn particular attention: artificial intelligence (AI) and immer-
sive technologies, including augmented reality (AR), virtual reality
(VR), and mixed reality (MR), collectively referred to in this review
as extended reality (XR). Here, AI refers to computational methods
for interpreting data, recognising patterns, making predictions, and
supporting decisions [2], [3], while XR refers to interactive tech-
nologies that either immerse users in virtual environments or over-
lay digital information onto the physical world [8].

AI has become important in healthcare because it improves effi-
ciency, reduces repetitive manual work, and supports more consis-
tent interpretation of complex clinical data [2], [3], [9]. Methods
such as machine learning, deep learning, computer vision, and nat-
ural language processing now support tasks including prediction,
classification, segmentation, risk modelling, and decision support

[3], [9]. Their relevance spans many clinical areas, from diagno-
sis and surgery to rehabilitation, mental health, oncology, wound
care, and patient monitoring [3], [9]. For example, AI can detect le-
sions, segment anatomical structures, estimate patient risk, classify
behavioural patterns, or assess movement quality [3], [10]. Yet an
accurate or efficient AI output is not automatically useful in prac-
tice. It still needs to be presented in a form that clinicians or patients
can act on within the clinical workflow [11], [12].

XR technologies provide new ways to present and interact with
medical information. VR can create controlled and repeatable
environments in which patients or users complete rehabilitation,
exposure-based intervention, assessment, or therapy-related tasks
[13], [14], [15]. AR and MR can overlay digital information onto
the physical world, with applications in surgical guidance, procedu-
ral support, and anatomical visualisation [4], [16], [17]. The value
of these technologies lies in the fact that many clinical tasks are not
purely cognitive — they are spatial and embodied. Surgeons rely
on anatomical and instrument-level cues during operation; rehabil-
itation patients benefit from feedback that responds to their move-
ment; mental-health interventions often depend on environments in
which behaviour can be observed under controlled conditions. XR
therefore offers a task environment in which AI outputs can become
visible and actionable.

Many clinical tasks require both reliable data interpretation and
effective interaction with the clinical environment. For example,
AI helps interpret clinical data, while XR places this information in
a spatial, interactive setting. When the two are integrated, AI can
make XR systems more adaptive and data-driven, while XR can
make AI outputs easier to understand and apply to clinical tasks
[18]. The integration of AI and XR is therefore more than the sum
of two technologies; it may create new ways for medical informa-
tion to be analysed and used in practice.

Clinically relevant applications are an important setting for ex-
amining this integration because technical feasibility does not nec-
essarily mean clinical value. An AI-XR system may work well as a
prototype, but it can only contribute to healthcare when it supports
real or clinically relevant tasks and can be used by clinicians, pa-
tients, or caregivers. Focusing on clinical applications, therefore,
helps assess whether AI and XR are not only technically connected
but also meaningfully connected to medical practice.

Although the integration of AI and XR is promising, it is still un-
clear how the two are integrated in clinically relevant applications.
Are AI and XR used side by side, or do they form distinct techni-
cal and clinical relationships? Do these integration patterns change
across medical domains? Clinical applications differ in their goals,
users, workflows, data sources, interaction demands, and levels of
risk. These differences may shape the roles AI and XR play, and
how they are integrated within clinical systems. It also remains un-
certain whether reported effects of integrated AI-XR applications
translate into clinically meaningful benefits, and how close current
systems are to real-world use. Examining both reported effects and
clinical implementation maturity is therefore necessary [11], [12],
[19]. Since this is an emerging field, understanding current trends
and challenges is equally important.

To address these gaps, this study conducts a systematic review,
reported following PRISMA guidelines, to map current evidence
on the integration of AI with XR in clinically relevant empirical
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studies [20]. The core research question is: Where and how is the
integration of AI and XR having, or trending towards, real-world
impact in clinically relevant medical applications?

To address this question, this study is structured around the fol-
lowing sub-questions:

• What are the medical application areas where AI and XR are
used together, and who are the primary users?

• What types of AI methods and XR platforms or devices are
commonly used in the existing studies?

• How are AI and XR integrated to support clinically relevant
applications?

• How effective is the integration of AI and XR in real medical
practice, and how mature is its clinical implementation?

• What are the current research trends in the integration of AI
and XR technologies in clinically relevant medical applica-
tions, and what are the key limitations or gaps in existing stud-
ies?

The remainder of the paper is organised as follows. Section 2
introduces the AI, XR, and AI-XR background needed to frame the
review. Section 3 describes the systematic review methodology.
Section 4 maps the included evidence across applications, users,
technologies, integration modes, outcomes, and readiness. Section
5 discusses what these patterns imply for clinical translation, limi-
tations, and future research. Section 6 concludes the paper.

2 BACKGROUND

2.1 Artificial Intelligence in Medicine
In medicine, AI is commonly used as a set of computational meth-
ods for interpreting clinical data and supporting decision-making,
assessment, or feedback. These methods include prediction, classi-
fication, segmentation, risk modelling, decision support, and auto-
mated assessment [2], [3], [9]. They are most visible where clini-
cal work depends on images, signals, movement data, or repeated
judgement. AI methods have been used to detect lesions in medi-
cal images, segment anatomical structures, estimate patient risk [3],
analyse surgical workflow and performance [21], and assess move-
ment quality in rehabilitation [10].

Medical imaging is one of the clearest areas where these func-
tions have developed. In radiology, pathology, ophthalmology, en-
doscopy, and wound assessment, machine learning and deep learn-
ing models identify patterns in images and support screening or di-
agnosis [2], [3]. Surgical and procedural settings provide another
source of data — tool movement, video recordings, and operative
steps — that can be used for performance analysis or planning sup-
port [21]. In rehabilitation, computer vision, pose estimation, and
motion analysis make patient movement more measurable and less
dependent on subjective observation [10]. AI should therefore be
treated as a set of clinical functions rather than as a diagnostic tool
alone, supporting monitoring, assessment, feedback, and planning
across the clinical pathway [9].

The main value of AI here is not the replacement of clinical
judgement. AI reduces repetitive work, improves consistency, and
structures information that would otherwise be difficult to review at
scale [2], [3]. A model may flag a risk, outline a structure, classify a
behaviour, or estimate a clinical outcome, helping clinicians focus
attention and make decisions more efficiently.

These strengths do not solve implementation problems. High
model performance does not always translate into clinical useful-
ness. Many systems remain difficult to interpret, and clinicians may
not know why a model produced a particular output. This matters in
diagnosis, treatment planning, and patient-facing care, where trust
and explanation are central [11], [12]. AI models may perform well

in one dataset but less well in another hospital, device, or patient
population, and bias, data quality, privacy, and validation remain
major concerns [11], [12].

Another limitation is that AI outputs are often separated from
the clinical task environment. A prediction, segmentation, or risk
score may be accurate, but it still needs to be delivered at the right
time and in a form that clinicians or patients can use [11]. This is
where the connection with XR becomes important: if AI provides
analysis, XR can provide the space in which that analysis becomes
visible and usable.

2.2 XR Technologies in Medicine
In medicine, XR technologies are used to support tasks that require
more than information on a conventional screen. Many medical ap-
plications involve spatial orientation, repeated practice, controlled
exposure, or interaction within a task environment [4], [5], [13],
[14]. VR provides a simulated environment that is safe and repeat-
able; AR overlays digital information onto the physical world; MR
combines virtual and real elements in a spatially registered way [8].
These technologies are useful because many medical tasks are not
only cognitive but also spatial and embodied.

In surgery, XR has been used for training, planning, navigation,
and intraoperative support [4], [16], [17]. VR allows surgeons or
trainees to practise procedures in a simulated setting before work-
ing with patients [5]. AR and MR are most relevant when anatom-
ical models, imaging information, or navigation cues need to be
positioned in relation to the patient or operative field [4], [16], [17].
The rationale is especially strong in surgery, where decisions de-
pend on spatial relationships between anatomy, instruments, and
planned actions.

In rehabilitation, XR can make repetitive exercises more en-
gaging and measurable. Patients practise movements in a virtual
or augmented environment, receive visual feedback, and complete
tasks that are more motivating than conventional exercises [13]. Its
relevance is clearest when long-term adherence and repeated prac-
tice shape outcomes. In mental health, VR has been used to create
controlled exposure environments and therapeutic scenarios [14],
[15]. These environments allow patient responses to be observed
in a safe and repeatable way. XR has also been explored in ad-
jacent care-support contexts, although the evidence base varies by
application area.

The same technology, therefore, takes on different roles depend-
ing on the clinical task: precision and spatial guidance in surgery
[4], [16]; feedback, motivation, and repeated practice in rehabilita-
tion [13]; controlled exposure and behavioural observation in men-
tal health [14], [15].

The same task-facing strengths also reveal the limits of current
XR systems. Many systems still rely on fixed content, manual
setup, or simple visual display, and do not adapt to patient perfor-
mance, clinical data, or changes in user behaviour. In surgery, inac-
curate registration, limited field of view, latency, and hardware dis-
comfort can reduce usefulness [4], [16], [17]. In rehabilitation and
mental health, engagement alone does not guarantee lasting clini-
cal benefit [13], [14], [15]. Some applications work well in a small
study but remain difficult to use in routine care [19].

Immersion is therefore only part of the clinical argument. XR
often needs data interpretation, personalisation, feedback, and eval-
uation within real clinical workflows to become clinically useful —
areas where AI can add value, but only if the two technologies are
integrated in a meaningful way [18].

2.3 Related Reviews and Remaining Gaps
Existing reviews have provided useful evidence on AI in medicine
and on XR in medicine, but they typically examine the two tech-
nologies separately. Reviews of AI in healthcare tend to focus on
diagnosis, prediction, segmentation, clinical decision support, or
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implementation of AI systems [3], [9], [11]. These reviews explain
the value and limits of AI, but rarely examine how AI outputs are
presented or used within immersive clinical environments. Reviews
of XR in medicine, in contrast, focus on surgical training, rehabili-
tation, mental health, or medical education [4], [5], [13], [14], [16].
They show the value of immersive technologies, but pay less at-
tention to whether the systems are supported by AI-based analysis,
prediction, or feedback.

A smaller group of reviews has begun to examine AI together
with immersive technologies. Their contribution is useful but still
partial. One broad AI–XR systematic review is not specific to med-
ical applications [18], while domain-focused reviews examine ar-
eas such as medical education or mental health rather than the full
cross-domain clinical evidence base [22], [23]. Others focus on
a single immersive technology, such as VR, without covering AR
or MR. Current reviews therefore do not yet provide a clear cross-
domain picture of how AI and XR are integrated across clinically
relevant medical applications.

Less well synthesised is the relationship between the two tech-
nologies once they appear in the same medical application. It is
unclear whether AI and XR are simply used side by side or whether
they form distinct technical and clinical relationships, and how
such patterns vary across medical domains with different task struc-
tures. Existing reviews have also rarely examined reported effects
together with evidence maturity, study design, sample size, and im-
plementation context [19]. Without these connections, it is difficult
to judge how close current AI–XR applications are to real-world
clinical impact.

The remaining gap is therefore not whether AI and XR appear
in the same studies, but how they are integrated within clinically
relevant tasks. A useful synthesis needs to link application domain,
user group, AI function, immersive technology, integration relation-
ship, reported outcomes, and evidence maturity. In this review, in-
tegration is defined as a functional connection between AI and XR
within the same clinical task, system, workflow, or data pathway,
such that the two components serve a common clinical objective.
This review addresses the identified gap by examining clinical and
clinically relevant empirical studies of AI–XR in medical applica-
tions under this definition.

3 METHODOLOGY

3.1 Research design
This study was designed according to the Preferred Reporting Items
for Systematic reviews and Meta-Analyses (PRISMA) guidelines.
It systematically reviewed the integration of AI with extended real-
ity (XR) technologies, including AR, VR, and MR, in clinically rel-
evant medical applications. The review focused on studies in which
AI and XR were functionally connected within the same clinical
or clinically relevant task, system, workflow, or data pathway. The
main review question was: where and how is the integration of AI
and XR having, or trending towards, real-world impact in clinically
relevant medical applications?

The review followed the PRISMA 2020 reporting framework
for record identification, duplicate removal, screening, full-text el-
igibility assessment, exclusion reporting, and final study selection
[20]. Given the heterogeneity of the included studies, meta-analysis
was not conducted; evidence was synthesised using narrative syn-
thesis supported by descriptive statistics and visual evidence map-
ping.

3.2 Search strategy
The literature search was conducted on 24 February 2026 and cov-
ered PubMed, Scopus, and Web of Science, spanning biomedical
research, clinical medicine, digital health, computer science, en-
gineering, and interdisciplinary technology research. The search
strategy used four concept groups: immersive technology terms, AI

terms, medical or healthcare terms, and clinically relevant empirical
study terms. The publication date range was limited to 1 January
2020 to 31 December 2025 to focus on recent clinically relevant
evidence in a rapidly developing field.

The immersive technology group included “Augmented Real-
ity”, “Virtual Reality”, “Mixed Reality”, and “Extended Reality”.
The AI group included “Artificial Intelligence”, “Machine Learn-
ing”, “Deep Learning”, and “Computer Vision”. The medical
and healthcare group included healthcare, “health care”, patient*,
clinic*, and medic*. The clinical or empirical study group included
“clinical trial”, “randomized controlled trial”, “randomised con-
trolled trial”, “prospective trial”, “prospective study”, “controlled
clinical trial”, “single-arm interventional trial”, and “pilot clinical
trial”. Database-specific syntax was used to preserve the same con-
ceptual logic while respecting different indexing systems.

In Scopus, the search was conducted in the TITLE-ABS-KEY
field using the four concept groups, with limits for publication years
2020–2025, English language, and article-type records while ex-
cluding reviews. In Web of Science, the search used the topic field
(TS) with the same four concept groups. In PubMed, the search
combined Title/Abstract terms, MeSH terms, and publication type
filters, including MeSH terms for Virtual Reality, Artificial Intel-
ligence, Machine Learning, and clinical trial-related publication
types. PubMed was also limited to publications from 1 January
2020 to 31 December 2025 and excluded review, systematic review,
and meta-analysis publication types.

In simplified form, the Boolean structure was: (XR terms)
AND (AI/ML/deep-learning/computer-vision terms) AND (health-
care/clinical/medical/patient terms) AND (clinical trial, prospec-
tive, interventional, controlled, single-arm, or pilot study terms).
The trial-related and prospective/interventional terms were used to
increase retrieval of clinically relevant empirical studies, not to de-
fine the review as limited to formal clinical trials. The complete
database-specific strings are documented in the source notes and
should be retained for auditability.

3.3 Eligibility criteria

Eligibility criteria were predefined and are summarised in Table
1. In brief, included studies had to be peer-reviewed, English-
language empirical studies in a medical or health domain, involve
human participants or human-participant data, and functionally in-
tegrate AI with XR within the same clinically relevant task, system,
workflow, or data pathway. Exclusions were applied to records
without eligible AI-XR integration, outside the medical or health
domain, without clinically relevant empirical evaluation, or con-
sisting of reviews, commentaries, protocols, design-only papers,
non-peer-reviewed records, non-English papers, or animal, cadaver,
phantom, or simulation-only studies without human participant
data.

These criteria ensured that the review captured integrated AI–XR
systems in clinically relevant medical contexts rather than AI-only,
XR-only, or purely conceptual technology studies. The term “clin-
ical or clinically relevant empirical study” was interpreted broadly
enough to include formal clinical trials where present, but not to
restrict the review to randomised or controlled clinical trials only.

3.4 Screening process

The PRISMA flow document was used as the authoritative source
for screening numbers and exclusion categories. A total of 433
records were identified from databases: PubMed (n = 235), Sco-
pus (n = 131), and Web of Science (n = 67). No additional records
were identified from other sources, citation searching, or grey liter-
ature. Before screening, 94 records were removed as duplicates, all
identified by Covidence, leaving 339 records for title and abstract
screening.
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Table 1: Inclusion and exclusion criteria.

Inclusion Criteria Exclusion Criteria

Integration of AI with XR No AI usage, or AI usage outside the scope; no XR usage, or immersive
technology outside the scope; AI and XR used independently, with no
interaction/integration

Medical / health domain Non-medical / health domain
Clinical or clinically relevant empirical study Non-clinical study or no eligible clinically relevant empirical evaluation
Human participants, or human participant data Animal, cadaver, phantom, simulation-only studies, or no human participant

data
Empirical study Literature review, commentary, meta-analysis, design paper without

evaluation, protocol, or incomplete study
Written in English Written in other languages
Peer-reviewed Non-peer-reviewed

Figure 1: PRISMA flow diagram for study selection.

At title and abstract screening, 220 records were excluded. The
remaining 119 studies were sought for retrieval and assessed for
eligibility at full text. No studies were recorded as not retrieved.
During full-text assessment, 78 studies were excluded for the fol-
lowing reasons: non-peer-reviewed (n = 1); non-clinical study or
no eligible clinically relevant empirical evaluation (n = 26); non-
medical / health domain (n = 1); written in other languages (n =
1); no XR usage or outside the scope (n = 8); no AI usage or AI
usage outside the scope (n = 24); AI and XR used independently,
with no interaction/integration (n = 9); and literature review, com-
mentary, meta-analysis, design paper without evaluation, protocol,
or incomplete study (n = 8). Forty-one studies were included in the
final review.

Screening was conducted in Covidence against the predefined
eligibility criteria. Title/abstract screening and full-text assessment
were performed independently by two reviewers. Disagreements
were resolved by a third reviewer. Covidence was used as the com-
plete screening management tool, including duplicate identification
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Figure 2: Publication year by application domain. The 2025 increase
spans several domains, while surgery, mental health, and rehabilita-
tion remain the most evaluated domains across the period.

and screening workflow management.

4 RESULTS

The Results follow the review questions, moving from the overall
evidence base (Section 4.1) to application domains and target users
(Section 4.2), the technical characteristics of the systems (Section
4.3), and the patterns of AI-XR integration that are the central focus
of this review (Section 4.4). Section 4.5 reports outcome direction
and technology readiness, interpreted cautiously, and Section 4.6
summarises the patterns that inform the Discussion.

4.1 Overview of the Evidence Base

The search and screening process produced 41 included clinical and
clinically relevant empirical studies. Publication activity concen-
trated toward the end of the review period: two studies appeared in
2020 (4.9%), six studies were published in each year from 2021 to
2024 (14.6% each), and 15 studies appeared in 2025 (36.6%).

Figure 2 combines publication year and application domain,
showing that the 2025 increase was not driven by a single area but
distributed across surgery, rehabilitation, mental health, support-
ive care, neurology, and public health. Surgery was consistently
represented throughout and contributed substantially to the 2025
rise; rehabilitation showed the most visible recent expansion; men-
tal health appeared across several years without a steady year-on-
year increase; and supportive-care applications emerged mainly in
the later years. Public health remained an isolated example.
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Figure 3: Application domain distribution. Surgery, mental health,
and rehabilitation were the most evaluated domains; public health
appears as an isolated example.

4.2 Application Domains and Target Users
As shown in Figure 3, the most frequently evaluated domains were
surgery (n = 13, 31.7%), mental health (n = 10, 24.4%), and reha-
bilitation (n = 9, 22.0%). Supportive and care-related applications
accounted for four studies (9.8%), neurology for three (7.3%), and
diagnostics/pathology and public health for one study each (2.4%
each). The field is therefore clinically oriented but unevenly dis-
tributed across healthcare.

The surgical cluster was shaped by spatial tasks such as 3D re-
construction, registration, planning, navigation, and intraoperative
overlay. These appeared in automatic registration for laparoscopic
liver surgery [31], VR/AI planning of lung segmentectomies [44],
AR navigation for lumbar discectomy [39], and AI-3D-AR guid-
ance in robotic prostatectomy [59]. Surgery is a natural fit for AI-
XR because AI can segment anatomy or register models while XR
makes that spatial information visible during planning and guid-
ance.

The mental-health studies centred on immersive behavioural
tasks paired with AI-based prediction, classification, or conver-
sational support. VR-based stabilization for posttraumatic stress
symptoms was combined with machine-learning prediction of
symptom change [24], while social anxiety, spider phobia, and
treatment-resistant schizophrenia were addressed through VR ex-
posure, serious games, or avatar therapy, with AI used for predic-
tion, adaptive exposure, or analysis of therapy transcripts [26], [28],
[30], [46], [49], [53]. This domain used immersive environments
not as visualisation tools but as structured contexts for eliciting be-
haviour, speech, physiology, or interaction data.

Rehabilitation formed a third cluster, linking AI-XR systems
to performance monitoring, motor control, and adaptive feed-
back. Examples included AI-based assessment within VR hand-
exoskeleton training for post-stroke rehabilitation [35], machine-
learning-supported phantom motor execution with AR/VR feed-
back [40], and myoelectric VR serious gaming for chronic stroke
[64]. Rehabilitation suits closed feedback loops because move-
ment, muscle activity, and task performance can be captured and
used to adjust therapy in real time.

These domains also raise a user-level question: are such systems
built for clinicians, patients, or both? Target-user coding showed a
strongly patient- and doctor-centred evidence base. Patients were
the intended users in 25 studies (61.0%), doctors in 13 (31.7%),
and mixed users in three (7.3%). Doctor-facing studies concen-
trated in surgery and diagnostic-support workflows, while patient-
facing studies dominated mental health, rehabilitation, supportive
care, and public health.

Figure 4: Target user distribution, showing a patient- and doctor-
centred evidence base. This reflects the intended users, not the unit
of analysis used for evaluation.

Figure 5: Proportional distribution of AI method families. These are
technical approaches, not indicators of effectiveness.

4.3 Technical Characteristics of AI-XR Systems

The technical profile of the included systems was analysed at two
levels. The AI method group describes the technical method family,
such as traditional machine learning, deep learning, multimethod
AI, or generative/conversational AI. The AI function group de-
scribes the role AI played within the AI-XR system, such as plan-
ning support, classification, prediction, coaching, or adaptive con-
trol. These two layers address different questions: the method
group describes how AI was implemented technically, while the
function group explains what AI contributed to the clinically rele-
vant workflow.

Traditional machine learning and deep learning were the largest
families of technical methods. Traditional machine learning ap-
peared in 13 studies (31.7%), including predicting the response af-
ter VR-based stabilisation for posttraumatic stress symptoms [24]
and classifying sarcopenia from Kinect-based MR exercise data
[29]. Deep learning appeared in 11 studies (26.8%), with examples
such as AI-empowered Ki67 pathology assessment and speech de-
coding with avatar control [45], [51]. Generative/conversational AI
and rule-based/symbolic AI were smaller but relevant categories,
appearing in AR-based mental-health support, MR exercise con-
sultation, adaptive exposure, and serious-game therapy [28], [32],
[38], [46].

AI function was more directly linked to the clinical role of each
system. In surgery, AI most often supported navigation, planning,
registration, or overlay, as seen in AR navigation for lumbar discec-
tomy, AR-guided robotic prostatectomy, and multimodal AR plan-
ning for extracerebral tumours [39], [58], [59]. In rehabilitation, AI
was more often used for adaptive feedback, motor control, or per-
formance assessment, including hand-exoskeleton training, phan-
tom motor execution, and myoelectric VR serious gaming [35],

5



Table 2: AI method families, system functions, and constituent studies.

AI methods AI functions Studies

Traditional machine learning Classification / diagnosis / screening [26], [29], [43], [48]
Prediction / prognosis [24], [30], [53]
Adaptive personalization / closed-loop control [35], [40], [61], [64]
Performance or functional assessment [49], [57]

Deep learning Classification / diagnosis / screening [45], [55]
Segmentation / reconstruction / registration [31]
Navigation / planning support [39], [44], [50], [52], [56], [58], [59]
Adaptive personalization / closed-loop control [51]

Computer vision / image registration / 3D
reconstruction

Segmentation / reconstruction / registration [27]

Navigation / planning support [34], [36], [41]
Rule-based or symbolic AI Adaptive personalization / closed-loop control [28]

Coaching / tutoring / conversational support [46]
Generative or conversational AI Coaching / tutoring / conversational support [32], [38]
Multimethod AI Classification / diagnosis / screening [25]

Navigation / planning support [54]
Adaptive personalization / closed-loop control [37], [63]
Coaching / tutoring / conversational support [62]
Performance or functional assessment [42]
Generative content or guidance [60]

Unspecified or insufficiently described AI Adaptive personalization / closed-loop control [33], [47]

Figure 6: Immersive type distribution. VR and AR dominate the in-
cluded studies, while MR and hybrid AR/VR are sparse.

[40], [64]. In mental health, AI commonly supported prediction,
classification, conversational/coaching support, or behavioural data
analysis around VR exposure, stabilization, and avatar therapy [24],
[26], [30], [49], [53]. In supportive care, AI-XR systems were used
for preparation, monitoring, guidance, or care interaction, includ-
ing paediatric endoscopy preparation and colostomy-care monitor-
ing [60], [63].

The XR layer was dominated by VR (22 studies, 53.7%) and
AR (15 studies, 36.6%), with MR and hybrid AR/VR in two each
(4.9%; Figure 6). Examined by domain (Figure 7), a task-related
pattern emerged. VR predominated where the task required an im-
mersive environment, such as exposure therapy, social or avatar
interaction, rehabilitation training, and behavioural intervention,
whereas AR concentrated where the task involved spatial overlay,
registration, or guidance, especially surgery and procedural sup-
port. MR and hybrid systems were sparse and appeared mainly in
rehabilitation contexts. XR modality thus tracked the clinical task:
VR to create an immersive environment, AR to place digital infor-
mation into physical or procedural space.

The type of XR hardware used in the included studies was re-
lated to both XR modality and clinical setting. VR studies were
relatively consistent in their device choices. Most used commercial
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Figure 7: Immersive type by application domain. VR predominates in
immersive mental-health and rehabilitation tasks, whereas AR con-
centrates in surgery and procedural support.

head-mounted displays, especially the HTC Vive/Vive Pro Eye and
Oculus/Meta Quest or Rift series [24], [25], [27], [37], [43], [55],
[62]. A smaller number used older headsets, smartphone-based VR,
screen-based VR, serious-game simulators, or custom rehabilitation
setups [30], [33], [34], [42], [46], [47], [51], [64].

AR studies showed greater hardware diversity and were more
often tied to clinical or procedural use. These included surgical
navigation and guidance systems [31], [39], [59], robot-assisted AR
platforms with fluorescence-imaging overlay [36], [54], mobile- or
tablet-based AR systems [48], [50], [56], [57], [58], and projector-
or camera-based AR systems [41], [63]. Only one AR study used
wearable AR headsets, including Microsoft HoloLens and Apple
Vision Pro [32]. MR and hybrid AR/VR appeared in only a few
studies and were mainly represented by headset-, sensor-, or screen-
based rehabilitation systems [29], [38], [40], [61].

4.4 Patterns of AI-XR Integration Across Clinical Do-
mains

After completing the screening process and analysing the included
studies in detail, this review grouped AI-XR integration into three
modes based on the direction of information flow, the timing of
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Table 3: XR hardware by immersive type and device category.

XR-type Device category Study

VR Head-mounted display (HMD) [24]-[28], [30], [33], [35], [37], [43], [44], [53],
[55], [60], [62]

Screen-based VR [34], [46], [51], [64]
VR rehabilitation platform [42], [47]
Not clearly reported [49]

AR Mobile or tablet-based AR [48], [50], [56]-[58]
AR surgical navigation/guidance system [31], [39], [59]
Projector/camera-based AR system [41], [63]
Robot-assisted AR platform [36], [52], [54]
Head-mounted display (HMD) [32]
AR microscope platform [45]

MR Head-mounted display (HMD) [38]
Sensor-based mixed-reality system [29]

Hybrid AR/VR Hybrid AR/VR rehabilitation system [40]
Screen-based AR/VR [61]

Figure 8: Integration mode distribution. Closed-loop is the largest
category, but one-way and data-driven offline integration remain sub-
stantial.

AI analysis, and the way AI and XR worked together within the
clinical task. These modes were one-way integration, data-driven
offline integration, and closed-loop integration.

One-way integration refers to systems in which AI outputs flow
into the AR/VR display, but user actions within XR do not feed
back to change the AI component. In this mode, AI may gener-
ate outputs such as segmentation, reconstruction, registration, pre-
diction, planning, or guidance, and AR/VR presents or uses these
outputs through an immersive or spatial interface.

Data-driven offline integration refers to systems in which VR/AR
collects or structures behaviour, image, speech, physiological, clin-
ical, or performance data, and AI then performs diagnosis, classi-
fication, prediction, assessment, or modelling after or outside the
immersive session. The AI results are not fed back into the XR
environment in real time.

Closed-loop integration refers to systems in which VR/AR pro-
vides an adaptive training or interaction environment, users or pa-
tients perform tasks, AI analyses their behaviour, performance,
physiological signals, or other data, and the VR/AR scene or feed-
back then updates accordingly during use.

Closed-loop integration was the largest category (n = 18, 43.9%),
followed by one-way integration (n = 12, 29.3%) and data-driven
offline integration (n = 11, 26.8%). This distribution shows that
many included systems moved beyond simple AI-to-XR display,
but closed-loop integration was not evenly distributed across do-
mains.

The overall distribution does not show how the modes relate to
system components. Figure 9 places immersive type, AI method
family, and integration mode along a single pathway to examine
how they co-occur.

VR connected to several AI method families, including tradi-
tional machine learning, deep learning, and multimethod AI, while
AR linked more often to vision-oriented methods such as deep
learning and computer vision/registration. The same AI method
family, however, appeared across different integration modes, so
integration mode was not determined by the AI method but by how
each system connected AI and XR within its clinical task. The or-
ganising axis is therefore the structure of the clinical task, not the
underlying technology stack.

Because clinical tasks differ across domains, the way AI and XR
combined also varied by area, as summarised in the domain-by-
mode heatmap (Figure 10) and the examples below.

Surgery was the clearest case of one-way integration: AI gener-
ated or registered spatial information that AR or VR then presented
for planning or navigation, as in laparoscopic liver registration [31],
lung segmentectomy planning [44], lumbar discectomy navigation
[39], and multimodal AR planning for extracerebral tumours [58].
Some surgical systems were coded closed-loop when registration or
overlay updated dynamically, such as ICG-driven AR robotic par-
tial nephrectomy [36] and AR/AI vertebroplasty navigation [41].

Rehabilitation showed a different architecture, strongly asso-
ciated with closed-loop systems in which AI contributed to as-
sessment, motor-intent decoding, assistance-as-needed, or adaptive
feedback. Examples include VR hand-exoskeleton rehabilitation
with real-time assessment and adaptive task difficulty [35], home-
based phantom motor execution with machine-learning decoding
[40], and myoelectric VR serious gaming for chronic stroke [64].
Mental health, by contrast, often used XR to generate behavioural,
speech, or physiological data analysed offline, as in posttraumatic-
stress response prediction [24], anxiety prediction from VR ses-
sions [26], and avatar-therapy transcript analysis [49], [53].

These cross-domain differences are central to the review ques-
tion. The single label AI-XR integration covered quite different ar-
chitectures depending on the clinical task. Integration mode, there-
fore, describes how the technologies are integrated, not how mature
the evidence is. Whether these architectures are supported by ma-
ture evidence, instead of by positive early reports alone, is exam-
ined next.

4.5 Reported Outcomes and Technology Readiness

Reported result direction was predominantly positive: 39 studies
(95.1%) were coded positive, one mixed (2.4%), and one limited or
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Figure 9: Alluvial mapping of immersive type, AI method family, and integration mode; flow width represents included-study counts.

Figure 10: Application domain by integration mode. Surgery clusters around one-way spatial guidance, rehabilitation around closed-loop adap-
tation, and mental health around data-driven offline modelling with some closed-loop intervention.
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inconclusive (2.4%). The positive findings spanned technical per-
formance, feasibility or usability, symptom or behavioural change,
clinical-workflow measures, and classification or prediction perfor-
mance.

This near-uniform positivity must be read cautiously, because
the code reflects only the direction of reported findings, not their
strength, and several positive studies reported mixed detail beneath
the overall label. The AR lumbar-discectomy navigation study re-
ported fewer puncture attempts and fluoroscopy shots but no signifi-
cant difference in operation time or several clinical scores [39]. The
AI-3D-AR prostatectomy trial reported lower positive-margin rates
and other favourable outcomes, but within one surgical context and
design [59]. The extended-reality phantom-limb-pain trial showed
improvement in both treatment arms, but phantom motor execu-
tion was not superior to phantom motor imagery, hence its mixed
coding [61]. The spider-phobia study showed strong group-level
benefit from one-session VR exposure but limited, non-significant
longer-term prediction, explaining the limited/inconclusive coding
of its AI component [30].

Because most studies reported positive findings, the more dis-
criminating question is how mature the underlying technology and
evidence were. Each system was interpreted against sector-based
technology-readiness sources for health, care, digital, and pathway
innovations [65], [66], with digital-health evidence standards used
to frame evidence maturity separately [19]. In these sources, tech-
nology readiness levels (TRLs) describe how developed an inno-
vation is, from validation in relevant settings through small-scale
piloting, larger or operational evaluation, and routine adoption; for
digital and pathway innovations, TRLs are flexible and should be
interpreted in context [65], [66]. Because AI-XR systems combine
software and device components, TRL was treated as an indicator
of development and evaluation maturity, not of clinical effective-
ness or routine deployment.

The extracted TRL values concentrated in the middle of this
pathway (Table 4). TRL 6 was by far the most common level (27
studies, 65.9%). TRL 5 applied to three studies (7.3%) and TRL
7 to eleven studies (26.8%). No study reached the higher levels of
testing at scale with cost-effectiveness evaluation or routine adop-
tion into care pathways. Higher TRL did not automatically indi-
cate operational maturity: comparatively strong evaluations such
as the adaptive VR sports trial in adolescents with excess body
weight [62], colostomy-care monitoring with AR and deep learning
[63], and AI-3D-AR robotic prostatectomy [59] provided stronger
clinical-evaluation evidence than small pilots without demonstrat-
ing routine deployment. Cross-tabulating integration mode against
TRL (Table 5) shows that this maturity was not evenly shared across
architectures. Data-driven offline integration did not reach TRL 7,
remaining at TRL 5 and 6 only, while one-way integration (5 of
12 studies) and closed-loop integration (6 of 18) both progressed to
larger-cohort clinical testing. Evaluation maturity thus mirrored the
integration architecture: offline-modelling systems, concentrated in
mental health, have so far been evaluated mainly at the feasibility
stage. Surgical one-way guidance and rehabilitation closed-loop
systems more often advanced to larger clinical cohorts, although
none progressed beyond TRL 7.

These readiness differences can be read alongside the timing, ap-
plication domain, and scale of each study in a combined evidence
map (Figure 11), which plots every included study by publication
year and application domain, with bubble colour indicating inte-
gration mode and bubble size indicating the comparable human,
clinical-user, or patient-derived sample available for evaluation.

The map includes 39 studies with comparable sample-size val-
ues and excludes two with non-comparable units. Larger evalu-
ations tended to use controlled or randomised designs, including
the adolescent VR sports trial [62], colostomy monitoring [63], ex-
tracerebral tumour planning [58], and AI-3D-AR robotic prostate-

ctomy [59]. Several technically sophisticated systems, by contrast,
were tested only in small feasibility or case-based samples, such as
the speech neuroprosthesis with avatar control [51], lung segmen-
tectomy planning [44], and home-based phantom motor execution
[40]. Larger samples contributed to evidence strength but were not
sufficient on their own to establish maturity or general clinical ef-
fectiveness. Overall, the predominantly positive results rest on an
evidence base concentrated at real-setting piloting, unevenly scaled,
and not yet supported by routine-deployment evidence.

5 DISCUSSION

5.1 Principal findings

This review examined where and how the integration of AI with
AR and VR is approaching real-world impact in clinically relevant
medical applications. Three findings stand out. First, AI-XR inte-
gration is no longer speculative: it is being tested with patients, clin-
icians, and clinical data across a widening set of medical tasks, with
study volume rising sharply in 2025. Second, integration patterns
are shaped more by clinical tasks than by AI methods or display
hardware, meaning that the same broad technology label covers dif-
ferent forms of technical and clinical connection. Third, research
activity should not be mistaken for clinical maturity: reported out-
comes were almost uniformly positive, but the evidence remained
concentrated at small-scale piloting, heterogeneity prevented meta-
analysis, and no study reached testing at scale or routine adoption.
The following sections discuss how clinical tasks shape integration
architecture, why positive findings should be interpreted cautiously,
what ethical and practical challenges arise from combining AI with
immersive systems, and what these patterns imply for future AI-XR
healthcare research.

5.2 Integration is organised by the clinical task, not by
the technology

A central analytical result of this review is the separation of one-
way, data-driven offline and closed-loop integration, and the find-
ing that these modes followed the clinical task. Surgery favoured
one-way integration. AI reconstructed, segmented or registered
anatomy, and AR or VR then presented it for planning and nav-
igation [31], [44], [58]. A few surgical systems closed the loop,
but only where the overlay updated during the procedure itself
[36], [54]. Rehabilitation was dominated by closed-loop designs,
because movement, muscle activity and task performance can be
sensed continuously and used to adapt the task as the patient works
[35], [40], [64]. Mental-health studies more often used the immer-
sive environment to draw out behavioural, physiological or linguis-
tic data, which AI then analysed after the session [24], [30], [49].
The alluvial analysis made the point clearer. The same AI method
family appeared across several integration modes, so the architec-
ture of an AI-XR system reflects the logic of the clinical problem
more than the algorithm chosen to address it. This pattern is es-
tablished only in the domains with sufficient studies: surgery, re-
habilitation, and mental health. Diagnostics and public health each
contributed a single study, too few to support any claim about their
integration mode.

Surgery’s persistence in the one-way mode is worth noting.
Intra-operative decisions carry immediate risk, and a system that
allowed an AI model to alter guidance autonomously would face
safety and regulatory demands that few current tools can meet. The
cautious pattern observed here, in which AI prepares or registers in-
formation that a surgeon then interprets, may be appropriate rather
than a sign of immaturity. The case for moving surgery towards
closed-loop control needs to be made task by task.

This changes how the field should be read. The umbrella term
AI-XR covers systems that do very different things, from guid-
ing a surgeon’s hands, to scoring a stroke patient’s movement, to
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Table 4: Distribution of included studies across technology readiness levels (TRLs).

TRL Meaning in a health / digital health
context

Number of studies Percentage

TRL 5 Validated in a relevant environment
using human participant-related data,
but not directly evaluated with
human participants.

3 7.3%

TRL 6 A near-final prototype is tested in a
small cohort of human participants
for performance, usability, safety,
characterisation, and reproducibility.

27 65.9%

TRL 7 The system is tested in a larger
cohort of human participants, often
in a realistic clinical or operational
setting. Usability, safety, and
performance are closely monitored.

11 26.8%

Table 5: AI-XR integration mode by technology readiness level.

AI-XR integration mode TRL 5 TRL 6 TRL 7 Total

Closed-loop integration 1 11 6 18
One-way integration 1 6 5 12
Data-driven offline
integration

1 10 0 11

Total 3 27 11 41

Figure 11: Evidence map by year, application domain, integration mode (bubble colour), and sample size (bubble size, comparable human or
patient-derived counts where extractable).
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modelling a phobia from session data. Treating them as one cate-
gory obscures more than it clarifies. Earlier reviews that examined
AI and immersive technology separately, or studied their combina-
tion outside medicine [18] or within a single domain such as men-
tal health [22] or healthcare education [23], could not surface this
structure. Organising the evidence by integration mode and clini-
cal task gives a more faithful basis for comparison and for judging
where deeper, closed-loop integration is actually warranted rather
than only possible.

5.3 From positive signals to clinical impact
Set against the main question, the evidence is clinically oriented but
still some distance from demonstrated impact. The systems were
overwhelmingly patient-facing and clinician-facing, and 39 of 41
studies reported positive results. That near-uniformity is a reason
for caution rather than confidence. It is consistent with an early-
stage literature dominated by feasibility work, and with the famil-
iar tendency to publish favourable findings, and it sits awkwardly
beside the maturity data. Several studies coded as positive carried
more guarded detail beneath the headline, including non-significant
differences on secondary clinical outcomes [39], no advantage over
a simpler comparator [61], and weak longer-term prediction [30].
That detail disappears if the direction of a result is taken as proof of
benefit.

As in clinical AI more broadly [11], [12], strong technical per-
formance and promising pilots do not show that a system improves
care across real workflows, varied patients and sustained use. For
AI-XR, this gap is compounded by hardware dependence, cost, dis-
comfort and the difficulty of fitting real-time systems into clinical
routines. Current evidence therefore reports promise and feasibility
far more often than demonstrated effectiveness.

The evidence map pointed to a related issue about scale. The
larger evaluations clustered in a handful of controlled or ran-
domised studies [59], [62], [63]. Several of the most techni-
cally ambitious systems, including the speech neuroprosthesis with
avatar control [51] and home-based phantom motor execution [40],
were reported in only a few cases. Small samples are reasonable at
the proof-of-concept stage, but they limit what any single study can
claim.

5.4 Ethical, privacy, safety and accountability consider-
ations

Integrating AI with immersive technology raises concerns that are
sharper than those of either technology used on its own. Immer-
sive systems collect rich and often intimate data, including gaze,
movement, voice, physiological responses and behaviour during
exposure or therapy tasks, and AI converts these into clinical infer-
ences. The resulting record is more revealing than a conventional
one, yet questions of consent, storage and secondary use received
little attention in the included studies. Closed-loop systems con-
centrate the difficulty. When an AI component changes what a pa-
tient sees, or alters a surgical overlay in real time, responsibility
for an error becomes harder to divide among clinician, developer
and model. Interpretability and trust, already central to clinical AI
[11], grow more complicated when outputs are embedded in an im-
mersive scene that can feel seamless and therefore authoritative.
Access is a further concern. Reliance on headsets and specialised
hardware could widen disparities, although the same technology
can also narrow them, as in the use of VR to bring surgical exper-
tise to a low-income setting [27]. Systems that are at once software
and medical device sit awkwardly within existing regulatory cate-
gories, and the absence of any near-deployment study suggests that
safety monitoring and accountability arrangements for such hybrids
remain underdeveloped.

Two issues are specific to the immersive setting. Immersive ex-
periences can themselves cause harm, from cybersickness to the

distress of confronting feared stimuli during exposure, and the in-
cluded studies rarely reported how such effects were monitored
or managed. Many of the applications also involved vulnerable
groups, including children and patients with dementia, stroke or
serious mental illness, for whom comprehension, valid consent and
the persuasive force of immersive content are especially pressing.
Bias in the AI component compounds these risks, since a model
trained on narrow data may perform unevenly across the very pop-
ulations these systems are intended to serve.

5.5 Research trends and gaps in the current evidence

Two related trends shape the evidence base. The first is breadth. Af-
ter a stable volume from 2021 to 2024, study numbers rose sharply
in 2025, and the work moved well beyond its imaging-heavy sur-
gical origins into behavioural therapy, rehabilitation and supportive
care [27], [62], [63]. The second is depth. Closed-loop designs, in
which AI adapts the immersive experience in real time, were the
most common mode, and recent work has increasingly combined
several AI components or introduced generative and conversational
elements instead of relying on a single classifier. These develop-
ments suggest growing depth in AI-XR integration, in the sense
that the connection between AI and XR is becoming more dynamic,
multi-component, and embedded within clinical task environments.

Against this momentum, the limitations reported by the stud-
ies themselves were consistent. Most concerned scale and de-
sign: many studies were small, single-site, single-arm or non-
randomised, with short or absent follow-up [12], [30]. Recurring
technical and translational obstacles included hardware cost, reg-
istration error, latency, computational demand and manual setup,
leaving several systems closer to proof-of-concept than workflow-
ready tools [51], [54], [59]. Heterogeneous outcomes, positive-
result skew and uneven coverage of MR, hybrid AR/VR, diagnos-
tics, pathology, public health and multidisciplinary team use further
limited synthesis.

5.6 Implications for future research

These gaps point to a clear research agenda. The field needs larger,
controlled and externally validated studies that compare integrated
AI-XR systems against meaningful alternatives and report clinical
outcomes rather than technical metrics alone. Studies should also
report workflow behaviour, set-up burden, clinician acceptance,
cost and sustained use. Established reporting standards for early-
stage clinical AI [12] and digital-health evidence [19] would make
studies more comparable and temper positive-result bias.

There is also room to broaden the technology and the questions
asked of it. Mixed reality and generative or conversational AI are
likely to feature more prominently, and deserve rigorous evalua-
tion as they mature. The under-represented domains of diagnostics,
pathology and public health, along with multidisciplinary team use,
are obvious targets for new work. Because integration mode tracked
the clinical task, the most productive studies will be those that de-
sign the AI-XR connection around the task from the start, rather
than bolting immersion onto an AI tool, or analytics onto an im-
mersive one.

Standardised, patient-centred outcomes, cost reporting and
clearer disclosure of AI training and validation data would further
support comparison, adoption decisions and reproducibility.

5.7 Strengths and limitations of this review

The review has several strengths. It followed PRISMA, spanned
the full range of immersive modalities and a broad set of clinical
domains rather than a single specialty, and coded each system at
two levels: the AI method and the clinical function it served. This
kept the technical and clinical readings distinct. The integration tax-
onomy gave a consistent way to compare otherwise heterogeneous
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systems, and the synthesis was deliberately careful not to equate
positive reports with proven benefit.

Some limitations should temper its conclusions. Several cod-
ing decisions, particularly integration mode, evidence maturity and
technology readiness level, called for judgement. These were doc-
umented to support transparency, but a degree of subjectivity re-
mains. The heterogeneity of designs, outcomes and sample units,
together with the strong skew towards positive results, made meta-
analysis inappropriate and confined the review to structured nar-
rative and visual synthesis. These constraints bound how far the
findings can be generalised, and they are themselves a reminder of
how early this field still is.

6 CONCLUSION

This PRISMA-guided systematic review of 41 clinically relevant
empirical studies set out to clarify where and how the integration
of AI with AR, VR and MR is approaching real-world impact in
medicine. Three findings stand out. First, AI-XR integration has
moved beyond proof-of-principle, and is now being evaluated with
patients, clinicians and clinical data across a widening set of appli-
cations. Second, the way the two technologies connect is governed
by the clinical task, not by the AI method family or the display hard-
ware, so the umbrella label AI-XR integration in fact covers struc-
turally distinct architectures. The integration-mode taxonomy used
here gives a more faithful basis for comparison than technology-
centred groupings. Third, activity should not be mistaken for ma-
turity. Reported outcomes were almost uniformly positive, but the
evidence concentrated at small-scale piloting, and no study reached
testing at scale or routine adoption.

The implications are clear. Future work should move beyond
feasibility through larger, controlled and externally validated stud-
ies that report clinical rather than purely technical outcomes, and
that treat sustained use within real workflows as an outcome in its
own right. Greater transparency about AI components and their
training data, attention to under-represented modalities and do-
mains, and clearer arrangements for consent, accountability and
equitable access will all be needed. AI-XR is trending towards clin-
ical impact in a few well-suited areas, but closing the gap between
promise and durable, deployable benefit, rather than expanding the
catalogue of pilots, is the central task for the next phase of this field.
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