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ABSTRACT: This paper provides a thorough, systematic review of explainable, context-sensitive Artificial Intelligence
(AI) and Digital Twin (DT) technologies in healthcare, emphasizing their potential to transform the medical system
into an intelligent, patient-centred system of care. The PRISMA framework helped identify 1842 records from the
largest scientific databases, of which 97 high-quality studies were selected for a comprehensive analysis. The review
analyses in detail the development of AI from traditional machine learning to modern deep learning and generative
models with a focus on their use in disease diagnosis and predictive analytics, personalized medicine, and healthcare
management. One of the priorities is the incorporation of Explainable Al (XAI), which tackles the significant issue
of the black-box character of AI by making it more transparent, interpretable, and trusted by the clinical decision-
making process. In addition, the paper examines how DT technology can be used to produce dynamic virtual models
of patients and healthcare systems that can be monitored in real time, simulated, and analyzed to predict outcomes. An
alternative, multi-layered taxonomy is proposed to bring together AI, XAI, DTs, and other emerging technologies, such
as Internet of Things (IoT) and federated learning, within a unified, context-specific healthcare framework. The results
show that although these technologies greatly enhance diagnostic accuracy, operational efficiency, and personalized
care, difficulties such as data privacy concerns, model bias, lack of standardization, and high computational complexity
prevent their adoption. The review finds significant research gaps, especially the lack of unified architectures, real-time
explainability, and large-scale clinical validation. The work provides a systematic basis for future studies by describing
the major challenges, innovation opportunities, and strategic paths to create integrated, understandable, and scalable
intelligent healthcare ecosystems.
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1 Introduction

Artificial Intelligence (AI) has emerged as a transformative technology in modern healthcare, enabling
data-driven decision-making, improving diagnostic accuracy, and enhancing patient outcomes [1]. With the
rapid growth of digital health data—originating from electronic health records (EHRs), medical imaging,
wearable devices, and Internet of Things (IoT) based monitoring systems—AI techniques such as machine
learning (ML) and deep learning (DL) have become essential tools for extracting meaningful insights and
supporting clinical decision-making [2]. These advancements have significantly improved disease detection,
treatment planning, and healthcare management processes, ultimately contributing to more efficient and
personalized care delivery [3,4].

In addition to improving clinical performance, Al has demonstrated its potential to optimize healthcare
operations, enhance emergency response systems, and support strategic decision-making [5]. Recent studies
highlight that AI-driven systems can assist healthcare professionals by automating routine tasks, analyzing
complex datasets, and providing predictive insights that enable early intervention and improved patient
outcomes. However, despite these benefits, the adoption of Al in healthcare remains limited due to concerns
regarding transparency, trust, and interpretability [6].

A major challenge associated with Al systems, particularly deep learning models, is their “black-box”
nature, which makes it difficult for clinicians to understand how decisions are generated. In high-stakes
domains such as healthcare [7], where accountability and reliability are critical, the lack of explainability
poses significant risks. To address this issue, Explainable Artificial Intelligence (XAI) has emerged as a
promising approach to enhance transparency, interpretability, and trust in AI systems [8]. XAI techniques
provide insights into model behaviour, enabling clinicians to validate predictions and make informed
decisions [9].

Furthermore, the integration of emerging technologies such as Digital Twins (DTs), IoT, and federated
learning (FL) is reshaping the landscape of healthcare systems [10]. DT technology, in particular, enables
the creation of virtual representations of patients or healthcare processes, allowing real-time monitoring,
simulation, and predictive analysis. When combined with AI, DTs offer new opportunities for personalized
medicine, early diagnosis, and proactive healthcare management [11].

Despite these advancements, several challenges remain, including data privacy concerns, model bias,
lack of standardization [12], and difficulties in integrating AI systems into clinical workflows [13,14]. More-
over, the need for context-aware and interpretable Al systems is becoming increasingly important to ensure
safe and effective deployment in real-world healthcare environments [15-17]. Therefore, this paper presents
a systematic review of explainable [18] and context-aware Al and DT technologies in healthcare [19]. The
study aims to provide a comprehensive overview of current advancements, categorize existing approaches,
identify key challenges [20], and highlight future research directions [19]. By integrating insights from recent
literature, this work contributes to a deeper understanding of how explainable and context-aware Al can
enhance the reliability, transparency, and effectiveness of next-generation healthcare systems [20].

To critically analyze existing research, a comparative evaluation of prior studies is conducted along key
dimensions [20-22], including Al use, XAI, DT integration, context-awareness, real-time capability, and
system-level integration [23,24]. This analysis highlights the limitations of current approaches and identifies
gaps in achieving a unified, intelligent healthcare framework [25-27]. The comparison also emphasizes
the unique contribution of the proposed study, which integrates AI, XAI, and DT technologies into a
comprehensive, context-aware system.

The proposed framework is organized into three interconnected layers: research foundation, core
analysis, and outcome-driven insights, as illustrated in Fig. 1.
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Figure 1: Layered framework of artificial intelligence and digital twin.

A comparative evaluation of existing studies is conducted to identify research gaps and highlight the
novelty of the proposed framework. The comparison is presented in Table 1. The evolution of Al technologies
and their corresponding healthcare applications is summarized in Table 2.

Table 1: Comparative analysis of existing surveys and the proposed review.

Digital Context-Aware Evidence Taxonomy/ Research

Ref.  Review Focus Al XAI Twin Intelligence  Synthesis Framework Insights* Key Contribution
Alin Al-driven healthcare
[1] healthcare v X X X v X v management and
management decision support
Alin Al methodologies,
2] healthcare X X X v X v benefits, and challenges

Al applications Clinical applications of

] in healthcare o x X X X X v Al
. Explainability
(4] E.xplalnable Al S v X X v/ X v/ techniques and
in healthcare
challenges
N Predictive Al in Predictive AI models

S healthcare o X X X v X v for healthcare

Al evolution in Evolution and trends of
(] healthcare o X X X X X v Al

Patient-centred Human-centred
7] Al X X X X X v healthcare applications

(Continued)
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Table 1 (continued)

Digital Context-Aware Evidence Taxonomy/ Research

Ref. Review Focus AI XAI Key Contribution

Twin Intelligence  Synthesis Framework Insights*
Al-enabled Healthcare service
(8] healthcare VAR 4 X X X X v o
delivery applications
Al in medical Al for medical affairs
Q
& affairs X X X X X v and operations
Machine Machine learning
[10] learning in v X X X v X v techniques and
healthcare evaluation
Comprehensive
evidence-based review
. integrating Al, XAl
CEofzI; ézlzjfvl;’re Digital Twin, Federated
Our Al and Divital v (Multi- Learning, context-aware
Review Twing v 7/ v v v layer v intelligence,
Technologies in Taxonomy) quantitative evidence
Heal thfare synthesis, taxonomy,

research gaps, and
future research
roadmap.

Note: *Research Insights: Includes discussion of research gaps, challenges, limitations, and future research directions.
Legend: v = Explicitly addressed; X = Not explicitly addressed. Table Note: AI = Artificial Intelligence; XAI = Explain-
able Artificial Intelligence; Digital Twin = Virtual representation of a physical patient, device, or healthcare system
for monitoring, simulation, or decision support; Context-Aware Intelligence = Al that incorporates patient, clinical,
environmental, or temporal context into decision-making; Evidence Synthesis = Structured qualitative and/or quantitative
synthesis of the reviewed studies; Taxonomy/Framework = A proposed classification scheme or conceptual framework.

Table 2: Literature-based thematic analysis.

Research . Technologies Real-World  Challenges
Theme Focus Al Role Key Findings Used Impact Identified
Quality Diagnosis & Automation  Improved accuracy . Better care Ethical &
: & & patient ML, DL [2,7] ] trust
Assurance patient care quality [2] ,
support [20] engagement concerns [14]
COVID-19  Monitoring & Crisis Faster diagnosis & . Pandemic Privacy &
i . Al + Big Data .
Response prediction management prediction [21,28,29] control [21] data issues
Technological System . Efficiency Wo.rkfllow Integration
: . Automation - AL IoT optimiza- )
Innovation  improvement improvement 7,22 tion [21] complexity
Security & . .
Smart Data Intelligent Secure healthcare Al + Data Cybersecurity
Systems protection systems systems [25,26] Blockchain  integrity [25] risks [26]
Resource Hospital Optimization Resource AL Analytics Cost Interoperability

Management  operations efficiency [21] reduction [21]  issues [25]

This study is guided by the following research questions to systematically investigate the role of AI, XAl,
and DT technologies in healthcare:
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«  RQI: What are the key characteristics and limitations of AI, XAI, and DT technologies in healthcare?
«  RQ2: What are the major application areas and their impact on healthcare outcomes?

«  RQ3: How can these technologies be integrated into a unified, context-aware healthcare framework?
«  RQ4: What challenges and limitations affect their real-world adoption?

«  RQ5: What research gaps and future directions exist for advancing intelligent healthcare systems?

o RQ6: What trends and performance insights can be derived from existing literature?

The remainder of this paper is organized as follows. Section 2 presents the background on AI, XAI, DTs,
emerging technologies, and the associated challenges and research gaps in healthcare. Section 3 describes
the PRISMA-based systematic review methodology, including the search strategy, study selection process,
data extraction, evidence synthesis, and quality assessment. Section 4 presents the proposed taxonomy of
explainable, context-aware AI and Digital Twin technologies. Section 5 discusses the major applications
of Al, XAI, and Digital Twins in healthcare and provides evidence-based insights, comparative analyses,
and emerging research trends. Section 6 presents the integration of Al and Digital Twin technologies
within a unified context-aware healthcare ecosystem. Section 7 discusses the key challenges, research gaps,
limitations, and future research opportunities. Finally, Section 8 concludes the paper by summarizing the
major findings and outlining future directions for developing intelligent, trustworthy, and patient-centric
healthcare systems.

The major contributions of this study are summarized as follows:

1. A comprehensive PRISMA-based systematic review of 97 high-quality studies on explainable, context-
aware Al and Digital Twin (DT) technologies in healthcare, providing a systematic overview of recent
advancements and applications.

2. A unified multi-layer taxonomy integrating AI, XAI, DTs, the IoT, FL, and Generative Al into a context-
aware healthcare framework.

3. An evidence-based synthesis of technological trends, explainability techniques, validation strategies,
and emerging healthcare applications to provide a comprehensive understanding of the current
research landscape.

4. A comprehensive comparative analysis of existing Al, XAI, and DT approaches based on functionality,
interpretability, scalability, interoperability, and clinical applicability.

5. Identification of key research gaps and deployment challenges, including real-time explainability,
interoperability, scalability, data privacy, and large-scale clinical validation.

6. A future research roadmap outlining promising directions for developing scalable, trustworthy, explain-
able, and patient-centric intelligent healthcare ecosystems.

Research Questions

This study is systematically structured to address the defined research questions through dedicated
sections, supported by detailed analysis, comparative tables, and evidence-based discussion. The alignment
between the research questions and the corresponding sections ensures clarity, traceability, and a logical flow
throughout the study.

- RAQI (Technology Understanding): TI, XAl, and Digital Twin (DT) technologies are comprehensively
discussed in Section 2 (Background). Table 3 presents the evolution of AI technologies and their
progression toward emerging applications involving Generative Al and Digital Twins, while Table 4
summarizes the key challenges and limitations associated with AI, XAI, and DT technologies. Together,
these discussions provide a foundational understanding of the capabilities, applications, challenges, and
limitations of the technologies considered in this study.
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- RQ2 (Applications): The major healthcare applications of AI, XAI, and DT technologies and their
impact on clinical outcomes and healthcare system efficiency are addressed in Section 5 (Applications
of Explainable, Context-Aware AI and Digital Twin in Healthcare). This section examines disease
diagnosis, clinical decision support, predictive analytics, personalized medicine, remote monitoring,
drug discovery, smart hospitals, and other application domains, supported by Section 5.

- RQ3 (Integration): The integration of AI, XAI, and DT technologies into a unified, context-aware
healthcare ecosystem is presented in Section 4 (Taxonomy of Explainable, Context-Aware Al and Digital
Twin in Healthcare) and further elaborated in Section 6 (Integration of AI and Digital Twin). These
sections describe the proposed taxonomy, system architecture, interrelationships among technologies,
and integrated healthcare framework, supported by Sections 4.6 and 4.7.

- RQ4 (Challenges): The key technical, ethical, operational, and infrastructural challenges affecting the
adoption of Al, XAI, and DT technologies are discussed in Section 7 (Challenges and Limitations). This
includes issues related to explainability, privacy, interoperability, scalability, computational complexity,
and bias, supported by the multi-layer analysis.

- RQ5 (Research Gaps): Existing research gaps, limitations, and future research opportunities are
identified in Section 71 (Research Gaps, Challenges, and Future Opportunities). Section 7.1 presents
a comprehensive mapping of current progress, research gaps, innovation opportunities, and future
directions.

- RQ6 (Evaluation & Trends): Quantitative evidence synthesis, performance trends, and evidence-
based insights from the included studies are presented in Section 5.11 (Evidence-Based Insights and
Trends). This section analyzes dominant Al techniques, healthcare applications, explainability methods,
validation strategies, and emerging research directions, supported by Sections 5.10 and 5.11.

Fig. 2 illustrates the study’s layered structure, organized into three interconnected levels. The Research
Foundation layer establishes the basis of the study through the introduction, background, and systematic
methodology. The Core Analysis layer presents the main contributions, including taxonomy development,
application analysis, and evidence-based insights. It highlights the integration of AI, XAI, and DT technolo-
gies within a unified healthcare ecosystem. The Outcomes and Implications layer summarizes key challenges,
identifies research gaps, and outlines future research directions. This layered representation demonstrates
the progression from foundational concepts to analytical contributions and ultimately to practical insights
and future opportunities in intelligent healthcare systems.

Unlike existing survey articles that primarily focus on individual aspects such as AI, Explainable
Al, or Digital Twins, this review presents a unified and evidence-driven perspective by integrating these
technologies within a context-aware healthcare ecosystem. The novelty of this work lies in four key aspects:
(i) the development of a comprehensive multi-layer taxonomy that jointly incorporates Al, XAI, Digital
Twins, IoT, Federated Learning, and Generative Al; (ii) an evidence-based synthesis of 97 systematically
selected studies to identify technological trends, validation strategies, and explainability mechanisms; (iii) a
comparative analysis that reveals current research gaps, limitations, and integration challenges across intel-
ligent healthcare systems; and (iv) a future research roadmap that highlights opportunities for developing
scalable, trustworthy, and patient-centric healthcare solutions. These contributions distinguish this review
from existing surveys that typically address these technologies independently rather than as components of
an integrated intelligent healthcare framework.
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Figure 2: Conceptual structure of the proposed systematic review framework.

2 Background
2.1 Al in Healthcare

AT has become one of the most impactful innovations in modern healthcare, fundamentally changing
the way clinicians diagnose, treat, and manage patients [28,29]. This integration of ML, DL, and natural
language processing (NLP) into clinical processes has led to unprecedented improvements in personalized
medicine, early disease diagnosis, and operational efficiency throughout the healthcare continuum [30,31].

Convolutional neural networks (CNNs) are DL models that have demonstrated high performance in
medical image analysis and disease detection. They have been applied to conditions such as diabetic retinopa-
thy, skin cancer, and pulmonary abnormalities, where automated feature extraction can assist clinicians
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in identifying disease-related patterns [32-34]. The ability of CNN-based models to learn discriminative
features directly from medical images has contributed to their widespread adoption in diagnostic imaging.

Beyond conventional DL approaches, transformer-based architectures have increasingly been inves-
tigated for healthcare applications. These models can capture long-range dependencies in clinical and
multimodal data, making them suitable for tasks such as clinical text analysis and decision support [35]. Large
language models (LLMs) further extend these capabilities by facilitating the synthesis of patient information,
extraction of clinically relevant knowledge, and generation of treatment-related recommendations. However,
their use in clinical settings requires careful consideration of reliability, factual consistency, and clinical
validation. AI has also become an important component of predictive healthcare and clinical decision
support systems (CDSS). Machine learning and DL techniques have been used for risk prediction, disease
classification, prognosis estimation, and treatment support [36,37]. These approaches can assist healthcare
professionals by identifying patterns that may be difficult to detect through conventional statistical or
manual analysis.

Another important application is continuous patient monitoring. AI-enabled systems can analyze EHRs
and data obtained from wearable devices to support early detection and longitudinal assessment of health
conditions [38,39]. Such systems can facilitate the identification of changes in physiological parameters and
provide timely alerts for potential health risks. AI-based approaches have also contributed to personalized
healthcare by supporting patient-specific risk assessment and treatment planning [40,41]. By integrating
heterogeneous clinical information, these approaches can potentially improve the selection and adaptation of
interventions according to individual patient characteristics. Nevertheless, challenges related to data quality,
interoperability, model generalizability, privacy, and interpretability remain important barriers to clinical
deployment [42,43]. The development of Al technologies and their mapping to healthcare applications
are presented chronologically in Table 3. The table illustrates the progression from early rule-based Al
and expert systems to machine learning and deep learning, followed by emerging Generative Al and DT-
enabled healthcare applications. This progression reflects the increasing sophistication of Al systems, from
predefined rule-based decision processes toward data-driven learning, multimodal reasoning, simulation,
and personalized healthcare.

Table 3: Al evolution & application mapping.

Era Technology Key Development Healthcare Application Impact
1950s-1970s Rule-based Al Turing test, early systems Diagnosis support Concept stage [7,19]
1980s-2000s Expert systems Clinical decision tools Diagnosis aid Limited use [2,21]

2000-2015 ML models Data-driven Al Prediction Growth [10,25]
2015-Present Deep Learning CNN, NLP, LLMs Imaging, CDSS High impact [4,9,27
Future Generative Al + DT Simulation systems Personalized care Transformational [41,42]

2.2 Explainable Artificial Intelligence (XAI)

With the growing role of Al systems in clinical settings, transparency, interpretability, and accountability
are now essential demands [44]. XAl is a response to this requirement, as it offers ways to understand
AT model decisions, with clinicians, patients, and regulatory authorities in mind. Interpretability in the
healthcare industry is not only favourable but also mandatory, as Al-based decision-making can directly
affect patient safety and the success of their treatment [45]. For example, predictive models designed to
estimate sepsis risk should not only provide accurate predictions but should also indicate how individual
clinical variables contributed to the model’s prediction. In the absence of such clarifications, clinicians might
not be convinced to accept or embrace Al-guided recommendations. XAl is understood as the provision of
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explanations for traditional black-box models at various levels, such as feature importance, local decision
explanations, and visual interpretations of model behavior. Various methods have been developed to achieve
explainability. In parallel, Digital Twin technologies have been explored for healthcare applications, including
remote surgery and medical-device management [46,47]. Digital Twin frameworks have also been integrated
with deep learning for medical image analysis [48], while trust-oriented approaches have been investigated
to improve the reliability of Digital Twin-enabled medical devices [49].

In contrast, others are model-agnostic, such as SHAP and LIME, which can explain complex models
without altering their structure [4,28]. Moreover, visualization techniques such as Grad-CAM are commonly
used in medical imaging to highlight areas of interest that affect predictions. Recent directions from 2022
to 2025 have increasingly focused on integrating heterogeneous and multimodal healthcare data, including
medical imaging, electronic health records, and multi-sensor data [50]. Digital Twin technologies have also
been explored to support smart hospital operations and healthcare system management [51]. In addition,
Al-enabled Digital Twin systems have been investigated for computational resource management and task
offloading in healthcare environments [52]. These developments are particularly relevant to healthcare
because clinical decisions often depend on the integration of heterogeneous data sources rather than a single
modality. Consequently, multimodal XAI can improve the transparency and interpretability of complex Al
systems while supporting more informed clinical decision-making.

Table 4: Challenges and research issues.

Category Issue Impact Affected Technology Research Gap
Data Privacy Sensitive data exposure [14,25]  Low adoption Al IoT Secure frameworks [25,26]
Interpretability ~ Black-box models [4,27] Low trust Al Better XAI methods [4]
Integration System compatibility [43]  Deployment issues DT, IoT Standardization [26]
Bias Imbalanced datasets [10] ~ Wrong predictions Al Fair Al models [33]
Scalability Large data handling [46]  Performance issues DT Efficient architectures [46]
Regulation Lack of standards [15] Slow adoption All Policy frameworks [38]

2.3 Digital Twin

DT technology is a radically new approach to healthcare because it enables the creation of dynamic,
constantly changing virtual models of patients, organs, or healthcare systems. In contrast to traditional static
models [53], Digital Twins combine real-time data from a variety of sources, including wearable devices,
medical imaging, genomic databases, and electronic health records [54]. This ongoing data integration
enables Digital Twins to emulate physiological processes and accurately forecast future health outcomes [55].
A personalized computational model that corresponds to a patient’s state and evolves with it can be
considered a healthcare DT [56]. This capability enables clinicians to implement various treatment strategies
in a virtual setting and analyze them before applying them in clinical settings, thereby mitigating risks
and improving outcomes [57,58]. The current DT solutions consist of a set of integrated layers that enable
gathering data, communication, processing, and simulation. These architectures use modern technologies
such as edge and cloud computing for real-time data processing, federated learning to train privacy-
protecting models [59], and blockchain to manage data securely. The interpretability of DT predictions can be
further increased by employing explainable Al, thereby making the predictions more trustworthy in clinical
applications. Although it can bring a revolution in healthcare, DT technology is not without challenges, such
as high computational demands, non-interoperability among different healthcare systems [60], privacy of
patient information, and insufficient clinical validation. Moreover, a lack of unified structures and regulatory
mechanisms continues to impede widespread adoption [61].
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2.4 Latest Technologies

The interplay between AI and new technologies that enhance the intelligence, scalability, and efficiency
of healthcare systems is increasingly popular in recent developments in the field [62]. One of these is
Generative Al, which has received significant attention for generating synthetic medical data, automating
clinical documentation, and facilitating complex decision-making. Large language models and generative
models can handle vast amounts of medical information, enabling improvements in diagnosis, treatment
planning, and patient communication. Moreover, the models are used in drug discovery and biological
simulation, further enhancing innovation in medicine. Combining the Internet of Things with Al has enabled
uninterrupted, real-time protection of patient health. Activated by Al algorithms, wearable devices and
smart medical equipment will capture physiological data (including heart rate, glucose levels, and oxygen
saturation), which are used to identify abnormalities and initiate early interventions. This combination of
IoT and Al can help create a smart healthcare environment and improve remote patient care. Federated
learning has proven to be an important solution for data privacy in healthcare. Compared with traditional
centralized models, federated learning enables multiple institutions to collaboratively train AI models
without exchanging raw patient data. Such a solution not only ensures compliance with data protection rules
but also enhances the model’s robustness by using a variety of datasets. The intersection of Generative Al,
IoT, and Federated Learning is a major contributor to the development of advanced healthcare systems,
including Digital Twins and smart clinical decision-support systems. Al-enabled Digital Twins have also
been explored in healthcare, including applications in cancer care and medical-device management [63,64].
These technologies contribute to the shift towards proactive, predictive, and personalized medical systems
rather than reactive healthcare. Al-based approaches have demonstrated potential for improving disease
diagnosis and clinical assessment, including cancer diagnosis and the diagnosis of venous diseases [65,66].

2.5 Challenges and Research Gaps

Although AlI-based healthcare has driven some of the fastest technological advances, several essential
issues still limit its widespread implementation and practical use. These issues stem from technical, ethical,
and regulatory complexities that must be addressed to implement them safely and effectively [66]. Data
privacy issues, inability to interpret, system integration challenges, dataset bias, scalability, and regulatory
ambiguities remain noteworthy impediments. Table 4 summarises all these challenges, including their effects
on healthcare systems, the technologies involved, and the research gaps [54]. Based on this table, it is
necessary to create secure environments, enhance explainability, improve interoperability, build fairness into
Al models, architect intelligent scaling, and implement robust policy principles [65].

The above discussion provides a comprehensive understanding of the characteristics, capabilities, and
limitations of AI, XAI, and DT technologies in healthcare, thereby addressing the first research question

(RQL).

3 Methodology (PRISMA)

This study adopts the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA
2020) framework to ensure a systematic, transparent, and reproducible literature review process. The review
methodology was designed to identify, evaluate, and synthesise existing research on explainable, context-
aware Al and Digital Twin technologies in healthcare. In addition, a PRISMA-guided screening and quality
assessment process was implemented to minimise selection bias and improve methodological rigour.
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3.1 Search Strategy

A comprehensive literature search was conducted across multiple well-established scientific databases,
including Scopus, Web of Science, IEEE Xplore, PubMed, and ScienceDirect, to identify relevant peer-
reviewed studies. The search was limited to publications from 2019 to 2026 to capture the most recent
advancements in AI, XAI, and DT technologies.

We developed a structured search strategy using Boolean operators and keyword combinations. The
primary search query was defined as: (“Artificial Intelligence” OR “Machine Learning” OR “Deep Learning”)
AND (“Healthcare” OR “Medical” OR “Clinical”) AND (“Explainable AI” OR “XAI” OR “Interpretability”) AND
(“Digital Twin” OR “Smart Healthcare” OR “IoT”) AND (“Federated Learning” OR “Privacy-preserving AI”).

To broaden coverage, we added keywords such as predictive analytics, clinical decision support systems,
remote monitoring, generative AI, and personalised medicine. The literature search was conducted between
January 2025 and February 2026. The final search update was performed on 28 January 2026 to include the
most recent studies.

Database-Wise Search Results

Two reviewers independently conducted the search and screening process to improve consistency and
minimize selection bias. We removed duplicate records before screening using Zotero reference management
software. We then screened titles and abstracts, followed by full-text eligibility assessment, according to the
predefined PRISMA inclusion and exclusion criteria. Reviewers resolved disagreements through discussion
and consensus. Table 5 presents the database-wise search results and final study selection, while Table 6
summarises the publisher-wise distribution of included studies.

Table 5: Database-wise search results and final study selection based on the PRISMA-guided screening process.

Database Search String Used Records Retrieved Final Included
Scopus AI AND XAI AND Digital Twin AND Healthcare 620 35
Web of Science Same adapted query 410 21
IEEE Xplore AT healthcare XAI DT 320 18
PubMed Explainable AI healthcare 280 15
ScienceDirect Digital Twin healthcare 212 8
Total — 1842 97

Table 6: Publisher-wise distribution of the final included studies.

Publisher Search Date Final Included Studies = Percentage (%)
Elsevier January 2026 26 26.80
IEEE (IEEE Xplore) January 2026 17 17.53
Springer Nature* January 2026 15 15.46
MDPI January 2026 13 13.40
Frontiers January 2026 7 7.22
Wiley January 2026 6 6.19
ACM Digital Library January 2026 3 3.09
Taylor & Francis January 2026 3 3.09
BM]J Group January 2026 2 2.06

(Continued)
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Table 6 (continued)

Publisher Search Date Final Included Studies Percentage (%)
Other Peer-reviewed Publishers** January 2026 5 5.15
Total 97 100.00

Note: *Includes Nature Medicine, npj Digital Medicine, Scientific Reports, Nature Reviews, and other Springer Nature
journals. **Includes journals published by SAGE, OUP, I0S Press, Cureus, Prometheus, and other publishers with
fewer than three included studies. Peer-reviewed journal articles and full-length peer-reviewed conference papers
were included. Conference abstracts, posters, and short communications without complete methodological details
were excluded. The search syntax was adapted to each database’s indexing structure and query requirements to ensure
comprehensive retrieval of relevant studies. In addition to database searching, backward reference snowballing was
performed on selected studies to minimize the possibility of excluding relevant literature.

3.2 Inclusion and Exclusion Criteria

To ensure the selection of relevant and high-quality studies, predefined inclusion and exclusion criteria

were applied.

Inclusion Criteria

Peer-reviewed journal articles and conference papers

Studies related to AI, XAI, Digital Twin, or healthcare technologies
Publications between 2019-2026

Articles written in English

Studies focusing on applications, models, or frameworks in healthcare

Exclusion Criteria

Studies not related to artificial intelligence, XAI, Digital Twin technologies, or healthcare applications.
Publications outside the predefined study period (2019-2026), except for seminal studies cited only for
background discussion and not included in the systematic synthesis.

Non-peer-reviewed literature, including editorials, opinion articles, letters, blogs, technical reports,
dissertations, white papers, and preprints.

Duplicate records identified across multiple databases.

Studies with unavailable or incomplete full-text articles.

Publications lacking sufficient methodological, experimental, or validation details to support evi-
dence synthesis.

Studies not published in the English language.

Studies that failed to satisfy the predefined quality assessment threshold.

Review articles, systematic reviews, meta-analyses, book chapters, and conference abstracts that did not
provide primary research evidence.

Studies with insufficient information regarding datasets, AI methodology, evaluation metrics, or
clinical validation.

Table 7 summarizes the reasons for excluding studies during the full-text eligibility assessment con-

ducted in accordance with the predefined inclusion, exclusion, and quality assessment criteria of the

PRISMA-guided review process.
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Table 7: Reasons for full-text exclusion during the prisma eligibility assessment.

Full-Text Exclusion Reason Numb.er of
Studies

Not directly related to AI, XAlI, Digital Twin, or healthcare applications 102
Insufficient methodological or experimental details 58
Review articles, editorials, opinion papers, or non-primary studies 49
Incomplete or unavailable full-text records 21
Insufficient information regarding datasets, validation strategies, or evaluation metrics 47
Failed quality assessment threshold (<5/10) 38
Total Excluded 315

3.3 Study Selection Process (PRISMA Flow)

The study selection process was conducted in four stages: identification, screening, eligibility, and
inclusion in accordance with PRISMA guidelines.

1. Identification: 1842 records were retrieved from the selected databases using the defined search strategy.

2. Duplicate Removal: After removing duplicate entries, 1326 unique records remained.

3. Screening: Titles and abstracts were reviewed to assess relevance, resulting in 412 studies shortlisted for
tull-text evaluation.

4. Eligibility: Full-text analysis was conducted according to the inclusion and exclusion criteria, resulting
in the selection of 97 high-quality studies.

5. Inclusion: These 97 studies were included in the final qualitative synthesis of this systematic review.

The PRISMA-based study selection process, including identification, screening, eligibility, and inclusion
phases, is presented in Fig. 3.

3.4 Data Extraction and Analysis

A structured data extraction protocol was followed to ensure consistency and reliability. The following
key attributes were extracted from each selected study:

- Study objectives and contributions

- Al techniques and models (ML, DL, XA, etc.)

- Application domain (diagnosis, prediction, Digital Twin, etc.)
- Data sources (EHR, imaging, IoT, wearable data)

- Evaluation metrics (accuracy, precision, recall, AUROC)

- Key findings, limitations, and future directions

The extracted data were systematically categorized into five predefined thematic areas: Explainable Al,
predictive healthcare analytics, Digital Twin systems, context-aware intelligence, and emerging healthcare
technologies. This categorization enabled comparative analysis, trend identification, and the recognition of
research gaps. A standardized data extraction form was developed in Microsoft Excel to ensure consistency
across reviewers. Two reviewers independently extracted bibliographic information, study objectives, Al
techniques, explainability methods, Digital Twin implementation, healthcare application domain, datasets,
validation strategies, evaluation metrics, key findings, limitations, and future research directions. Any
discrepancies between reviewers were resolved through discussion and consensus before the final dataset
was established.
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Identification of studies via databases
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irrelevant content (n = 33)

Reports not retrieved(n = 0)

Reports excluded (n = 315):

* Not directly related to Al, XAl, Digital Twin, or
healthcare applications (n = 102)

« Insufficient methodological or experimental details (n
=58)

* Review articles, editorials, opinion papers, or other
non-primary studies (n = 49)

* Incomplete or unavailable full-text records (n = 21)

« Insufficient information regarding datasets, validation
strategies, or evaluation metrics (n = 47)

* Failed quality assessment threshold (<5/10) (n = 38)

Figure 3: PRISMA framework.

The extracted data were systematically categorized into five predefined thematic areas: Explainable A,
predictive healthcare analytics, Digital Twin systems, context-aware intelligence, and emerging healthcare
technologies. This thematic organization provided a consistent framework for comparative analysis, trend

identification, and systematic recognition of current research gaps.

Evidence Synthesis Methodology

Following data extraction, qualitative thematic analysis was conducted to synthesize evidence across the
included studies. Each study was coded according to AI technique, explainability mechanism, Digital Twin
implementation, healthcare application, validation strategy, reported limitations, and emerging technologies.
Frequency analysis was then performed to identify dominant trends, while comparative synthesis was used

to construct evidence-based summary tables and identify research gaps.
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3.5 Quality Assessment

To ensure the reliability, validity, and methodological rigor of the selected studies, a structured quality
assessment protocol was adopted. The quality assessment criteria, adapted from established healthcare AI
systematic review methodologies, are presented in Table 8. The assessment focused on methodological
transparency, validation strength, explainability assessment, reproducibility, and clinical relevance. Each
criterion was scored on a scale of 0-2, where 0 indicates poor quality or absence of evidence, 1 indicates
partial compliance, and 2 indicates strong compliance. The maximum achievable score for each study was 10.

Table 8: Quality assessment criteria and scoring framework.

Quality Criterion Description Score Values
Methodological clarity C.lear description of res.earc.h 0 = unclear, 1 = partially clear,
design, workflow, and objectives 2 = fully clear

Use of benchmark datasets,
Experimental validation comparative analysis, or validation
metrics

0 = absent, 1 = limited validation,
2 = comprehensive validation

0 = no XAI evaluation,
1 = partial/basic XAlI, 2 = detailed
explainability analysis

Inclusion of XAI techniques or

Explainability evaluation _ o
interpretability assessment

Availability of dataset information, 0 = insufficient details, 1 = partial
Reproducibility model configuration, and reproducibility, 2 = fully
implementation transparency reproducible
Applicability and significance in 0 = low relevance, 1 = moderate
Clinical relevance real-world healthcare or clinical relevance, 2 = high clinical
environments relevance

Studies scoring below 5/10 were excluded from the final synthesis. Two independent reviewers per-
formed study screening, data extraction, and quality assessment to minimize selection bias and improve
assessment reliability. Initial inter-reviewer agreement exceeded 90%, and any disagreements were resolved
through discussion until consensus was achieved. Each included study was evaluated using the five quality
criteria presented in Table 8, with individual criterion scores summed to obtain an overall quality score
ranging from 0 to 10. Based on the total score, studies were categorized as Excellent (9-10), Good (7-
8), or Acceptable (5-6). The quality assessment identified 31 studies (31.96%) as Excellent, 42 (43.30%) as
Good, and 24 (24.74%) as Acceptable. Most selected studies demonstrated strong methodological rigor and
high clinical relevance, particularly in disease diagnosis, predictive analytics, and personalized healthcare
applications. However, several studies exhibited limitations in external validation, explainability assessment,
and reproducibility, highlighting ongoing challenges in healthcare Al research. No study included in the
final synthesis scored below the predefined inclusion threshold of 5/10, ensuring that only methodologically
sound studies contributed to the evidence synthesis. Based on the total quality score, studies were categorized
as Excellent (9-10), Good (7-8), or Acceptable (5-6). The study-level quality assessments are presented
in Table 9, while the overall distribution of quality scores across the 97 included studies is summarized
in Table 10.
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Table 9: Quality assessment summary.

Ref. Score Quality Risk of Bias
[1] 7-8 Good Low-Moderate
[2] 9-10 Excellent Low
[3] 7-8 Good Low-Moderate
[4] 9-10 Excellent Low
(5] 7-8 Good Low-Moderate
(6] 7-8 Good Low-Moderate
[7] 9-10 Excellent Low
[8] 7-8 Good Low-Moderate
9] 7-8 Good Low-Moderate
[10] 9-10 Excellent Low
[11] 7-8 Good Low-Moderate
[12] 9-10 Excellent Low
[13] 7-8 Good Low-Moderate
[14] 7-8 Good Low-Moderate
[15] 9-10 Excellent Low
[16] 7-8 Good Low-Moderate
[17] 7-8 Good Low-Moderate
[18] 9-10 Excellent Low
[19] 7-8 Good Low-Moderate
[20] 9-10 Excellent Low
[21] 7-8 Good Low-Moderate
[22] 7-8 Good Low-Moderate
[23] 7-8 Good Low-Moderate
[24] 9-10 Excellent Low
[25] 7-8 Good Low-Moderate
[26] 7-8 Good Low-Moderate
[27] 7-8 Good Low-Moderate
[28] 9-10 Excellent Low
[29] 7-8 Good Low-Moderate
[30] 7-8 Good Low-Moderate
[31] 9-10 Excellent Low
[32] 7-8 Good Low-Moderate
[33] 9-10 Excellent Low
[34] 7-8 Good Low-Moderate
[35] 9-10 Excellent Low
[36] 9-10 Excellent Low
[37] 7-8 Good Low-Moderate
[38] 7-8 Good Low-Moderate
[39] 7-8 Good Low-Moderate
[40] 7-8 Good Low-Moderate
[41] 9-10 Excellent Low

(Continued)
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Table 9 (continued)

Ref. Score Quality Risk of Bias
[42] 7-8 Good Low-Moderate
[43] 7-8 Good Low-Moderate
[44] 7-8 Good Low-Moderate
[45] 9-10 Excellent Low

[46] 7-8 Good Low-Moderate
[47] 9-10 Excellent Low

[48] 7-8 Good Low-Moderate
[49] 7-8 Good Low-Moderate
[50] 7-8 Good Low-Moderate
[51] 7-8 Good Low-Moderate
[52] 9-10 Excellent Low

[53] 7-8 Good Low-Moderate
[54] 7-8 Good Low-Moderate
[55] 7-8 Good Low-Moderate
[56] 9-10 Excellent Low

[57] 7-8 Good Low-Moderate
[58] 9-10 Excellent Low

[59] 7-8 Good Low-Moderate
[60] 7-8 Good Low-Moderate
[61] 9-10 Excellent Low

[62] 7-8 Good Low-Moderate
[63] 5-6 Acceptable Moderate
[64] 7-8 Good Low-Moderate
[65] 9-10 Excellent Low

[66] 5-6 Acceptable Moderate
[67] 5-6 Acceptable Moderate
[68] 5-6 Acceptable Moderate
[69] 9-10 Excellent Low

[70] 5-6 Acceptable Moderate
[71] 5-6 Acceptable Moderate
[72] 9-10 Excellent Low

[73] 5-6 Acceptable Moderate
[74] 5-6 Acceptable Moderate
[75] 9-10 Excellent Low

[76] 5-6 Acceptable Moderate
[77] 5-6 Acceptable Moderate
[78] 5-6 Acceptable Moderate
[79] 9-10 Excellent Low

[80] 5-6 Acceptable Moderate
[81] 5-6 Acceptable Moderate
[82] 5-6 Acceptable Moderate

(Continued)
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Table 9 (continued)

Ref. Score Quality Risk of Bias
[83] 9-10 Excellent Low
[84] 5-6 Acceptable Moderate
[85] 5-6 Acceptable Moderate
[86] 9-10 Excellent Low
[87] 5-6 Acceptable Moderate
[88] 5-6 Acceptable Moderate
[89] 5-6 Acceptable Moderate
[90] 9-10 Excellent Low
[91] 5-6 Acceptable Moderate
[92] 5-6 Acceptable Moderate
[93] 5-6 Acceptable Moderate
[94] 9-10 Excellent Low
[95] 5-6 Acceptable Moderate
[96] 5-6 Acceptable Moderate
[97] 9-10 Excellent Low

Table 10: Overall quality assessment distribution.

Quality Number of Percentage
Included References
Score (/10) Studies (n = 97) (%)
[2,4,7,10,12,15,18,20,24,28,31,33,35,36,41,45,47,52,56,58,
9-10 31 31.96%
61,65,69,72,75,79,83,86,90,94,97] ’
1,3,5,6,8,9,11,13,14,16,17,19,21-23,25-27,29,30,32,34,
7-8 42 [1,3,5,6 DI E AT 43.30%
37-40,42-44,46,48-51,53-55,57,59,60,62,64]
[63,66-68,70,71,73,74,76-78,80-82,84,85,87-89,
5-6 24 24.74%
91-93,95,96] ?
Total 97 100%

Table 11 summarizes the frequency-based evidence synthesis of the 97 included studies. Each study was
independently coded according to Al technique, explainability method, healthcare application, data source,
and validation strategy. Frequency counts and percentages were then calculated across all included studies
to identify dominant research trends. Representative references are provided to illustrate each category;
however, the reported frequencies were derived from the complete set of included studies rather than only
the cited examples.

The evidence synthesis presented in Table 11 was generated through manual thematic coding of all 97
included studies. Each study was classified according to its primary Al technique, explainability method,
healthcare application, data source, and validation strategy. Frequency counts and percentages were calcu-
lated to identify dominant research trends. Representative references are provided for illustration; however,
the reported frequencies were derived from the complete set of included studies rather than solely from the
cited examples.
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Table 11: Evidence synthesis of the included studies (n = 97).

Frequency Percentage  Representative

Category Evidence Synthesis (n=97) (%) References
Al Technique Deep Learning 58 59.8 [2,6,20,28,33,65]
Al Technique Machine Learning 31 32.0 [10,21,34,37,38]
Al Technique Hybrid AI/XAI Models 8 8.2 [4,11,52,85]
Explainability SHAP 34 35.1 [4,28]
Explainability LIME 27 278 [4,28]
Explainability Grad-CAM 18 18.6 [28,65]
Healthcare Application Disease Diagnosis 42 433 [20,33-35,65]
Healthcare Application Predictive Analytics 24 24.7 [6,21,23,64]
Healthcare Application Clinical Decision Support 18 18.6 [17,18,61]
Healthcare Application Personalized Medicine 13 13.4 [80,84,90]
Data Source Medical Imaging 46 474 [33,35,36,56]
Data Source Electronic Health Records 24 24.7 [18,80,84]
Data Source IoT & Wearables 27 27.8 [21,58,60,74]
Validation Strategy Internal Validation 68 70.1 [17,18,32]
Validation Strategy External Validation 29 29.9 [10,11,83]

Taxonomy Development. The proposed taxonomy was derived through an iterative thematic coding pro-
cess. Following data extraction, all 97 included studies were independently coded according to their Al technique,
explainability method, healthcare application, data source, validation strategy, and emerging technologies.
Related codes were subsequently grouped into higher-level conceptual themes, which formed the hierarchical
taxonomy presented in Section 4. This data-driven approach ensured that the taxonomy was grounded in the
evidence synthesized from the included studies rather than being predefined.

4 Taxonomy of Explainable, Context-Aware Al and Digital Twin in Healthcare

To comprehensively understand the integration of intelligent technologies in healthcare, a multi-layered
taxonomy is proposed that organizes AI, XAI, DT, and emerging technologies into a unified framework [45].
This taxonomy not only categorizes existing approaches but also highlights their interdependencies, enabling
a holistic view of next-generation healthcare systems [57].

Unlike conventional survey-based taxonomies that provide only descriptive categorization, the pro-
posed framework integrates evidence-driven synthesis derived from 97 systematically selected studies. The
taxonomy establishes relationships among AI, XAlI, Digital Twin, IoT, Federated Learning, and context-
aware intelligence by mapping their functional roles, explainability requirements, real-time capabilities,
scalability constraints, and healthcare applicability. Furthermore, the framework introduces a multi-
layer integration perspective that combines predictive intelligence, explainability, simulation, and adaptive
decision-making into a unified healthcare ecosystem. This evidence-based integration differentiates the pro-
posed taxonomy from existing conceptual reviews and provides methodological novelty for next-generation
intelligent healthcare systems.
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4.1 Functional Taxonomy of Al in Healthcare

Al systems in healthcare can be further categorized based on their functional roles and operational
characteristics [2,7-10]:

- Descriptive AI: Focuses on summarizing historical healthcare data to identify patterns and trends,
supporting clinical reporting and decision-making [58,59].

- Predictive AI: Utilizes machine learning and DL algorithms to forecast patient outcomes such as disease
onset, progression, and hospital readmission risks.

- Prescriptive Al: Provides actionable recommendations for treatment planning by integrating predictive
insights with clinical guidelines [60].

- Autonomous Al Systems: Emerging systems capable of operating with minimal human intervention,
particularly in robotic surgery, automated diagnostics, and real-time monitoring [61,62].

Additionally, AT systems can be categorized based on data types:

- Image-Based Al: Radiology, pathology, and ophthalmology

- Signal-Based Al: ECG, EEG, and wearable sensor data

- Text-Based AI: Clinical notes and electronic health records

- Multimodal AI: Integration of multiple data types for comprehensive analysis

4.2 Advanced Taxonomy of XAI

XAl plays a critical role in bridging the gap between model performance and interpretability. A deeper
classification of XAI methods includes [4,27,28]:

o Intrinsic Interpretability: Models inherently interpretable by design, such as linear models and decision
trees, are often used in risk scoring systems [63].

o Post-Hoc Explainability: Techniques applied after model training to interpret predictions, including
SHAP, LIME, and feature importance analysis.

o Local vs. Global Explanations:
o Local explanations focus on individual predictions
o Global explanations provide an overview of model behavior across the dataset

o Causal and Counterfactual Explanations: Provide insights into cause-and-effect relationships and
simulate alternative outcomes, which are particularly useful in treatment planning [64].

o Human-Centered XAI: Focuses on generating explanations tailored to clinicians and patients, improving
the usability and trust in AI systems [65].

Recent advancements emphasize multimodal XAI, where explanations are generated across
heterogeneous data sources such as imaging, clinical text, and sensor data, enabling more comprehen-
sive interpretation.

4.3 Hierarchical Taxonomy of Digital Twin Systems

DT systems can be structured hierarchically based on scope and complexity [42,43,46,47,66]

e Micro-Level DTs: Focus on cellular or molecular processes to support drug discovery and precision
medicine [67].

»  Organ-Level DTs: Simulate specific organs (e.g., cardiac or pulmonary models) for diagnosis and surgical
planning [68,69].

o Patient-Level DTs: Represent the entire patient profile by integrating multimodal data, enabling
personalized treatment and continuous monitoring [70].
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o System-Level DTs: Model hospital operations, including patient flow, resource allocation, and emergency
response systems.

o Population-Level DTs: Used for public health analysis, epidemiological modeling, and large-scale
healthcare planning.

Furthermore, DTs can be categorized based on functionality [71,72]:

o Monitoring Twins: Real-time health tracking

o Predictive Twins: Forecast disease progression

o Prescriptive Twins: Recommend interventions

o Autonomous Twins: Adaptive systems capable of self-optimization [73,74]

4.4 Context-Aware Intelligence Layer

Context-awareness is a key enabler of intelligent healthcare systems and enhances decision-making by
incorporating multiple contextual dimensions [25,26,72]:

o  Temporal Context: Captures changes in patient health over time, enabling dynamic prediction and
monitoring.

«  Spatial Context: Considers location-based factors such as hospital environment or patient surroundings.

«  Physiological Context: Integrates real-time biological signals and patient-specific conditions.

«  Behavioral Context: Includes lifestyle factors, patient habits, and environmental influences.

»  Clinical Context: Incorporates medical history, clinician expertise, and treatment protocols.

Context-aware systems enable adaptive and personalized healthcare solutions by dynamically adjusting
Al models based on real-world conditions.

4.5 Integration with Emerging Technologies

The taxonomy is further enriched by integrating emerging technologies that enhance system
capabilities [5,22-25].

o Generative AI: Enables synthetic data generation, automated reporting, and intelligent clinical assistants.

o Internet of Things (IoT): Facilitates continuous data collection through wearable devices and smart
Sensors.

o  Federated Learning: Supports decentralized model training while preserving data privacy across
institutions.

»  Edge and Fog Computing: Enables low-latency processing and real-time decision-making at the
data source.

e Blockchain Technology: Ensures secure, transparent, and tamper-proof data management in health-
care systems.

o 5G/6G Networks: Provide high-speed, low-latency communication essential for real-time healthcare
applications and DT synchronization.

4.6 Interrelationship among Components

The proposed taxonomy highlights strong interdependencies among AI, XAl and DT technologies [2].

o Al provides predictive and analytical intelligence [42-46].

o  XAI ensures transparency, interpretability, and trust [4].

o  DTs enable real-time simulation and personalization [77].

«  Context-awareness enhances adaptability

«  Emerging technologies support scalability, security, and connectivity
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These components collectively form a closed-loop intelligent healthcare system in which data is
continuously collected, analyzed, interpreted, and applied to improve patient outcomes. Fig. 4 illustrates
the end-to-end architecture of the proposed framework, highlighting data acquisition, AI-driven analytics,
explainability, and DT-based simulation for clinical decision-making.
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Evidence-Based Taxonomy Insights

The proposed taxonomy was developed through thematic synthesis and comparative analysis of the
selected studies. The evidence synthesis revealed several dominant trends across the literature:

o Deep learning and neural-network-based approaches remain the most widely adopted AI techniques
in healthcare applications.

«  Explainability mechanisms such as SHAP, LIME, and Grad-CAM are increasingly integrated into
clinical decision-support systems to improve transparency and trust.

«  Digital Twin technologies are primarily applied in personalized medicine, predictive monitoring, and
virtual patient simulation.

o IoT and wearable technologies play a central role in enabling real-time context-aware healthcare
environments.

e Most existing studies rely on internal validation, while large-scale external clinical validation
remains limited.

These findings demonstrate that current healthcare AI ecosystems are evolving toward integrated,
explainable, and patient-centric intelligent systems rather than isolated AI solutions.

To improve the transparency and traceability of the proposed taxonomy, Table 12 maps the included
studies to the corresponding taxonomy dimensions. Rather than presenting a study-by-study matrix, which
would require a lengthy 97-row table and substantially reduce readability, the mapping is organized by
taxonomy categories and the corresponding references. This representation enables readers to readily identify
the studies supporting each taxonomy dimension while maintaining a concise and interpretable presentation
of the evidence base.

Table 12: Cross-mapping of included studies to the proposed taxonomy dimensions.

Taxonomy Category References
Artificial Intelligence [1-10,13,14,18-39,59,70,78]
Explainable Artificial Intelligence [4,28,85,86]
Context-Aware Artificial Intelligence [25,52,58,77]
Digital Twin [40-64,67-69,71,73,75,79-97]
Diagnostic Imaging [21,33,35,36,56,65,66,92]
Predictive Analytics [6,18,21,24,34,38,80,93]
Personalized Medicine [11,61,64,69,80,81,90,91,95]
Smart Hospitals [17,44,58]
Drug Discovery [41,67]
Wearables & IoMT [21,22,26,58,60,72,74]
Ethics, Privacy & Governance [12,15-17,27,39,76]

4.7 Implications of the Taxonomy

The proposed taxonomy offers several important implications:

o Provides a structured framework for understanding complex healthcare systems
« Identifies gaps in integration between Al, XAI, and DT technologies

«  Supports the design of next-generation context-aware healthcare systems

o Guides researchers in developing more interpretable and scalable solutions
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The extended taxonomy presents a comprehensive classification of explainable, context-aware Al and
DT technologies in healthcare [78,79]. It highlights the evolution from isolated AI models to integrated, intel-
ligent ecosystems capable of real-time monitoring, prediction, and decision-making [80,81]. A comparative
summary of the roles, outputs, and limitations of AI, XAI, and DT technologies is presented in Table 13.

Table 13: Comparative analysis of Al, XAI, and digital twin.

Aspect Al XAI Digital Twin
Purpose Prediction & automation Transparency Simulation
Output Decisions Explanations Virtual models
p lized health
. Diagnosis & Trust, interpretability & crsonaized heattcare
Role in Healthcare . o & patient-specific
prediction [2,7,20] validation [4,27] .
modeling [82]
Performance- High complexity &
Limitation Black-box issue [4,19] interpretability computational
trade-off [27] cost [46,51]
Patient-specifi
Example Use Disease detection (e.g., Model explanation for similft?onsré(e 2111 ?tal
p imaging AI) [97] clinical decisions [27] &

replicas [41,79]

Along with the comparative analysis, the benefits, drawbacks, and general implications of AI, XAl,
and DT technologies across various healthcare applications must be assessed [80]. All these technologies
help enhance diagnostic accuracy, facilitate personalized treatment, and increase operational efficiency, but
they also introduce problems such as data dependency, costly implementation, and ethical issues [81]. The
analysis of these factors, such as the participation of stakeholders, the effect of the system, the need to explain,
and risks, is summarised in Table 14, and the multi-dimensional trade-offs involved in the implementation
of smart healthcare systems are indicated. In addition, a layered architectural view is required to gain
better insight into the functioning of these technologies within a cohesive ecosystem [82]. In a multi-
layered healthcare system, information is continuously collected, processed, analyzed, and converted into
actionable insights. This architecture comprises interconnected layers, including data acquisition (IoT and
EHR), processing (edge/cloud computing), intelligence (AI/ML models), explainability (XAI techniques),
simulation (Digital Twin models), and communication (5G-enabled systems), as shown in Table 15. This
may be read as a representation of layers that include data movement, levels of intelligence, real-time, and
the view of exploitability, fostering transparency and trust across the system. Building on this architectural
insight, it is worth analyzing the underlying roles and interactions among AI, XAI, and DT technologies,
as well as with the broader healthcare ecosystem. Table 16 offers a comparative analysis of the taxonomy,
illustrating that predictions and decision-making are possible with AI, that interpretability and trust are
guaranteed with XAI, and that DT enables real-time simulation and personalization. These technologies can
be integrated to create a closed-loop intelligent system that continuously learns, makes adaptive decisions,
and provides patient-centered care. This coordinated view reflects the shift towards disaggregated AI, which
leads to comprehensive, context-aware healthcare systems [83].
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Table 14: Advantages vs. challenges vs. impact analysis.

System Explainability _. Adoption Research
Feature Advantages Challenges  Stakeholders Impact Need Risk Level Level Need
. . High Data Error . . .
Diagnosis accuracy [2,20]  dependency [19] Doctors reduction [7] High Medium High Better datasets
Personalized Tailored Loss of human . Better . . ) Human-AI
Care treatment [8], touch [28] Patients outcomes [3] High Medium  Medium balance
Predictive Early Model Preventive . .
i M i High 1
Analytics  detection [10,24] uncertainty [33] Hospitals care [25] edium Medium '8 Robust models
. Reduced Job displace- . . Skill
A Effi 7 L High
utomation workload [21] ment [18] Staft ciency [7] ow Low '8 adaptation
Limited Faster Better NLP
bility [22 . . .
Chatbots  Accessibility [ intelligence [29] Patients service [23] Medium Low High models
Robotics Precision High cost [38] Surgeons Better High High Low Cost reduction
surgery [21,28] & & outcomes [3] & &
Table 15: Layered architecture & system intelligence mapping.
. Intelligence Real-Time o per Example .
Layer Technology  Function Data Flow Level Capability Explainability Use Case Limitation
Data . . Wearables Privacy
Data Layer IoT, EHR collection Raw input Low High Low [20,71] issues [14,26]
Pr in; Dat: Smart
ocessing Edge/Cloud ata Preprocessed Medium High Low monitor- Latency [25]
Layer processing . P
ing [24,25]
Intelligence . . . Disease Black-box
Layer AI/ML/DL  Prediction = Model output High Medium Low detection [2], issue [4,19]
Explainability . Feature . X SHAP, oo
Layer XAI Interpretation insights Medium Low High LIME [27] Complexity [27]
Simulati Virtual Real-ti Patient High cost &
m;‘; aer“’“ Digital Twin mo‘;;fn ez nlcme High High Medium digital C(‘fn Cl:)scit
4 8 4 twin [79,82] plexity
Communication Telemedicin Infrastructure
ommunicatio 5G Data transfer ~ Continuous Medium Very High Low clemedicine depen-
Layer (21]
dency [26]
Table 16: Comparative taxonomy analysis.
. . . . Integrated System
Dimension Al XAI Digital Twin grated 5y
Insight
Core Function Prediction Explanation Simulation Closed-loop intelligence
. Feature-level Real-time Continuous learnin
Data Handling  Large-scale data [10] . oo ning
insight [27] synchronization [46] systems [25]
Interpretable Smart
Output Decisions [2 Virtual models [79 . .
P ] results [4,27] 7] decision-making [41]
Role in Diagnosis & Trust & - Intelligent healthcare
Lo, o Personalization [82] i
Healthcare prediction [2,20] validation [4,27] ecosystem [41,45]

(Continued)
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Table 16 (continued)

Dimension Al XAI Digital Twin Integrate:d System
Insight
. Real-time End-to-end integrated
- o
Strength High accuracy [7] Transparency [27] modeling [46] intelligence [11]
Limitation Black-box Model High computational Integration
issue [4,19] complexity [27] cost challenges [43,46]

5 Applications of Explainable, Context-Aware Al and Digital Twin in Healthcare

Al, XAI and DT technologies are increasingly applied across diagnostic, predictive, and personalized
healthcare systems. Their integration supports intelligent clinical decision-making, real-time monitoring,
and adaptive healthcare management. Medical imaging, disease prediction, clinical decision support, and
remote patient monitoring are among the most common fields of application for Al-based methods [4,42,46].
Explainable AI also enhances these applications by boosting transparency and promoting trust among
clinicians in risky situations related to diagnosis and treatment, in particular. DT technology goes further
by enhancing these functions, providing real-time simulation of patient conditions so healthcare providers
can test treatment approaches before clinical application [83]. Owing to its patient-centric approach, the
combination of these technologies offers significant advantages, including faster diagnosis, tailored treat-
ment, greater accessibility, and ongoing health checks [8,80]. Nonetheless, it also presents challenges, such
as excessive reliance on automation, potential bias in decision-making, reduced human engagement, and
data privacy and security issues [14,25,39]. Table 17 provides a structured, in-depth review of these factors,
including their contributions, advantages, risks, and mitigation recommendations. The major application
domains of explainable, context-aware AI and Digital Twin technologies in healthcare, including predictive
analytics, personalized medicine, clinical decision support, and smart healthcare systems, are illustrated
in Fig. 5.

Table 17: Patient-centered Al analysis.

Factor Al Contribution Benefit Risk Recommendation
Diagnosis Automation Faster results [2,20] Over-reliance [19] Human supervision
Personalization Data-driven care Better outcomes [8] Bias in models [10,33] Fair AI models
Chatbots, Al Hybrid h -Al
Interaction atbots Accessibility [22] Reduced empathy [28] ybrid uhan
tools systems

Clinical decision

Decision-making support

Improved accuracy [2,7] Trust issues [4,27] XAl integration

Monitoring IoT + Al Continuous care [20,25]  Privacy concerns [14,26] Secure systems

5.1 Disease Diagnosis and Medical Imaging

AT has significantly improved disease diagnosis, particularly in medical imaging domains such as
radiology, pathology, and ophthalmology [10]. DL models, especially CNNs, can detect abnormalities in
X-rays, CT scans, MRI images, and histopathological slides with high accuracy [20]. These systems assist
clinicians in identifying diseases such as cancer, cardiovascular conditions, and neurological disorders at
early stages. The integration of XAI techniques further enhances trust in these systems by providing visual
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explanations, such as heatmaps and saliency maps, that highlight regions influencing model predictions. This
improves interpretability and supports clinical validation of Al-assisted diagnoses [4,28].

Early Disease Detection
A

[ Predictive Analytics & }

Personalized
Medicine

Remote Monitoring

Explainable, Context-Aware ST eediee

R Al & Digital Twin
in Healthcare

A

Smart Healthcare
Management

Disease Diagnosis &
Medical Imaging

\ 4
‘( Clinical Decision Support w‘

Systems (CDSS) J Il
Disease Diagnosis & Smart Healthcare
Medical Imaging Management

Figure 5: Application ecosystem of explainable, context-aware Al and Digital Twin in healthcare, illustrating key
domains including predictive analytics and early disease detection, personalized medicine, disease diagnosis and
medical imaging, CDSS, remote monitoring and telemedicine, and smart healthcare management.

5.2 Clinical Decision Support Systems (CDSS)

Al-powered CDSS assist healthcare professionals in making informed decisions by analyzing patient
data and medical knowledge. These systems provide recommendations for diagnosis, treatment planning,
and medication management. XAI plays a critical role in CDSS by ensuring that recommendations are
transparent and understandable. Clinicians can interpret the reasoning behind Al-generated suggestions,
improving trust and facilitating adoption in clinical workflows [2,7].

5.3 Predictive Analytics and Early Disease Detection

Predictive Al models are widely used to forecast disease progression, patient deterioration, and hospital
readmission risks. Machine learning algorithms trained on EHRs and sensor data enable early detection of
conditions such as sepsis, diabetes complications, and heart failure [10,25]. DT technology further enhances
predictive analytics by simulating patient-specific scenarios and enabling proactive healthcare interventions.
These systems allow clinicians to evaluate potential outcomes and select optimal treatment strategies [20,24].

5.4 Personalized Medicine

Personalized medicine is one of the most impactful applications of AI and DT technologies. By
analyzing patient-specific data, including genetics, lifestyle, and medical history, Al systems can recommend
tailored treatment plans [8]. DTs enable the creation of virtual patient models that simulate responses
to different treatments, allowing clinicians to optimize therapies before implementation. This approach
improves treatment effectiveness and reduces adverse outcomes [80].
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5.5 Remote Patient Monitoring and Telemedicine

The integration of AI with IoT devices enables continuous remote patient monitoring via wearable
sensors and smart medical devices [20]. These systems collect real-time physiological data, such as heart rate,
blood pressure, and glucose levels. AI algorithms analyze this data to detect anomalies and trigger alerts for
early intervention [72,74]. DT systems further enhance remote monitoring by maintaining real-time virtual
representations of patients, enabling continuous health assessment and predictive analysis [58,73].

5.6 Drug Discovery and Development

Artificial intelligence has significantly accelerated drug discovery by enabling the analysis of large-
scale biological, genomic, and chemical datasets. Machine learning and deep learning models can predict
molecular interactions, identify potential drug candidates, optimize compound design, and facilitate drug
repurposing, thereby reducing both development time and research costs [5,6,41]. Recent advances in Gener-
ative Al have further enhanced molecular design by enabling the generation of novel therapeutic compounds
with desirable pharmacological properties [5,6]. In parallel, XAI techniques improve the transparency and
interpretability of computational predictions, thereby increasing confidence in Al-assisted drug discovery
and supporting regulatory acceptance [4,27]. DTs are increasingly being integrated into drug discovery and
precision medicine by creating virtual representations of patients, organs, or biological systems to simulate
drug responses before clinical administration [67]. These patient-specific simulations enable researchers to
evaluate treatment efficacy, optimize dosage selection, predict adverse drug reactions, and reduce reliance on
costly and time-consuming clinical trials. Despite these advances, challenges remain regarding data quality,
biological model fidelity, regulatory compliance, explainability, and large-scale clinical validation [14,46].
Future research should focus on integrating AI, DTs, real-world clinical data, and explainable decision-
support frameworks to establish reliable, scalable, and personalized drug development ecosystems.

5.7 Smart Hospitals and Healthcare Management

At the healthcare system level, Al and DT technologies are transforming hospital operations by
improving patient flow management, resource allocation, bed occupancy planning, emergency response,
and overall healthcare service delivery [17,44,68]. Digital Twins enable virtual simulations of hospital
environments, allowing administrators to evaluate operational scenarios, optimize workflows, and enhance
decision-making while minimizing disruptions to clinical services [68]. Al-driven predictive analytics
further supports capacity planning, patient risk stratification, and demand forecasting, enabling hospitals to
improve operational efficiency and reduce healthcare costs [18,21,69].

In addition to clinical decision support, AI-powered systems automate administrative processes such as
appointment scheduling, billing, medical documentation, inventory management, and workflow optimiza-
tion, thereby reducing the workload of healthcare professionals and improving service quality [17,69]. The
integration of the Internet of Medical Things (IoMT) with AI and DT platforms enables continuous patient
monitoring, real-time equipment tracking, and predictive maintenance of critical medical infrastructure,
contributing to more resilient and intelligent healthcare systems [20,21,58,60]. Nevertheless, widespread
implementation remains constrained by interoperability challenges, cybersecurity risks, data privacy con-
cerns, infrastructure costs, and integration with legacy hospital information systems [16,25,46]. Future
research should prioritize standardized interoperable architectures, secure data-sharing mechanisms, and
human-centered Al frameworks to facilitate the deployment of scalable, trustworthy, and patient-centric
smart hospitals [25,46].
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5.8 Surgical Planning and Robotics

Al-assisted surgical systems and robotic platforms are increasingly used for precision surgery [91,92].
DT models allow surgeons to simulate procedures on patient-specific anatomical models before actual
surgery, improving accuracy and reducing risks [21]. Explainable AI further supports surgical decision-
making by providing insights into model predictions and recommendations, thereby enhancing safety and
reliability [50,51].

5.9 Public Health and Epidemiology

AT and DT technologies are also applied at the population level for disease surveillance, outbreak
prediction, and healthcare planning [32]. These systems analyze large-scale data to identify trends, predict
disease spread, and support public health interventions [93]. During global health crises such as pandemics,
DTs of healthcare systems and populations can simulate various scenarios, helping policymakers make
informed decisions [42,83].

5.10 Synthesis of Applications and Key Insights

The applications of explainable, context-aware Al and DT technologies [2,4,42] demonstrate their
transformative impact across diverse healthcare domains [29,30]. These technologies collectively enhance
diagnostic accuracy, enable personalized treatment strategies, and improve operational efficiency within
healthcare systems [54,61].

By integrating predictive analytics, explainability, and real-time simulation, healthcare systems are
progressively transitioning from reactive approaches toward proactive, intelligent, and patient-centric mod-
els [4]. The synergy among Al, XAI, and DT technologies enables improved decision-making, continuous
monitoring, and optimized treatment planning [94]. Furthermore, the mapping of major healthcare applica-
tions, associated Al techniques, explainability mechanisms, and DT contributions is summarized in Table 18,
providing a holistic understanding of their integrated role in modern healthcare systems. A comprehensive
overview of key Al technologies, including their technique types, application domains, data types, and levels
of explainability, is presented in Table 19, highlighting their characteristics, advantages, and limitations across
different clinical settings [9].

Across various application areas, Al techniques such as DL, natural language processing, and generative
models have shown significant effectiveness in tasks including disease diagnosis, clinical decision support,
predictive analytics, and drug discovery [95,96]. Explainable AI further strengthens these applications by
providing transparency and interpretability, which are essential for building trust among clinicians and
ensuring safe deployment. Meanwhile, DT technology enables real-time simulation of patients and health-
care systems, allowing for better planning, monitoring, and optimization of treatments and resources [97].
A comprehensive mapping of major healthcare application domains, associated Al techniques, the role of
explainability, and the contribution of DT systems is summarized in Table 19.

Furthermore, beyond their technical applications, it is essential to evaluate the broader implications of
these technologies for healthcare quality, stakeholder engagement, system efficiency, and societal impact.
While Al-driven systems significantly enhance diagnostic accuracy, operational efficiency, and patient
engagement, they also introduce challenges related to data privacy, trust, ethical concerns, system integra-
tion, and cybersecurity risks. A thematic summary of key findings and associated challenges identified in
this study is presented in Table 20.
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Table 19: Applications of Al, XAI, and digital twin in healthcare.

Application Area Al Techniques Used XAI Role Digital Twin Role Key Benefits

Heatmaps,
Grad-CAM [27]

Early and accurate

Disease Diagnosis ~ CNN, Deep Learning detection [2,20]

Organ simulation

Clinical Decision ML, NLP [2,22] SHAPLIME [27]  Patientmodeling[ | Tproved decision-
Support making [4,7]
Predictive Analytics Time-sglif;; [10,25] impfliztllll(f: [27] sim?lil:tcigilnf%] intervlcj:r?:il())’n [24]
PGI:\ZIS:c?iiinZ: ‘ DL, Genomics AI [¢] interpi\;{;(ll)?llity [4] P‘:lvtfiier?st_[??j;;f]lc treag;ggie[i,ﬁ]
Remote Monitoring IoT + AI [20,25] Fﬁg rltasirg‘t%e Ria;;g?ele[;z]m mglirtl(zlr?rtl;l[l; 0]
Drug Discovery Generative Al [5], Model transparency g;iglar'zf)io[rfle] develigi[fernt 5]
Smart Hospils  Optimization AL 00 ORI eicency 1]

Table 20: Key themes, findings, and challenges.

Theme Key Findings Challenges

Quality & Stakeholder Al impr.oves diagnosis accuracy and Privacy and trust issues [14,27]
Engagement patient engagement [2,7,20]

Al-enabled prediction, monitoring,

and rapid diagnosis [21,31] Ethical and data issues [38]

COVID-19 Response

Ali fhici
Technological Innovation improves efficiency and Integration complexity [43,46]

automation [7,22]

Al enhances system intelligence and

S ity & Smart Syst
ecurity & Smart Systems monitoring [25,26]

Cybersecurity risks [26]

AT optimizes hospital Data interoperability

Resource Management
& operations [21,50] issues [25,43]

5.11 Evidence-Based Insights and Trends

The current literature notes the rapid development and disruptive influence of Al across a variety of
medical fields [2,7,10]. Research repeatedly shows that Al can dramatically enhance the quality of diagnosis,
clinical efficiency, and patient outcomes through the analysis of massive amounts of healthcare data (medical
imaging, EHRs, and wearable sensor data) [20,72]. Specifically, Al systems have achieved high performance
in clinical prediction and disease prognosis, particularly in domains such as oncology and neurology, where
imaging data is a major factor. Deep learning models, particularly neural network-based architectures [65],
have become the dominant Al techniques because of their ability to handle high-dimensional medical data.

Moreover, Al has helped patients receive patient-centered care, facilitating personalized treatment
planning, improving accessibility through telemedicine, and enabling ongoing health monitoring [3,19].
Nevertheless, the current literature also emphasizes that the overuse of Al can harm patient-physician
interaction and the human component of care, underscoring the need to adopt a balanced human-AI
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collaboration framework [5,7]. Also, the development of AI as an evolution of rule-based systems to
novel DL and generative models demonstrates its increased potential in clinical decision-making and
drug discovery, and the introduction of robotic-assisted interventions, marking a shift from experimental
research toward practical healthcare applications. Table 21 highlights performance trends, prevalent data
types, algorithm use, validation practices, and areas of use through a structured synthesis of the literature’s
major findings [25,47]. Through its analysis, it can be understood that although AI has high diagnostic
accuracy and generalizability, serious limitations remain, including the reliance on internal validation, the
absence of standardized evaluation metrics, and challenges associated with real-world deployment. These
problems indicate a disconnect between scientific advancement and practical implementation, emphasizing
the need for more robust validation strategies and implementation frameworks. Expanding on these ideas,
it is crucial to analyze how Al interacts with related technologies such as XAI, Digital Twins, Generative
Al, IoT, and Federated Learning within an integrated healthcare ecosystem [46,83]. Table 22 provides a
multidimensional view by comparing key dimensions, including functionality, data handling, explainability,
real-time operational capability, personalization, privacy, scalability, and clinical adoption. The analysis
reveals that Al excels at predictive performance, whereas XAI enhances transparency and trust; Digital
Twins enable real-time simulation and personalization; IoT provides continuous monitoring data; and
Federated Learning preserves privacy through decentralized model training. Together, these technologies
create a collaborative ecosystem that supports the evolution of intelligent, scalable, and patient-centered
healthcare systems. Nonetheless, high computational cost, varying technology maturity, and integration
complexity remain significant challenges, highlighting the need for unified architectures and standardized

evaluation methodologies.

Table 21:

Literature-driven Al performance and trends.

Observation from

Aspect Literature Evidence Impact Limitation
. . Deep learning models Improved disease Limited clinical
High performance in . ) . -
AT Accuracy diaenosis applied to medical detection and validation and gener-
& imaging [20,65] prediction [2,7] alizability [17,33]
D:E?;S?/ﬁiiﬁ%ifif’ Medical imaging (47.4%),  Improved prediction ha:‘z)u:f:ilan:i’ 4
Data Usage are the predominant EHRs (24.7%), IoT & and personalized %ivacty,
b wearables (27.8%) healthcare [10,25] P yﬁ,
data sources concerns [33]
Deep learning Deep Learning (59.8%), High predictive . lelt?’.j
. dominates, followed by . ; - interpretability and
Algorithms . . Machine Learning (32.0%), capability and
machine learning and Hybrid AI/XAI (8.2%) feature learning [7] black-box
hybrid AI/XAI models Y e gl behavior [4,19]
Internal validation is i Demonstrates model L1m1t'ed rga}l—world
A Internal validation (70.1%), e applicability and
Validation more common than . feasibility in .
1 External validation (29.9%) . clinical
external validation controlled settings o
deployment [17,46]
Disease diagnosis is the ~ Disease Diagnosis (43.3%),
primary apphca‘Flo.n, Predlctl\.ze.Analytlc.:s. Improved diagnostic Integratlop 1.nto
. followed by predictive (24.7%), Clinical Decision . routine clinical
Applications . . accuracy and clinical .
analytics, clinical Support (18.6%), decision-making [21] workflows remains
decision support, and Personalized Medicine gl challenging [43,46]
personalized medicine (13.4%)
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Table 22: Multi-dimensional comparative framework.

33

Dimension Al XAI Digital Twin Generative ToT Federa.ted Integ.rated
AI Learning Insight
Full
Cor'e Prediction [2] Explanitlon Simulation [79] Da.ta genera- Monitoring [20] DlStI:lbuteEl e'cosystem
Function [4,27] tion [5,6] learning [25] integra-
tion [41]
Data Large Model Real-time Synthetic Sensor Decentralized ~Multi-source
Handling datasets [10] outputs [27] data [46] data [5] data [20] data [25] fusion [45]
o ) Very . ) . . XAI
Explainability Low [4] High [27] Medium [46] Low [6] Low Medium [25] essential [27]
Real-Time . Very . Very . . DT + IoT
Capability Medium Low High [46] Medium High [20] Medium [25] strongest [46]
o . . Very T . 1roe DT domi-
Personalization =~ Medium Medium High [79,5] High [5] Medium High [25] nant [79]
. . . Very FL solves
/ 5
Privacy Low [14] Medium Medium Low [6] Low [26] High [25] privacy [25]
i . . . L1 . Very _
Scalability High [10] Medium Medium High [5] High [20] High [25] FL best [25]
Clinical IoT domi-
ium [ 27 . igh [20,2 25
Adoption Medium [2] Low [27] Low [46] Low [6] High [20,21] Low [25] nant [20]
Maturity . _ . . . . 5 e Mixed
Level High [7] Growing [27] Emerging Emerging [6] Mature [20]  Emerging [25] ecosystem
. . . o . . . DT expen-
Cost Medium Medium High [46,51] High [6] Medium Medium .
sive [46]
Risk Level  Medium [19] Low[27]  Medium [46]  Medium [6] Medium Low [25] Xﬁlslie[‘l‘iies

A quantitative synthesis of the 97 included studies revealed several important trends in explain-
able and context-aware healthcare Al research. Disease diagnosis was the most frequently investigated
healthcare application, accounting for 42 studies (43.3%), followed by predictive analytics with 24
studies (24.7%), clinical decision support with 18 studies (18.6%), and personalized medicine with 13
studies (13.4%). Regarding Al techniques, deep learning was the dominant approach, appearing in 58 studies
(59.8%), followed by machine learning in 31 studies (32.0%) and hybrid AI/XAI models in 8 studies (8.2%).
Among explainability techniques, SHAP was the most frequently adopted method, appearing in 34 studies
(35.1%), followed by LIME in 27 studies (27.8%) and Grad-CAM in 18 studies (18.6%). Medical imaging
represented the primary data source in 46 studies (47.4%), followed by IoT and wearable data in 27 studies
(27.8%) and electronic health records in 24 studies (24.7%). Furthermore, internal validation was employed in
68 studies (70.1%), whereas only 29 studies (29.9%) reported external validation, indicating that broader real-
world validation remains necessary for reliable clinical deployment. These findings demonstrate the growing
adoption of explainable, context-aware, and patient-centric Al solutions while highlighting the continued
need for standardized evaluation and external clinical validation.

6 Integration of AI and Digital Twin

The integration of Al and DT technology represents a paradigm shift towards intelligent, adaptive,
and predictive healthcare systems. Whereas Al enables decision-making based on data through predictive
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modelling and pattern recognition, DTs can simulate a patient’s state in real time, supporting continuous
monitoring and interventions. Al improves DT systems by enabling advanced analytics, such as predicting
disease outcomes, identifying anomalies, and optimizing treatment. DTs, in turn, provide a simulation
environment for several treatment strategies that can be tested before their actual application. This forms a
closed-loop intelligent system in which data is continuously collected, analyzed, simulated, and optimized.
The recent literature emphasizes the use of AI-driven DTs, especially in precision medicine, when patient-
specific models can be used to plan treatment. For example, in the cardiovascular domain, DTs can be used to
model heart function to optimize surgery, and Al algorithms can predict disease progression and treatment
success. Likewise, continuous monitoring and adaptive treatment can be organized using Al-based DTs in
chronic disease management. In addition, the integration facilitates context-aware healthcare, in which real-
time data inform decision-making on physiological, environmental, and behavioural factors. This enhances
the quality and security of medical systems, enabling the detection of anomalies and timely intervention.
Nonetheless, several pitfalls remain, including the high computational burden, the complexity of integration,
and the lack of standardized frameworks. Moreover, explainability in DT systems is a key requirement for
adoption in clinical settings. Table 23 presents a multidimensional analysis of the synergistic integration
between Al and Digital Twin technologies, highlighting their combined capabilities, clinical value, associated
risks, and maturity levels across various healthcare applications.

Table 23: Advanced Al-digital twin synergy analysis.

Digital Twi I
Dimension AI Contribution 1g1ta} wi ntegrz.lt.e d Clinical Value Risk  Maturity
Contribution Capability
- Disease Scenario Predictive sim- Early . .
Prediction forecasting [2,10] simulation [46] ulation [41,46]  diagnosis [7,20] Medium High
L Patient-specific Virtual patient Precision Better . .
Personalization models [8] replica [71] medicine [70]  outcomes [8,58] Medium  Medium
o Anomaly Real-time Continuous Preventive .
Monitoring detection [25] updates [46] tracking [20,46] care [24] Low High
Clinical recom-  Simulation-based Optimized Reduced . .
Treatment mendations [2,7] testing [41] therapy [41,73] errors [7] Medium -~ Medium
System Efficiency Process Workflow Smart hospital Resource Low Low

optimization [21]

modeling [46,50]

systems [50] savings [21]

From a system-level perspective, integrating Al and Digital Twin technologies requires robust inter-
operability mechanisms to enable seamless communication among heterogeneous healthcare data sources,
including EHRs, wearable sensors, imaging systems, and IoT platforms. The effectiveness of Al-driven
DT systems largely depends on synchronized, real-time data exchange, low-latency communication, and
standardized data architectures that support continuous updates and adaptive decision-making. Further-
more, the integration process introduces significant computational challenges due to large-scale data
processing, real-time simulation requirements, and high-performance model execution. Edge computing,
cloud-based infrastructures, and federated architectures are increasingly explored to address scalability
and synchronization limitations in distributed healthcare environments. These integrated technologies
collectively enable a closed-loop intelligent healthcare workflow in which patient data are continuously col-
lected, analyzed, interpreted, simulated, and utilized to optimize clinical decision-making and personalized
treatment strategies.
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7 Challenges and Limitations

The use of AI, XAL and DT technologies in the healthcare setting raises a variety of technical, ethical,
and operational issues that shape their utilization in real-world settings and their subsequent scalability, as
seen in Fig. 6. These technologies have transformative potential, but continue to be constrained by several
basic limitations to their implementation. Probably one of the most severe issues is that advanced Al models,
particularly DL architectures, are black boxes, thereby reducing interpretability and increasing clinicians’
distrust. Even though XAI methods aim to enhance transparency by offering post-hoc explanations of
models, it is an open research question how to balance model accuracy and interpretability to reach an ideal
point. Explainability: A lack of explainability may impede clinical acceptance and regulatory approval in
high-stakes healthcare settings. Data privacy and security are another significant issue, as healthcare systems
rely on large amounts of sensitive information in centralized systems. The ethical and legal impact of such
data breaches or misuse may be disastrous.

Key Challenges Methodological Solutions (Current Approaches) Research Directions & Future Innovations

Scalable DT Architectures

1. Infrastructure = High deployment cost (r"\j ((( ))) = Auto-scaling & load balancing —~
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Figure 6: Unified challenge-solution-innovation framework for explainable, context-aware Al and DT in healthcare.
It maps key challenges (infrastructure, integration, data, model, and ethics) to solution approaches and future research
directions for developing scalable, intelligent, and patient-centric healthcare systems.

Although federated learning offers an attractive decentralized alternative, challenges related to com-
munication efficiency, scalability, model convergence, and client-level data heterogeneity remain to be
addressed. In FL, data heterogeneity primarily refers to the non-independent and identically distributed
(non-IID) nature of data across participating healthcare institutions, where differences in patient popula-
tions, disease prevalence, clinical practices, and data distributions can adversely affect model convergence,
generalization, and fairness. In addition to this FL-specific heterogeneity, healthcare environments exhibit
substantial multimodal and cross-source data heterogeneity, as data are generated from imaging sys-
tems, clinical text, wearable sensors, genomic databases, and other sources. Integrating these diverse
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data types within a cohesive and consistent framework is challenging because differences in data for-
mats, representations, quality, and missingness can introduce inconsistencies and reduce system efliciency.
Furthermore, artificial intelligence models may perpetuate bias and unfairness, resulting in inaccurate
predictions and unequal healthcare outcomes, particularly when training data are imbalanced or non-
representative. This raises important ethical concerns and underscores the need for fair, efficient, and robust
Al methods. Another important challenge is the lack of interoperability among heterogeneous healthcare
information systems, including EHRs, Picture Archiving and Communication Systems (PACS), IoT devices,
and Digital Twin platforms. The absence of standardized communication protocols, data representations,
and exchange mechanisms limits seamless integration and hinders the large-scale deployment of intelligent
healthcare ecosystems.

Lastly, DT systems are expensive to implement and maintain at scale because of their high com-
putational demands and infrastructure requirements, which may hinder their widespread adoption in
resource-constrained healthcare settings. Real-time simulation, continuous data synchronization, and high-
performance computing can impose substantial computational and financial burdens, making large-scale
implementation particularly challenging in developing regions. To provide a structured understanding of the
relationship between existing challenges, corresponding solution approaches, and future research directions,
a multi-layer challenge-solution-innovation analysis is presented in Table 24. The analysis organizes key
issues across multiple dimensions, including infrastructure, system integration, data management, model
interpretability, and ethical considerations, and maps them to appropriate technological solutions and
emerging research opportunities. The structured analysis further identifies the root causes, impacts, affected
technologies, and potential solutions associated with these challenges, providing a comprehensive overview
of system-level limitations and corresponding research directions.

Table 24: Multi-dimensional challenge-solution analysis across Al IoT, and digital twin systems.

. Technology Potential Research
Layer Challenge Root Cause Impact Severity Affected Solution Direction
. Low trust, Interpretable
Black- Deep 1 XAI tech-
Model Layer sztu:’x :gﬁl el":; li’tmg limited High Al . uest?z S &hybrid DL
plexty adoption q - models [4,27]
. . Privacy-
Data Layer Prlvacy & Centralized Data })reach High AL ToT Fedgrated_ preserving
security data storage risk Learning [25] _
AT [14,25]
Integration ~ Heterogeneous System Standardization Interoperability
System Layer grat & A High Digital Twin . frame-
complexity data sources inefficiency [43,46]
works [46]
. . Bias detection
Ethical Layer ~ Bias & fairness Imbalanced Unfair High Al Fair Al n & mitiga-
datasets outcomes models [10,33] . o
tion [10,38]
Infrastructure . Computational Limited . L . Optimization Scalab.le bt
High cost . . Medium  Digital Twin tech- architec-
Layer complexity scalability

niques [46] tures [46,51]

7.1 Research Gaps, Challenges, and Future Opportunities

Despite significant advancements, several critical research gaps remain in the domain of explainable,

context-aware Al and DT technologies in healthcare, limiting their widespread adoption and real-world

impact [2,4,42]. A major gap is the lack of unified, integrated frameworks that seamlessly combine AI, XAI,
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and DT systems. Existing research predominantly focuses on isolated components rather than developing
holistic, end-to-end intelligent healthcare ecosystems. Another key limitation is the lack of real-time explain-
ability. Most current XAl approaches provide post-hoc explanations, which are insufficient for time-critical
clinical decision-making. Developing real-time, clinician-friendly explainability mechanisms remains a
crucial research direction [4,28]. Additionally, there is a lack of standardized evaluation metrics that
incorporate not only accuracy but also interpretability, fairness, robustness, and usability. The absence of such
metrics makes it difficult to compare models and validate their effectiveness in clinical environments [83,96].

Although Federated Learning significantly enhances privacy by enabling decentralized model training
without transferring sensitive patient data, several practical challenges remain, including communication
overhead, model synchronization, client heterogeneity, and vulnerability to model poisoning attacks. Future
research should focus on integrating Federated Learning with Explainable Al and Digital Twin architectures
to develop secure, transparent, and scalable intelligent healthcare systems.

The limited clinical validation of DT systems is another significant barrier. Most implementations
remain at the experimental or simulation stage, with insufficient real-world testing and regulatory approval.
Moreover, while federated learning addresses privacy concerns, its practical deployment challenges, includ-
ing communication overhead, system heterogeneity, and scalability, require further investigation. A detailed
mapping of current progress, limitations, research gaps, and future opportunities is presented in Table 25,

highlighting innovation pathways for next-generation healthcare systems.

Table 25: Deep research gap and innovation matrix.

Domain Current Progress Limitation Research Gap Impact Innovatlo.n Future Scope
Opportunity
High-accuracy Blaclf—bo.x g Trust & clinical . XAI ) Hybrid
Al models, LLMs hallucination validation [4,27] High integration interpretable
’ risk [4,27] - 8 AL
. Clinical
XAI Rapid growth Mostly P OSt_hOC_, Lack .Of e Hlme High  Real-time XAI decision
explanations [4,27]  explainability [4]
support
. . - N _— Smart
Dicital Twin Real-time patient ~ Limited validation,  Standardization & Hich Scalable DT healthcare
& modeling high cost [42,43] scalability [43,46] & models
systems
Integration (AI  Partial frameworks Fragmented No unified Hich Closed-loop Autonomous
+DT) emerging ecosystems [45,46]  architecture [46] & systems healthcare
Federated Privacy-preserving ~ Communication Scalability & Medium FL+ DT Secure
Learning Al overhead [25] efficiency [14,25] integration distributed Al
. Data synthesis, Reh?blh,t v & Clinical-grade . Synthetic Al-driven drug
Generative Al . validation . High . .
drug discovery . generative models medical data design
issues [64]
. Imaging + EHR * Data fusion Un.lﬁed Very  Cross-domain  Holistic patient
Multimodal AI genomics B multimodal . o .
. . complexity [45] High intelligence modeling
integration frameworks
Human Digital Virtual patient High data ngh—ﬁdellty Very Personalized Precision
: ; . modeling & . . . L
Twin replicas requirement [89] . High simulation medicine
real-time sync
Edge Al + ToT .Rea.l—tlme Limited comlzutlng E.fﬁc1e.nt edge High Edge-based DT ~ Smart remote
monitoring systems power [25] intelligence systems care

(Continued)
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Table 25 (continued)

Domain Current Progress Limitation Research Gap Impact Innovatlo'n Future Scope
Opportunity
XR + Al Surgical s%rr%ulatlon Ha.rdvs'lare.cost, Clinical validation Medium XR + DT Immersive
& training validation issues of XR systems fusion healthcare
Al-driven DT Lifecycle DT .Complexny'& Ul?lﬁed DT . Self-learning Autonomous
interoperabil- lifecycle High
Networks systems . DT systems ecosystems
ity [46] frameworks [46]
I ity, . . . -
Healthcare Virtual care .mmatm.'lty Integration with . Virtual Future digital
. integration Medium .
Metaverse environments . real systems hospitals healthcare
issues [61]
I .
Domain Current Progress Limitation Research Gap Impact nnovatlo.n Future Scope
Opportunity
Trustworthy Al Emerging XAI Lack of clinician Human.—cer%tfered High Trust-aware Al Clinically
frameworks trust explainability systems accepted Al

7.2 Limitations of the Review

Despite providing a comprehensive synthesis of explainable artificial intelligence, Digital Twin tech-
nologies, and intelligent healthcare systems, this review has several limitations. First, only English-language
publications indexed in major scientific databases between 2019 and 2026 were considered, introducing
potential language and publication bias. Second, grey literature, including technical reports, white papers,
dissertations, patents, and preprints, was excluded to ensure methodological quality, although this may
have omitted emerging developments. Third, owing to the rapid evolution of A, XAI, Generative Al, and
Digital Twin technologies, recently published studies may not have been captured after the final search date.
Fourth, quantitative meta-analysis was not feasible because of substantial heterogeneity in study objectives,
datasets, evaluation metrics, AI models, and clinical application domains. Fifth, although a structured
quality assessment was performed, the review relied on published evidence, and the methodological
quality of the included studies varied with respect to external clinical validation, reproducibility, and
explainability evaluation. Finally, the proposed taxonomy and evidence synthesis were derived from the
included literature and have not yet been validated through expert consensus, Delphi studies, or prospective
clinical implementation. Future investigations should incorporate larger international datasets, standardized
benchmarking protocols, real-world clinical validation, and expert-driven evaluation to strengthen the
proposed framework further.

8 Conclusion and Future Scope

This study presented a PRISMA-based systematic review of explainable, context-aware Al and Digital
Twin technologies in healthcare through the analysis of 97 high-quality studies. The review examined the
evolution and applications of Al, XAI, and DT systems in disease diagnosis, predictive analytics, personalized
medicine, remote monitoring, and healthcare management. A unified multi-layer taxonomy integrating
Al, XAlI, Digital Twin, IoT, Federated Learning, and Generative Al was proposed to support intelligent
healthcare ecosystems. The findings indicate that although these technologies significantly improve pre-
dictive capability and operational efficiency, challenges related to interpretability, interoperability, privacy,
scalability, and clinical validation still limit large-scale deployment. The review further revealed a shift
from isolated AI models toward integrated and adaptive healthcare ecosystems capable of supporting
real-time decision-making and personalized care. However, most existing studies still rely on internally
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validated datasets with limited real-world clinical implementation. Several important research gaps were
identified, including the lack of unified architectures, real-time explainability, interoperable DT frameworks,
privacy-preserving systems, and large-scale clinical validation. Future research should focus on developing
secure, scalable, and interpretable healthcare systems with standardized evaluation frameworks, real-time
explainability, and clinically validated intelligent infrastructures. Overall, this work provides an analytical
foundation for future research and development in next-generation intelligent healthcare systems.
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The following abbreviations are used in this manuscript:

Al Artificial Intelligence

XAI Explainable Artificial Intelligence

DT Digital Twin

ML Machine Learning

DL Deep Learning

CNN Convolutional Neural Network

NLP Natural Languaage Processing

LLM Large Language Model

SVM Support Vector Machine

RF Random Forest

GAN Generative Adversarial Network

SHAP SHapley Additive exPlanations

LIME Local Interpretable Model-agnostic Explanations
Grad-CAM Gradient-weighted Class Activation Mapping
EHR Electronic Health Record

CDSS Clinical Decision Support System

IoT Internet of Things

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses

FL Federated Learning
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