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Abstract. Since its inception as rule-based programs, artificial
intelligence (AI) has developed into machine learning and deep
learning systems that utilize the enormous volumes of clinical
data currently accessible. The aim of the present review was to
discuss the role of Alin modern clinical practice and to highlight
the opportunities and challenges that lie ahead by combining
the results of recent research. Al tools provide physicians with
decision support and prediction models, directs robotic proce-
dures and surgical planning, supports radiologists, pathologists,
dermatologists and ophthalmologists with image analysis, and
aids in the delivery of more individualized care in cardiology
and precision medicine. These developments are boosting preci-
sion, optimizing daily tasks and providing patients with more
individualized treatment. In practice, this could include imaging
systems that prioritize patients who are most at risk or prediction
technologies that help physicians allocate resources and reduce
unnecessary workload. However, there are still critical obstacles
to overcome. The biases of the training data may be reflected
in the algorithms, which could exacerbate already-existing
disparities. Since many models operate as ‘black boxes’, it can
be challenging to understand their logic, which raises questions
about accountability, ethics and trust. Clinical standards and
regulations are still lagging behind technology, and incor-
porating Al into busy healthcare systems can be difficult and
costly. Achieving its promise will require careful implementa-
tion, rigorous validation and sustained collaboration among
clinicians, data scientists, engineers, ethicists and policymakers
for safe adoption in clinical practice.
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1. Introduction

Artificial intelligence (AI) in healthcare refers to computer
systems that perform tasks typically requiring human intel-
ligence. Deep learning (DL) describes complex patterns
using multi-layer neural networks. Machine learning (ML)
is a subfield that involves algorithms that learn and get better
from data (1). Natural language processing (NLP) is another
key field that allows computers to comprehend and produce
human language. These Al techniques power diverse applica-
tions, from automated image interpretation to clinical decision
support and even robotic-assisted surgery (2) that are trans-
forming modern medicine.

Alin medicine has developed over a number of years. Early
rule-based medical expert systems included INTERNIST-1
(1971) and MYCIN (1970s), which were developed to support
diagnostic decision-making (2). Over time, Al moved from
these knowledge-based programs to statistical and neural
models. Recent years have seen an explosion of data [from
electronic health records, Internet of Things (IoT) devices,
genomic databases, etc.] and advances in computing power.
This highly structured environment has led to a rise in the use
of AL. DL and ML are increasingly being utilized to examine
large clinical datasets for tailored treatment and diagnosis. For
instance, Aamir et al (3) pointed out that big data and the IoT
have greatly increased the importance of Al by generating
large amounts of health data that necessitate machine learning
analytics.

Currently, Al is widely recognized as a transformative
tool in medicine. Al can ‘fundamentally transform the prac-
tice of medicine and the delivery of healthcare’, according
to Bajwa et al (4). Al has the potential to improve patient
outcomes by increasing medical efficiency and diagnostic
precision (2). A recent multicenter study found that a DL ECG
model (EchoNext) outperformed cardiologists at detecting
structural heart disease from 12-lead ECGs (model accuracy
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77.3% vs. cardiologists' mean accuracy 64.0%; sensitivity
72.6% vs. 61.1%; specificity 80.7% vs. 66.1%; reader study: 150
ECGs read by 13 cardiologists), demonstrating that Al-driven
tools can surpass human experts in certain ECG diagnostic
tasks (5). Similarly, in domains such as radiology, dermatology
and pathology, Al algorithms used for medical imaging have
performed on par with or better than humans (2). By reducing
routine errors and workload, Al holds promise to advance the
healthcare ‘quadruple aim’ of improved outcomes, improved
patient experience, lower costs and enhanced provider satis-
faction (2,4).

The aim of the present review was to summarize and
discuss the role of AI in modern clinical practice and to
highlight the opportunities and challenges that lie ahead by
combining the results of recent research.

2. Al in diagnosis and prognosis

Al is transforming medical imaging by improving workflow
efficiency, prognostic forecasts and diagnostic accuracy. DL
and neural networks help with the advancements (6). Crucially,
Al enhances diagnostic accuracy and supports the talents of
radiologists in a team environment, complementing rather
than replacing doctors (7).

Imaging and radiology. By identifying complex patterns in
large imaging and clinical datasets, Al enhances radiology
diagnosis and risk assessment (8). By supporting research,
treatment planning, risk assessment and case identification, it
expedites the delivery of healthcare (8). Al facilitates individu-
alized treatment and eventually enhances patient outcomes by
identifying subtle visual aspects (9).

Convolutional neural networks (CNNs) are advanced neural
networks without manual intervention to capture patterns from
visual data. The model recognizes subtle patterns which are
optimal for medical image and disease detection (10). CNNs
employ neural network architectures with many layers that
construct relevant features automatically and carry out feature
construction and prediction within the same model (9).

Lesion detection. CNN-based technologies, such as Auto
Lung Nodule Detection (ALND) detect and categorize lung
nodules (11). These technologies achieve high accuracy in
differentiating benign from malignant nodules (6,7). When
compared to radiologist reports, the program exhibits a
low positive predictive value (5.5%), but a high specificity
(83.2%) (11). CNNs acquire structured attributes such as
boundaries, patterns and configurations straight from the
visuals. The multiscale feature records tiny nodules and
adjacent tissues providing more sensitivity and minimizing
irrelevant data (10). A comparison of the performance of Al vs.
that of human experts across different specialties is depicted
in Table SI.

Automation and triage. Routine image analysis and
report generation are automated by Al, including NLP (6).
Additionally, it gives priority to urgent cases, allowing radiolo-
gists to analyze key results more rapidly (6,7,11).

Advanced imaging. Al-based CAD systems integrate
multimodal imaging (fMRI, MRI, DTI, PET/CT and MR
spectroscopy) to localize tumors more accurately (6,12). Al
aids surgical planning and reduces damage to healthy tissue

by improving image precision. Brain scans can also provide
biomarkers of neurodegenerative disorders (6).

Additional uses. By identifying minute lesion character-
istics, Al improves breast imaging (6,7,12). Al enables organ
segmentation and early detection of pancreatic cancer on
abdominal imaging (6). It also improves fracture detection
and arthritis monitoring. AI models can identify autoim-
mune diseases: For example, they can detect systemic lupus
erythematosus (including neuropsychiatric systemic lupus
erythematosus) early and distinguish it from rheumatoid
arthritis and multiple sclerosis using biomarker analysis
(achieving ~96.5% accuracy) (6,8,12). Small nodules can be
missed when overlapping with ribs or blood vessels (10).

Pathology and digital pathology. The incorporation of Al
into pathology has initiated a paradigm shift, enhancing diag-
nostic precision and workflow (7). Al tools help in detecting,
segmenting and analyzing tumor cells with spectacular
diagnostic performance, outperforming experts in narrow
tasks (13).

Prostate cancer. Al technologies reduce the labor of
pathologists by pre-screening histology slides to identify
malignancy. High accuracy (ROC-AUC ~0.99) in detecting
neoplastic lesions is attained by CNNs trained on annotated
slides (14). Al tools, for instance, Paige prostate, authorized by
the FDA in 2021, and Galant prostate, developed by IBEX in
2020, yielded an excellent sensitivity of 97.7% and specificity
of 99.3% in detecting 1876 prostate biopsies (14).

Grading and prognosis. Gleason scoring can be aided by
Al as demonstrated in a challenge involving >10,600 biop-
sies (14). The emergence of digital pathology with whole slide
imaging (WSI) digitalization has laid the foundation for Al
and ML in pathology. Al can rapidly generate Gleason scores,
tumor size, grade and invasion markers, such as perineural
invasion and enhance patient care. Workflow efficiency
is further increased when Al is integrated with electronic
medical records (15). Al significantly used for oncologic
detection substantially aids in tailored therapeutics, precisely
estimating reactions to therapy and health results, which is by
integration a fusion of histopathological, genetic and medical
history (13).

Advanced prognostic models. DL identifies compu-
tational biomarkers that are invisible to humans from
genomic and WSI data [e.g., prostate-specific antigen (PSA)
recurrence signals] (14). Multimodal AI that combines
pathological and clinical/genomic data is more accurate in
predicting outcomes (survival, PSA relapse and metastasis)
than conventional techniques (14). The multimodal DL
Al models trained on 16,204 slides from 5,654 patients
surpassed conventional risk scoring tools, such as National
Comprehensive Cancer Network (NCCN) risk categories
throughout all clinical endpoints, yielding a high AUC
from 9.2 to 14.6% (14). Sophisticated Al techniques, such as
Vision Transformers and multiple instance learning (MIL)
process small patches to evaluate whole slide images (14).
Al aids in triaging patients for innovative therapies, resulting
in minimizing expense and limiting adversary actions (15).
Pathological investigation is accelerated using tissue micro-
arrays, which allow for the simultaneous review of numerous
biopsy sites (16).
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Al architectures in pathology. CNNs are widely used in
detecting and breaking down images into multiple layers, which
helps to identify whether it is cancerous or non-cancerous,
grading tumors, and predicting prognosis with tumor anal-
ysis (13). CNNs have also been used in digital pathology for
quality control. For example, a CNN-based DeepFocus system
has an average accuracy of 93.2% (£9.6%) in identifying and
segmenting out-of-focus regions in whole-slide images (15).
Fully convolutional networks are used for pixel-wise cancer
detection (e.g., identifying rare head/neck carcinomas or breast
cancer, ~71% accuracy) (15).

Recurrent neural networks (RNNs) and long short-term
memory networks are used for temporal or sequential data
in imaging follow-up (15). Generative adversarial networks
(GANs) are used for image synthesis and segmentation (e.g.,
generating renal glomeruli images, predicting PD-L1 from
histology) (15). When documented data are constrained,
GANSs can improve small databases and increase the preci-
sion of segmentation through the generation of realistic
artificial images and can produce variants of rare lesion types.
However, when data are limited, GANs may collapse and may
not be reliable. This can create realistic synthetic medical
images, but can lack in real-life cases (17,18). GANs comprise
two neural networks, a generator that creates synthetic images
and a discriminator that evaluates them, trained adversari-
ally; thus, the generator progressively produces more realistic
outputs (18). Handcrafted feature methods (e.g., counting
mitotic figures) based on domain knowledge, are used along-
side data-driven approaches (15).

Dermatology. The early detection of skin cancer, notably
melanoma, markedly enhances patient outcomes and achieves
a 5-year survival rate of 99% if detected early (19). A number
of skin lesions appear similar, rendering diagnosis challenging
for specialists (20). The advent of dermoscopy increased the
diagnostic accuracy (from ~65-80 to ~75-84%) (21); however,
Al provides further benefits. Al also aids non-specialists: In
a previous study with 2,201 images and 134 dermatological
conditions, Al was used for verifying the algorithm; 240
images were randomly selected for human trials including 23
non-medical professionals (22) and it exhibited an accuracy
of 47.6 to 87.5% with no compromise in specificity (22,23).
In frontline healthcare, referral data-based AI models have
successfully detected the three leading differential diag-
noses with an accuracy of 93% and specificity of 83% in 26
common skin conditions comprising up to 80% of cases in
primary care cases, outperforming nurses and primary care
physicians (23). A previous systematic review concluded that
transfer learning, which is Al-based, rivals in identifying
skin disorders (24).

Al currently aids in skin lesion analysis. CNNs are
engineered for distinguishing traits such as pigmentation,
structure, size and depth, which are vital for correct skin lesion
interpretation (25). It has been demonstrated that Al systems
can match or exceed experts: In a previous study, one CNN
(trained on 12,378 dermoscopic images) outperformed 136
of 157 dermatologists with a mean specificity of 60% and a
mean sensitivity of 87.5% (26). An Advanced neural network
repeatedly performed on par with clinical experts, confirming
Al reliability (27).
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Key AI techniques in dermatology include the following:
i) The use of models pretrained on large image libraries (e.g.,
ImageNet) to improve performance on limited dermatology
datasets (24); ii) the types of mechanisms, such as self-attention,
hard attention and soft attention, guide Al to prioritize image
features, mimicking human-like attention (20); iii) merging
two CNN:ss, such as IBR5 and IBR®, to create hybrid networks
has achieved 91.3 and 90.7% accuracy, respectively [10,015
histological images (HAM10000, ISIC2018)] (21).

In dermatopathology, WSI and Al enable the predic-
tion of clinical outcomes. Models forecast sentinel lymph
node involvement, recurrence risk and mortality from
histology (23,28).

Ophthalmology. Al-based systems (CNNs; EyeArt, IDx-DR,
Google Health, Moorfields-DeepMind, Retina-Al, IBM
Watson, EyePACS and mobile Al apps) diagnose eye diseases
with high accuracy and improved clinical outcomes (29).
In diabetic retinopathy, IDx-DR is the approved tool for Al
in screening with a sensitivity of 87.4% and specificity of
89.5% (30), which was tested on 900 patients across 10 primary
care settings; it yielded a high accuracy and a 96.1% image
ability (31). Improved systems such as EyeArt 2.0, which uses
fundus screening for diabetic retinopathy, was used on large
datasets of ~850,908 images from 101,710 patients, and yielded
a high accuracy with a sensitivity and specificity of 91.3 and
91.1%, respectively, further reducing false positives (30).
ML systems interpret optical coherence tomography (OCT)
and fundus scan can diagnose and stage age-related macular
degeneration (AMD) (29). DeepSeeNet analyzes color images
to evaluate AMD stage and can outperform retinal special-
ists. It is trained on 60,000 images and has been tested on 900
images and has outperformed retinal specialists with an accu-
racy of 0.671 vs. 0.599, a sensitivity of 0.590 vs. 0.512 and a
specificity of 0.930 vs. 0.916 (30). AI models combining OCT
and visual field data detect glaucomatous optic neuropathy at
an earlier stage than clinicians (29).

3. Decision support and precision treatment

Decision support. Al aids physicians in making more rapid
and accurate diagnoses by analyzing a large number of clinical
images, such as chest X-rays, skin lesion images, pathology
slides and cardiac data. An autonomous Al tool known as the
IDx-DR system approved by the FDA can detect more than
mild diabetic retinopathy directly from retinal images. It
exhibited high accuracy, with a sensitivity of 87% and speci-
ficity of 90% (4). For instance, Stanford University trained a
CNN on >112,120 chest x-rays from the National Institutes
of Health (NIH) dataset. The AUC for each pathology was
used to assess the performance of the model; for atelectasis,
the CNN AUC was 0.862 (95% CI, 0.825-0.895), as opposed
to 0.808 (95% CI, 0.777-0.838) displaying competitive
performance for radiologists (32). Similarly, the study by
Hashim er al (33) observed a dataset of 120,950 patients to
compare the diagnostic accuracy of the Al and radiologist.
Their study concluded that AT was more effective at detecting
breast cancer with a sensitivity of 0.85, while the sensitivity
for physicians was 0.77. However, both exhibited comparable
results in the context of specificity (33). In fact, Al can aid in


https://www.spandidos-publications.com/10.3892/mi.2025.289

4 THOMAS et al: AT ACROSS CLINICAL SPECIALTIES

planning a more rapid and more accurate treatment in prostate
cancer by automatically identifying clinical target volume.
Additionally, the CNN-based model achieved an AUC of 0.85
in detecting rectal cancer based on endoanal ultrasound (34).

When unsure of symptoms, patients can determine the
care they need by allowing them to input what they are experi-
encing into Al tools, which analyze data based on past medical
information and medical guidelines and suggest the urgency
of the situation (35). Thus, Al prevents unnecessary hospital
visits and is helpful in the emergency department by identi-
fying life-threatening conditions early and alerting physicians
for timely intervention (35).

Therapeutic drug monitoring (TDM) is a process by which
a physician regularly checks certain medication levels in the
blood of a patient, which is of particular importance for drugs
with a narrow therapeutic window (36). Al assists in predicting
the clearance rate of a drug and the effective or toxic dose of
a medication by processing information, such as genetics, past
medical conditions, age, weight, kidney or liver function and
other medications, thus making TDM more precise (37).

Yet another benefit of Al emerging is its ability to predict
how different drugs interact with each other and prevent
side-effects, and to anticipate who is more likely to have
these side-effects (38). Beyond drug safety, Al can identify
patients whose conditions are at high risk of deteriorating
before the visible symptoms are found, and can positively
affect the prognosis. Previously, a significant reduction was
observed in 30-day mortality and in-hospital stay, high-
lighting the timely intervention due to early detection by Al.
Intensive care unit (ICU) transfers were also reduced (39).
However, an increase in ICU stays was observed, possibly
due to earlier identification of subtle signs by Al or due to
over-reliance on Al by physicians, particularly if skeptical
about their own diagnosis, leading to unnecessary admis-
sions (39). Although predictive models help in timely
detection and resource allocation, they may worsen existing
inequities by favoring wealthier patients, and their lack of
transparency in risk assessment limits clinicians' trust (40).
Electronic health records (EHR) focus on the health of data
of patients during doctor's visits and beyond. Combining
Al tools with patient-generated health data (PGHD), such
as lifestyle habits, environmental factors and behavior,
which can be collected via Al wearable devices or apps, can
sustain the continuous monitoring of the health of a patient.
The integration of EHR along with PGHD can improve
individualized patient care and treatment (41).

Precision treatment. Integrating Al and genomic medi-
cine holds promising value in identifying potential disease
outbreaks via ML algorithms (42). AI monitors novel threats,
such as COVID-19, whereas genomic data shed light on
the susceptibility of certain groups to specific diseases
that traditional methods, such as statistics, can often over-
look (43). In order to predict genes linked to autism spectrum
disorder, Krishnan et al (44) presented a ML, brain-specific
gene-network technique that revealed network-level indicators,
which are challenging to identify by manual inspection.

The fusion of genomic medicine with Al has made
advancements in drug discovery through the usage of existing
medications for new disease purposes or uncovering new

targets for therapy (45). However, at present, its non-clinical
toxicity still poses a challenge. It enables post-market drug
withdrawal, as it is capable of predicting drug toxicities, such
as cardiotoxicity and hepatotoxicity (46).

Technologies, such as ML algorithms use past and current
medical information for developing predictive tools, which in
turn assist in cost reduction, as well as in improved patient
outcomes. The predictive tools are prominent in assessing the
risk of developing chronic diseases, such as endocrine and
cardiac disorders in patients (47). The tools take into consid-
eration the medical history, demographics and lifestyle factors
of patients, stratifying higher-risk group patients and aiming
interventions to prevent or treat them. Another application of
the predictive models is to stratify patients into groups that are
at higher risk of hospital readmissions and focus on preventing
them via interventions (47).

A data analytics tool in Saudi Arabia, known as Sehaa, can
detect diseases based on Twitter data. The tool contributed
to finding the top chronic diseases in one city and found the
healthiest city. This highlights the potential of the predictive
tools in the health management of populations and the urgent
intervention required in Saudi Arabia for the prevention and
treatment of chronic diseases (35). In addition, such examples
highlight the need for governance and evaluation. Existing Al
frameworks emphasize transparency, reproducibility, ethics,
effectiveness and stakeholder engagement when deploying
predictive analytics in medicine (48). Al algorithms also
achieve improved results for patients. For instance, in their
study, Barmaz and Ménard (49), used Al to observe how effi-
ciently doctors reported safety issues. The tool aided in safety
improvement via detecting problems early without the need
for frequent inspections (49). Another study by Wang et al (50)
concluded that AI could predict patients who are at risk of
falling, thus preventing injuries.

Traditionally, clinicians rely on the trial-and-error method
for prescribing medications, which is inefficient and may
harm patients. Al can reduce this by matching the drug best
suited for the patient or predicting errors (51). Corny et al (52)
developed a system that alerted physicians about unsafe
medications before prescribing and identified 74% of risky
prescriptions. Zheng et al (53) found that doctors trusted Al
more when it explained its medication decisions. Additionally,
Al personalizes the dose and prevents side-effects. This
was supported by a study that reported that clinicians were
outperformed by algorithms in generating reliable individual
warfarin doses (54). Lastly, an Al tool, known as CURATE
Al adjusted chemotherapy doses based on the responses of
patients to treatment. It decreased the dose, increased the
response and reduced the harmful effects (55).

4. Al in surgery and robotics

Surgery is being utilized with AI and robotics, which enhances
patient outcomes, accuracy and efficacy. Healthcare systems
are globally utilizing Al-driven approaches to address key
challenges such as accessibility, minimally invasive procedures
and surgical efficiency (56-58). Al integrates computational
tools, such as ML, augmented reality (AR), computer vision
and operational robotics, all of which improve surgical perfor-
mance and clinical judgement (56,59,60).
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Al-assisted surgical planning. Surgical pathways are increas-
ingly supported by technology, providing quantifiable markers
to assess outcomes. This foundation aids the development and
approval of Al-driven software-as-medical-device (SaMD)
tools across the surgical workflow (61). These tools include
automated surgical devices with Al support, radiomic systems
for screening and diagnosis, models that employ clinical data
for operational risk evaluation, and decision-support tools for
postoperative care and monitoring (61). Additionally, several
studies have found that diagnostic precision is either compa-
rable to or superior to that of human specialists. Therefore,
patient outcomes are improved by the ensuing advances in
diagnostic speed and accuracy, which enable quicker and
better surgical decision-making (62).

Pre-operative risk prediction. Pre-operative risk assess-
ment tools have become essential resources for patients
and physicians to predict the possibility of surgical
complications. The acute physiology, age, chronic health
evaluation (APACHE) III prognostic system for critically
ill patients, the Physiological and Operative Severity Score
for the enUmeration of Mortality and morbidity (POSSUM)
scoring system for predicting morbidity and mortality,
and the American College of Surgeons National Surgical
Quality Improvement Program (ACS NSQIP) surgical risk
calculator are examples of commonly used models (61).
Recent advances in Al, particularly ML, have made these
technologies more reliable. Large, varied datasets can be
processed by ML models, which can also identify intricate,
non-linear relationships, leading to more dynamic and accu-
rate risk categorization. Using the ML-derived classification
tree, the Prediction Optimal Trees in Emergency Surgery
Risk (POTTER) calculator increased prediction accuracy
over the ACS NSQIP for patients undergoing emergency
laparotomy. Similarly, using data from electronic health
records (EHRs), the MyRiskSurgery algorithm, developed
and validated by a study, helped predict major postoperative
complications and mortality. This allowed for the real-time
monitoring of evolving risk factors and continuous improve-
ment based on clinical feedback. Future instruments for
individualized risk assessment should incorporate a variety
of patient, physician, and procedure-specific criteria (61,63).
In addition, real-time Al tools (e.g., intraoperative video
feedback, adaptive neuro-visual systems) can reduce surgical
trauma and errors (64-66). During cardiac surgery, RNNs
have proven to be more accurate than traditional methods
in forecasting complications, such as bleeding, renal failure
and mortality (67).

Robotic surgery platforms. Robotic systems enhance surgical
performance by improving dexterity, ergonomics and 3D
magnification. Convolutional neural networks have been used
in surgical training to standardize evaluations and reduce
bias by objectively assessing basic technical abilities such
as suturing and knotting (61,68,69). Even though existing
robotic platforms such as the da Vinci system are still directly
controlled by surgeons, future autonomous systems may enable
fully independent treatments, providing precision, fatigue-free
performance and possible applicability in distant or high-risk
areas (69-71)
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Intraoperative Al use. DL techniques, such as semantic
segmentation show promise for intraoperative guidance,
identifying safe vs. hazardous regions (as in laparoscopic
cholecystectomy) (72). Similar techniques are being studied
in other procedures such as sleeve gastrectomy, cataract
surgery and aneurysm repair (61,73,74). Al-driven 3D recon-
struction and navigation also aid surgery; for instance, the
FDA-approved Cydar EV Maps tool aligns pre-operative
imaging with real-time fluoroscopy in aneurysm repair (75).
AR enhances intraoperative vision by overlaying semi-
transparent preoperative images onto the surgical field. One
approach employed 3D contour matching to align virtual
images with real teeth during oral and maxillofacial surgery,
while another projected a 3D vascular model onto the lower
limbs of a patient using the HoloLens. Additionally, 2D and
3D eye-gaze tracking facilitates robotic surgery by improving
navigation and instrument control. Eye-gaze contingent
devices enhance guidance, precision, and image transmis-
sion. Gesture recognition is also crucial for human-robot
interaction since technologies such as Gestonurse and Hidden
Markov Model-based techniques facilitate tool delivery and
AR control (66).

Post-operative outcomes. Robotic-assisted surgery and Al
have exhibited peri-operative benefits: Reduced blood loss,
fewer transfusions, shorter periods of hospitalization and fewer
complications (61). A 2024 meta-analysis comparing open
or laparopelvic surgery to abdominopelvic robotic surgery
revealed that abdominopelvic robotic surgery was associated
with a significantly shorter period of hospitalization (mean
difference, -0.23 days, P=0.01 vs. laparoscopy, -1.69 days,
P=0.001 vs. open) and a significantly lower estimated blood
loss (mean difference, -286.8 ml vs. open) (76). Al can further
improve outcomes by predicting post-operative risks. The
model successfully identified high-risk cases and suggested
whether the usage of defunctioning stomas was advisable
or not (77,78). Additionally, wearable and implanted sensors
enhance post-operative care by promoting early discharge
and enhancing problem identification (66). Furthermore,
Shahi et al. demonstrated how incorporating Al into robotic
surgery improves functional recovery and reduces post-oper-
ative complications by enabling real-time feedback and error
correction (79).

Limitations and safety concerns. Al integration in surgery
requires cautious, ethical planning (61). Due to their high
acquisition and maintenance costs, Al and robotic systems
are out of reach for a number of public and rural health-
care settings (56,80). Logistical challenges also arise due
to complex system configuration and the need for highly
experienced staff, particularly in settings with limited
resources (59,81). The limited capacity of Al algorithms to
adjust in real-time to anatomical changes and inconsistent
results raises concerns since they may erode surgeon confi-
dence (60,82). Digital twins and real-time image guidance
are examples of emerging techniques that rely on trustworthy,
high-fidelity data that are not yet generally accessible.
Integration into clinical operations is further complicated by
incompatibilities between various robotic platforms, Al soft-
ware and hospital IT systems (83-85).
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Based on current research, surgical systems assisted by Al
and robots are associated with markedly reduced intraopera-
tive blood loss and shorter periods of hospitalization compared
to traditional approaches. For example, periods of hospitaliza-
tion were shortened and anticipated blood loss was decreased
in the case of robot-navigated pedicle screw insertion (86).
Fully autonomous surgical systems, which take the surgeon
out of the control loop, are still in the early stages of clinical
translation (69,87).

Barriers and pragmatic solutions for low-resource hospi-
tals. There are various barriers hindering the successful use of
Al tools in hospitals with limited resources, such as:

i) Limited infrastructure. No high-speed networks,
cloud computing or Al-based surgical tools (88). Inadequate
infrastructure and high implementation costs remain major
obstacles. The majority of institutions in low and middle
income countries (LMICs) cannot afford the high expenses
of robotic consoles, maintenance and specialist training,
despite the fact that robotic surgery is becoming a standard
component of minimally invasive operations in high-income
countries (89).

ii) Data gaps and insufficient local adaptation. The
absence of high-quality, regionally relevant surgical datasets
limits the accuracy and applicability of the model (88).

iii) Lack of Al expertise. The absence of Al training among
healthcare workers impedes the adoption of AI (88).

iv) Policy and financial constraints. High training and
technology costs, along with insufficient or non-existent regu-
latory frameworks are also a barrier (88).

Recommendations include the improvement of capacity
through collaborations with educational and technology
institutions to train medical professionals in Al and ML (88).
Strengthening public-corporate relationships between
governments, international organizations and the commercial
sector can help advance and grow Al-based surgical initia-
tives (88). Al models trained on LMIC-specific data need
to be designed in order to improve diagnosis accuracy and
contextual applicability (88). Enhancing digital health infra-
structure is crucial to enable Al technologies, remote surgery
and telemonitoring, in addition to implementing structured
technological systems that include real-time translation,
Al-driven performance analytics and reliable bidirectional
communication. By establishing robust ethical and policy
frameworks, the ethical, equitable and sustainable use of
Al in surgical care may be guaranteed (88,89). Moreover,
developing cost-effective Al-assisted surgical tools suitable
for LMIC resource constraints remains a primary objec-
tive (88). Finally, the high capacity and ultra-low latency of
5G networks render them suitable for real-time telesurgery
and immersive remote surgical training (89).

Ethical and practical considerations. There are some ethical
and practical concerns associated with the use of Al in surgery
that need to be addressed. Error accountability is ambiguous,
and there are security and privacy concerns when using patient
data. Equitable access is a concern in areas with limited
infrastructure (90). Reliance on algorithms can undermine
trust between patient and surgeon, particularly in high-risk or
pediatric cases where human judgment is essential. The effec-
tiveness and integrity of treatment may be compromised by

biases in Al training data, which are typically obtained from
homogeneous groups (85,91).

5. Al in cardiology

Cardiovascular disease is the leading cause of mortality
worldwide, rendering it a critical focus for innovation using
Al. These chronic diseases require essential monitoring
following acute treatment, and Al-based solutions are ideal
for them (92). The Al-integrated remote patient monitoring
(RPM) provides live data from cardiac implantable electronic
devices, rendering it highly useful for timely diagnosis, early
intervention and personalized care for patients (93).

The diagnostic abilities of AI are notable in the
interpretation of results from electrocardiogram (ECG),
echocardiography and CT angiography. The study by
Siranart et al (94) demonstrated that ECG interpretation
using deep learning models identified left ventricular hyper-
trophy with higher sensitivity and specificity in comparison
to Sokolow-Lyon and Cornell criteria. A total sample size of
66,479 participants (with and without left ventricular hyper-
trophy) was part of that study which exhibited a pool sensitivity
and specificity of 69% (95% CI, 47-85%) and 87% (95%
CI, 76-94%), respectively for Al-based interpretation (94).
Similarly, a randomized, blinded non-inferiority clinical trial
of the initial evaluation of echocardiography assessment by Al
and a sonographer provided clear insight into how workflow
time and results were performed efficiently using AI (95). In
that study, which evaluated 3,769 echocardiographic studies,
a substantial assessment error of 5% from the initial assess-
ment to final cardiologist assessment was observed. However,
the substantial assessment of left ventricular ejection frac-
tion was 16.8% (n=292/1,740 studies) in Al, whereas 27.2%
(n=478/1,755 studies) by sonographers with a difference
of only -10.4% between the groups (95% CI, -13.2 to -7.7%,
P<0.001 for non-inferiority, P<0.001 for superiority) (95).
An Al-enabled quantitative coronary computed tomographic
angiography (AI-QCT) is a novel technique that uses convo-
lutional neural network models for assessing the severity of
stenosis and various atherosclerotic plaque components (96).
With automated analysis by a software platform (Cleerly Inc.),
AI-QCT provides coronary artery wall and lumen specifica-
tion alongside the quantification of plaques (96). The AI-QCT
also identified significant differences in atherosclerotic plaque
based on age among the 303 patients in the CREDENCE
cohort (96). In another study, in-hospital cardiac mortality due
to acute heart failure (HF) cases was predicted more effec-
tively using the Quantitative ECG (QCG), an Al-based ECG
analyzer that uses printed ECG images (97). The QCG-Ceritical
score among the 1,254 patients with acute HF in a prospective
cohort study was higher in patients experienced in-hospital
cardiac mortality than in survivors, with means of 0.57 (SD
0.23) and 0.29 (SD 0.20), respectively (P<.001). The strong
predictive value of the Al-based score was demonstrated with
an AUC of 0.821 for in-hospital cardiac mortality (97).

In the new era of smartwatches and digital stethoscopes,
the medical usage of this technology in cardiology has also
improved. A smartwatch ECG platform (Cardiologs®) enabled
QT prolongation detection and premature ventricular contrac-
tions, with 98.2% of patients only exhibiting a <50 m/sec



Bzl SPANDIDOS
7] .§, PUBLICATIONS

difference with a manual 12-lead QTc measurement (98). For
rural and remote settings with lower resources or fewer cardi-
ologists, a digital stethoscope developed by Eko Health helps
in reducing the burden by simultaneously recording using
3-lead ECG and analyzing atrial fibrillation or murmurs (99).
As the digital stethoscope can also share data, virtual cardi-
ology consultations with specialists are possible, providing
prompt decision-making according to the case, even from
remote locations (99).

Early predictions of cardiovascular events are greatly
supported by Al innovations. The major adverse cardiac event
can be predicted using the cardiovascular magnetic resonance
cine sequences with the aid of an automated Al-based assess-
ment of cardiac deformation (100). The predictions by Al can
be made using electrical features, such as heart rate variability,
intervals of QT and QRS (101). The Al-trained models used to
identify patients at risk of sudden cardiac mortality perform
more effectively than the electrical risk scores from extracted
electrical features, with a concordance index of 0.9, over the
0.74 for the electrical risk score (101). For patients using RPM
systems, clinicians are provided with a lead time with the aid
of algorithms that predict arrhythmia worsening or device
issues prior to the onset of symptoms and therefore, prevent
hospitalization (93).

The involvement of Al in optimizing treatment plans and
the management of patients with cardiac events is found to
be effective. Al-based quantitative coronary angiography
(AI-QCA) used in the FLASH trial (among 400 patients)
achieved the automatic analysis of angiography images
during the percutaneous coronary intervention, aiding clini-
cians to select optimal stent and balloon sizing without
requiring additional inputs or further processing time (102).
Yet another implementation of a deep neural network was on
the dosage prediction of warfarin for patients on the 5th day,
predicted more accurately than physicians, by using RNNs to
create a warfarin dose to the prothrombin time-international
normalized ratio response over the results from the first
4 days of doses (103). Similarly, AI systems can support the
guideline-directed medical therapy optimization of medica-
tions in patients with HF by predicting health deterioration
in patients after analyzing the data derived from the wearable
tools (104).

Furthermore, for patients in intensive care and those
with persistent cardiac conditions, Al-assisted tools have
proven useful. An FDA-approved ultrasound system named
Caption Guidance was well used in patients with COVID-19
in the ICU, where it assisted critical care physicians with
no formal ultrasound training to obtain cardiac ultrasound
images from optimal views (105). Deisenhofer et al (106)
conducted a large-scale, randomized study on 374 patients,
that demonstrated the advantages of employing Al-analyzed
intracardiac electrograms to direct catheter ablation in patients
with persistent atrial fibrillation. Similarly, an augmented
intelligence named EchoGo Core by Ultromics, cleared under
FDA 510(k) K191171 (107), uses Al technology to create accu-
rate and reproducible cardiac measurements, such as ejection
fraction and left ventricular volumes (108). The triage plat-
form by Viz.ai can aid with risk stratification by prioritizing
suspected pulmonary embolism, with Al tools also supporting
automated CT-derived RV/LV ratio assessments (109); the
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FDA-approved device is Viz RV/LV (K221100) (110). In addi-
tion, the BriefCase-Triage system (K251406) by Aidoc (110)
facilitates the rapid prioritization of suspected aortic dissec-
tion (111). There is a clear clinical shift in the usage of AI with
other FDA-approved systems for coronary artery disease diag-
nosis using HeartFlow FFRCT Analysis (K190925) (110,112).
Other recent FDA-cleared cardiovascular Al tools include
DeepRhythmATI (K250932), InVision Precision Cardiac
Amyloid (K243866), Volta AF-Xplorer (K243812), AT-Patch
(ATP-C130/ATP-C70) (K242583), VitalRhythm (K242129)
and the Loss Of Pulse Detection (K242967) by Fitbit (110).
Rapid advancements in Al in cardiology are facilitating more
accurate and tailored clinical judgments; these advancements
hold promise for improved patient outcomes in the future. A
brief summary of AI applications per specialty is provided in
Table SII.

6. Benefits and opportunities of Al in clinical practice

Healthcare services in this era face numerous challenges,
such as an increasing number of patients requiring advanced
medical needs, and a shortage of medical supplies. Al provides
a high-impact system that increases productivity, improves
clinical outcomes and hospital workflows (113).

Al in diagnostic accuracy. Incorporating Al into medical
operations has notably increased identification accuracy and
diagnostic accuracy (113). Al evaluates extensive clinical
data more efficiently, recognizing fine details that may be
missed on conventional analysis. In radiology and pathology
in particular, which require specialized expertise and large
data handling for lesion detection and bone metastasis, Al
has aided in reducing the diagnostic and workload times by
~90% (114). AT tools assist in the timely identification of
clinical cases such as diabetic retinopathy and systemic infec-
tions, as well as the metastasis of cancer, enabling prompt
intervention for improved prognosis (115). Al tools also aid in
the recognition of periodontal problems by scan interpretation
and in evaluating neurobehavioral disorders, including stress
assessment (116).

Al executes operations such as lesion spotting, morpho-
logical analysis and computerized image analysis, allowing
medical professionals to prioritize critical decisions (114).
It minimizes human errors and ensures patient safety by
providing an additional perspective. Low-quality or prejudiced
data may also yield misleading conclusions, emphasizing the
necessity for comprehensive data management and transparent
data sourcing (115,117).

Al in workflow enhancement. Language-based tools are
often used for digitizing medical records, including patient
encounter records to update EHR. This eliminates the paper-
work and strengthens record accuracy. Al can allocate efficient
schedules based on staff availability and care requirements. A
previous study demonstrated a 12% decrease in extended-hour
wages (118). Al-enabled virtual assistance manages routine
patient inquiries, schedules consultations, and triages them,
enabling staff to focus on specialized intervention (118,119).
Enhancing personalized medicine with Al. Al is critical
for interpreting comprehensive patient data and can generate
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treatment plans customized to individual care. This approach
boosts success, shifting away from conventional generalized
care (113). Generative Al spots patterns to customize therapies;
it can anticipate cardiovascular risk from ocular visuals and
identify biomarkers for complex diseases. Al algorithms such
as GENTRL assist in therapeutic formulation, which targets
specific biological mechanisms. Al can forecast individual
responses to a drug, therefore giving customized prescrip-
tions (120). Al facilitates the rapid analysis of DNA profiles
linking genetic variations to risk associated with the disease and
treatment responses (115). Gen Al drives software adaptation
for personalized tools such as CBT in psychological care (120).
The progress of advancement depends on the availability of
high-quality patient data. Ensuring informed consent about
data privacy is crucial for enabling trust in Al systems (119).

Strengthening early detection and prevention. Al strengthens
preemptive discovery and the avoidance analysis of large,
diverse data sets to pinpoint structures and predict risks (121).
AT automated Early warning systems can recognize conta-
gious disease surges more rapidly than conventional methods
by interpreting records from epidemiology, environment and
online trades. Software tools such as BlueDot can detect
the preliminary symptoms of COVID-19 (121). These tools
can also anticipate clinical risk, including re-hospitalization
and deterioration, using medical records (118). In commu-
nity health, AI can forecast disease development based on
biomarkers and social markers (120). Biosensors combined
with Al enable live health monitors and early prediction of
chronic conditions, including diabetes and heart disease. Al
supports mental health by screening and symptom tracking
of diseases like dementia through speech evaluation (115).
This system aids in pandemic planning by the deployment of
healthcare supplies (121).

Driving cost reduction in healthcare. Al can aid in reducing
costs and optimizing productivity in both administrative and
therapeutic areas (122). By digitizing tasks such as billing
and insurance, Al can conserve up to $168 billion yearly in
operational costs (122). Al assists clinical professionals make
evidence-based decisions by limiting inefficient procedures
and tests. A recent study documented the completion of
>45,000 tests within only 45 days. By anticipating patient
requirements and disease, Al advances in resource allocation
assist hospitals in managing beds and supplies (123). AI tools
can also identify malpractice. Recent data from IBM high-
lights a successful recovery of >$41.5 million in Medicaid
funds (115). Moreover, the integration of Al fosters enhanced
financial optimization by increasing transparency and mini-
mizing treatment fragmentation (122).

Revolutionizing training and education. Al is revolutionizing
medical training and professional development by granting
them training and upskilling (120). Al-based simulations
provide human-like cases that help students to practice clinical
skills in a risk-free setting (119). In surgical training, Al
provides instant evaluation on skill assessment. These inno-
vations reconcile conceptual and practical knowledge (120).
Modern medical care emphasizes trust and ethical develop-
ment through Al-assisted teamwork (113,115,120).

7. Challenges and limitations

Data bias. The most prominent ethical concern in Al in
healthcare is bias in data sources, that is, the data used to
train Al systems is not neutral, but instead is frequently
biased based on certain factors, such as sex, race, socioeco-
nomic status, geography, or sexual orientation (124). A study
conducted in the USA observed that doctors disregarded
positive Al predictions for African Americans due to a high
false positive frequency. This occurred due to insufficient
data related to them in the AI training system. Hence, the
model was inaccurate, leading to unreliable and biased
outcomes (125). Al can amplify the existing bias based on
historical data. It can reinforce subjective biases when it
learns in history that the clinicians opt not to treat patients
with extreme preterm birth or brain injury, thereby placing
the lives of patients at risk (126,127). Additionally, AI can
serve the wealthier patients more efficiently than the patients
from less wealthy communities, as it notes the latter may
overstay in the hospital due to no transport or support at
home, allocating them a lower priority (128). Al can pose a
serious threat in the event that there is no expert oversight,
hence introducing automation bias (129).

Black box error. The complex nature of algorithms through
which Al systems reach conclusions is not yet fully under-
stood or interpreted by the physicians who use these tools, and
this becomes a serious concern when Al contradicts clinical
logic (130,131). It has been reported that Al rated patients with
pneumonia and co-existing asthma as low-risk, while it incor-
rectly flagged patients with pneumonia alone as high-risk. This
error was likely due to the misinterpretation of data; however,
to the physicians using the tool, it remained unclear. Instances
such as these render clinicians skeptical of fully integrating Al
tools into daily practice (132).

Mitigation strategies for bias. To reduce bias and improve
transparency, Al tools need to be audited regularly before
and after being used in the hospitals. Developers also need
to disclose the details about demographics used to train the
model to detect an imbalance early. Moreover, testing the
system on patients in other clinical settings examines the reli-
ability of the model (133).

Ethical and legal issues. At present, there are no global laws
or standards defining who is responsible, whether it is the
developer, user (physician), or system maintainer when Al
leads to a harmful outcome. This can subsequently lead to
unfair blame on physicians even when decisions were heavily
Al-influenced (134). Data ethics, an understructure of Al,
includes informed consent, privacy and data protection, owner-
ship, objectivity and transparency. Controversial data sharing
is highlighted by cases such as DeepMind and the Royal Free
London Foundation Trust. Although patients in Canada are the
legal owners of their data, hospitals act as custodians, which
poses questions around rights and transparency (135). The
recent increase in the number of individuals receiving genetic
testing emphasizes the urgent need for stronger privacy laws,
given that genetic data is sensitive information that could be
used for biowarfare or discrimination (136).
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Regulatory uncertainty. Laws such as the Health Insurance
Portability and Accountability Act (HIPAA) were created
in the 1990s to protect patient data, long before Al became
essential in healthcare. However, this is inadequate in the
present time, particularly with the complexities of modern
Al tools (137). Furthermore, McCartney (138) noted that the
NHS 111 algorithms had undergone user testing and that a
Babylon-powered NHS 111 pilot was underway; however, at
the time there were few formal, published clinical evaluations
assessing its safety or effectiveness. On that account, reform
needs to be made, such as updated laws, new regulatory bodies,
and a clear division of responsibility among developers, users
and maintainers (139).

Overreliance and de-skilling. When clinicians become overly
reliant on Al systems, it results in a decline in critical thinking
and decision-making skills, consequently contributing to
de-skilling. This is supported by research that has observed a
decrease in diagnostic accuracy in physicians relying heavily
on Al systems, such as automated image analysis or computer
annotations (140). Overreliance on Al may set back the devel-
opment of necessary surgery skills, particularly in fields such
as neurosurgery (140).

System integration and usability. The integration of Al
into hospitals and combining different systems remains a
notable challenge. While tools such as the European eHealth
Interoperability Framework (eEIF) and API-based integration
approaches have been introduced to aid healthcare providers
securely and efficiently share patient data, they are far from
perfect. These systems are often associated with high costs,
technical difficulties, concerns around patient privacy, and
issues related to scaling and performance (141). Additionally,
usability persists as another challenge. The busy workflow of
physicians, along with difficulties in understanding or navi-
gating the Al tools, may likely discourage them from using
the tools. Each hospital uses a different electronic system, and
hence the Al tools need to be specifically adjusted, making it
more difficult to implement across various healthcare settings
without sufficient work placed into its setup (141).

8. Ethical and legal considerations

For the ethical deployment of Al in medical care, physicians
need to respect patient autonomy and obtain valid consent prior
to decision-making. It is essential to keep the patients aware of
the extent of Al involvement and its role in their diagnosis or
therapeutic process, as technology is increasingly assisting in
clinical decisions (142). The integration of Al into healthcare
also raises concerns regarding various ethical principles such
as the following:

Patient autonomy and informed consent. Clinicians should
retain meaningful control, including the ability to explain
(and, if necessary, override) Al-generated suggestions, and
patients should be informed when Al-based decision-support
systems are employed in their treatment (143). This aligns with
recommendations that consent forms explicitly disclose when
Al is used and explain how the AI system functions and its
risks to the patient (144).
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Data privacy and security. Al depends on large volumes of
sensitive medical information therefore it's essential to protect
patient confidentiality (145). As a result, Al systems require
robust data-protection safeguards, such as, de-identification,
secure storage, appropriate access controls, and continuous
security monitoring. They also need to adhere to relevant
regulatory frameworks, such as General Data Protection
Regulation (GDPR) and HIPAA (144).

Algorithmic bias and fairness. In the event that the tool is not
trained on a dataset that is representative of a whole popula-
tion, it may lead to biased results (146). Experts emphasize
training on diverse, inclusive datasets and conducting ongoing
bias audits; for example, the continuous monitoring of model
performance across demographic subgroups can identify and
correct emerging biases (144,147). Regular monitoring and
evaluations of the algorithms provides fair and accurate results
across different patient groups (146).

A breakdown in informed consent occurs when patients are
unaware of how their health data are used or stored, leading to
mistrust and privacy concerns due to missing details in consent
forms (148). AI systems such as Watson for Oncology raise
concerns of ‘machine paternalism’, where preset parameters
override patient preferences (149). To mitigate this issue of
autonomy compromising, the patients should be notified prior
to the involvement of an Al device in the diagnosis or treatment
and must be given the choice of accepting or rejecting it (150).
Dynamic consent models involving ongoing patient engage-
ment and transparency about Al use have been proposed to
further safeguard autonomy in Al-driven care (144). This
approach ensures that patients can opt for second opinions or
human alternatives, as they are adequately informed regarding
the role and limitations of Al tools (142).

Due to the differences in the systems of healthcare data-
sets, bias and equity are integral in Al ethical assessment.
The AI models often underperform in marginalized popula-
tions as their training is mainly on unrepresentative datasets.
In a previous study, an Al-based melanoma model provided
poor predictions and a delay in diagnosis on darker-skinned
individuals, as their training was primarily on light skin
tones (151). Incomplete records and the exclusion of social
determinants among marginalized groups contribute to biased
Al performance. The lack of diversity among developers can
also pose a challenge, as unconscious preference for perspec-
tives may occur (152). Certain tools such as Shapley Additive
Explanations (SHAP) and Local Interpretable Model-agnostic
Explanations (LIME) can help to align with equity principles
by revealing hidden biases (151). Experts also emphasize the
need for Diversity, Equity and Inclusion (DEI) principles
throughout the Al development lifecycle, including educating
and training a more diverse developer workforce and struc-
tured bias mitigation programs (147). Ultimately, it is essential
to identify further methods to eradicate biases to ensure the
smooth functioning of AI. A legal and ethical ambiguity exists
in the accountability for the decisions made by Al. For situa-
tions where an erroneous diagnosis is made by Al, it is unclear
who among the developers, clinicians, or institutions will be
held responsible (153). Such complex situations are difficult
to address with traditional legalities, as Al tools are variable
and evolving faster (154). Indeed, a previous review observed
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that when Al errors occur, it is unclear who is accountable, the
physician utilizing the Al, the organization putting the tech-
nology into practice, or the developers of the algorithm (144).
The algorithm developers escape the scrutiny, and doctors
are often held accountable legally (154). Recent analyses
note that while some argue clinicians need to retain ultimate
responsibility, others suggest that developers and regulators
should also share accountability, highlighting the need for
clear multi-stakeholder liability frameworks (155). To main-
tain professional responsibility, it is essential to have systems
to report incidents and a clear delineation of roles (156). The
duties for Al developers, clinical sponsors and other stake-
holders, including physicians, are proposed by the Medical
Device Regulation (MDR) and the European Artificial
Intelligence Act (AIA) (157). For example, the AI/ML-based
medical device framework proposed by the FDA emphasizes
ongoing real-world performance monitoring and explicit role
definitions for clinicians and developers to ensure account-
ability (147).

One of the primary ethical concerns that remains with
the use of AI involves data breaches and lapses in security.
The sensitive personal data of patients, including their demo-
graphics, genomics and medical histories, is largely used
by the Al systems (153). As data are sourced from multiple
contact points and then distributed over various platforms, it
is susceptible to breaches (153). As medical Al technologies
are becoming more commercial, the exploitation of data and
potential re-identification of hidden data occurs (153). The
HIPAA in the USA and the General Data Protection Regulation
(GDPR) in Europe mandate strict regulation in consent
management, anonymity and access controls (35,142,158).
The MedRec, a blockchain technology, uses cryptographic
hashes and smart contracts that enable controlled access to the
medical data, which aligns with GDPR Article 9 and HIPAA
45 CFR (Code of Federal Regulations) (158). Researchers
also promote privacy-by-design approaches: For instance,
federated learning allows models to train on decentralized
local data without sharing raw patient records, thus preserving
privacy (147). The cyber threat can be detected by using
predictive algorithms, and for ethical sharing of data, feder-
ated learning is promoted (35,156).

Transparency is key for participatory decision-making
in Al-based healthcare. The ‘black box’ nature of Al tools
often makes it difficult for patients and clinicians to under-
stand the decisions made by them (154,159). The professional
responsibilities and informed consent are hindered by this
opaque functioning of Al (154). To achieve transparency in
an Al system, various measures can be implemented, such as
communication, traceability, interpretability and auditability
along with robust data management (150). It is advised that
developers embed explainable Al that will help users under-
stand medical context (148,156). In practice, this means that
patients should be explicitly informed about how the AI works
and its limitations during the consent process (144). Such a
feature allows individuals the right to understand automated
decisions made by AI, and this aligns with the GDPR
mandates (148).

The existing regulatory frameworks are behind the
fast-paced evolution in Al, exposing the gaps in the various
global standard frameworks. The DermAssist, an algorithm

mainly trained in light-skinned individuals, bypassed strin-
gent trials and was self-certified in the European Union (EU)
as a Class-I device irrespective of its undermined reliability
on darker skin tones (149). A previous study indicated
that ethnic data or socioeconomic strata are only provided
among a few of the FDA-approved devices, which may cause
hindrance in fair assessments (160). The regulations on Al
approval have discrepancies across the globe, even among
bodies such as the FDA and the European Medicines Agency
(EMA) (157,159). The World Health Organization (WHO)
has issued guidelines advising on a transparent, accountable,
and inclusive framework, yet a universal legal framework is
absent (153). A recent review warns that, without standard-
ized oversight, Al systems trained on biased or insufficiently
representative datasets may underperform for underrep-
resented populations and thereby exacerbate healthcare
inequities (144). The authors of that review recommend regu-
latory standards requiring inclusive data, external testing and
oversight to mitigate these risks (144).

In conclusion, at the institution level, the authorities can
have a formalized series of guidelines to be followed before
using Al to protect patient rights, clinical accountability
and compliance with regulatory boards. Patients need to be
adequately informed regarding the procedures in which the
AT assistance is used and their explicit informed consent
in accordance with GDPR/HIPAA privacy standards. The
clinical validation of data needs to be carried out routinely,
and the regulatory status of the device or software should be
documented at regular intervals. In addition to the Al system
results, a human override should be ensured with a defined
protocol, which can help in retention of authority of final
decision making with experienced clinicians in high-risk
scenarios. The results reported by the AI mechanism can be
integrated with existing medical records to capture and act
promptly in cases of system errors and model drifts. Staff
training is crucial: Clinicians and support staff need both
technical proficiency with Al systems and the communication
skills to explain the limits of Al to patients, document consent
and recognize when human judgment must prevail.

Best-practice frameworks such as Developmental and
Exploratory Clinical Investigation of Decision support systems
driven by Artificial Intelligence (DECIDE-AI) recommend the
phased clinical testing and ‘shadow deployment’ of Al tools
to identify biases and safety issues before full rollout (147).
As Al continues to provide transformative ability in the field
of medicine, a coordinated legal and ethical framework is
vital to safeguard the patients. An overview of the regulatory
frameworks and guidelines for Al in healthcare by region is
provided in Table SIII.

9. Future directions and innovations

Al continues to transform the healthcare landscape with notable
advancements in imaging, statistical analysis and surgical
robotics, improving procedure efficiency and patient safety.
The use of Al in precision medicine, imaging, diagnosis, risk
stratification, genomics and drug discovery is rising (56,161).

Al in imaging and screening. Al is increasingly being
employed in image-based screening tools. Lesion detection Al
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tools, such as Transpara, INSIGHT MMG and ProFound have
demonstrated promising outcomes in screening mammog-
raphy. Prospective, population-based trials of Transpara
and INSIGHT MMG, published in 2023, have reported
encouraging findings, suggesting that deep learning systems
may be used as reliable second readers in the future, which
would reduce the workload of radiologists and improve the
cancer diagnosis rate (162,163). Similar approaches are being
researched for colorectal and lung cancer screening (164,165).

Workflow optimization. Al-driven workflow triage systems
appear to have a promising future in clinical data stratification
by risk category. While high-risk cases can be prioritized for
an earlier physician assessment, low-risk data can be processed
more efficiently, and this approach is especially beneficial
for managing the huge amounts of data generated by routine
screening and diagnostic processes (166).

Integration with multiomics. Molecular biology is under-
going a paradigm shift due to the application of multiomics
approaches, which analyze large datasets comprising the
genome, epigenome, proteome, metabolome and micro-
biome. The application of Al in multiomics is still in its
early stages; however, by integrating genomic, imaging and
clinical data, it could enhance the identification of at-risk
groups, and enable more precise screening, diagnosis and
prognosis (167,168).

Data collection and standards. Multiomics datasets need
to be collected under standardized protocols and common data
formats to ensure consistency and quality (169). Establishing
clear standards (e.g., FAIR data principles) and rigorous data
curation will ensure that the datasets are robust and interoper-
able (170).

Harmonization and federated learning. Implement distrib-
uted learning architectures will allow institutions to train
shared models without exchanging raw data. Data harmoni-
zation and federated learning can integrate diverse genomic,
proteomic and clinical data across centers, while preserving
patient privacy (171).

Model development and external validation. Predictive
models using a range of multiomics cohorts that are represen-
tative of the population could be established and these could
be rigorously tested on external datasets. External validation
across distinct populations is crucial for avoiding overfitting
and ensuring generalizability. By using transfer learning and
domain adaptation strategies, model resilience across different
patient groups can be further improved (169).

Regulatory and deployment considerations. Developers
should incorporate regulatory planning early in the develop-
ment process and adhere to evolving frameworks, such as
guidelines on AI/ML-based medical devices, to ensure trans-
parency, patient safety and clinical implementation that aligns
with regulations (157,172).

Monitoring and maintenance. Following installation,
AI/ML systems need to be subjected to regular observation
to detect drift or bias. Performance updates and issue reports
need to be made on a regular basis. The EU AI Act and other
legal frameworks require high-risk AI systems to maintain
these supervision obligations for the duration of their func-
tioning (173,174).

MEDICINE INTERNATIONAL 6: 5, 2026 11

Advanced diagnostic tools. Rong et al (175) reported that
Al applications have been used to support diagnosis, disease
management and clinical decision-making across several areas of
medicine, and thus may improve diagnostic accuracy and work-
flows. NLP and automated voice recognition technologies have
the potential to enhance clinical documentation by condensing
crucial information from doctor-patient interactions (176).

Mixed reality and intraoperative guidance. As interest in
mixed reality technologies, such as virtual reality (VR) and
AR increases, so does intraoperative guiding and surgical
planning. VR immerses users in a virtual world, whereas AR
overlays the operator's field of vision with digital graphics in
the actual world. The future integration of Al and AR could
provide dynamic, immersive surgical guidance and real-time
3D anatomical reconstruction (61,177).

Surgical training and simulation. Al and ML can enhance
VR and AR-based simulation platforms, opening up new
possibilities for surgical training. With the ability to address
difficult learning curves in complex surgical specialties and
to facilitate skill acquisition through customized and adapt-
able simulation settings, these technologies hold promise as
beneficial teaching aids (61). Future advancements in robotics,
bioprinting and personalized surgery could involve intelligent
micro- and nanorobots for medication delivery and noninva-
sive medical procedures. Pre-operative evaluation data can be
used for robotic assistance in the manufacture of 3D-bioprinted
organs and tissues tailored for each patient and could advance
transplant surgeries (66).

Emerging challenges and research needs. Future research
is required to focus on improving the accuracy, depend-
ability and transparency of AI models in real-time
clinical contexts (178,179). Further longitudinal studies are also
required to evaluate patient outcomes and overall cost-effec-
tiveness (80,180). Research into digital twins, extended reality
integration and semi-autonomous robotic systems is likely to
improve preoperative planning and simulation (83,179,181). A
summary of future Al technologies and expected timelines for
clinical implementation is provided in Table SIV. The ethical
considerations of algorithmic responsibility, patient consent
and equitable access to technology must remain at the fore-
front of the development and use of Al in healthcare (180,182).
The effective integration of autonomous robotic-assisted
surgery into clinical practice requires collaboration between
the surgeon and the manufacturer to explicitly define duties,
particularly in cases where malfunctions potentially endanger
patient safety (82). A summary of the Al tools and systems
discussed in the present review is provided in Table SV.

Al in Healthcare: Anticipated advances in the ensuing
5-10 years

Education. Over the following decade, competence in Al
will become increasingly critical in clinical training. Surveys
indicate that staff and students are eager expand their knowl-
edge of the use of Al in healthcare. For example, one survey
found that only 50% of teachers and 30% of students felt
acquainted with Al notions, despite their considerable interest
for additional training (183). A different recent survey found
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that almost three-quarters of medical students supported
structured Al instruction in their curriculum, with a focus on
decision-support tools, ethics and applications (184). Future
educational programs will emphasize the ethical use of Al,
bias awareness and the critical evaluation of model outputs,
preparing doctors to collaborate with Al-enabled systems
rather than be replaced by them (183,184).

Regulation. Over the coming decade, continuous,
evidence-based oversight is expected to become the norm for
surgical Al control. The FDA is moving toward a lifecycle
regulatory strategy for AI/ML-based surgical devices that
emphasizes transparency, post-market evaluation and iterative
performance monitoring to ensure safety and reliability in
real-world use (185). In order to minimize bias and misuse in
surgical Al applications, larger ethical and regulatory studies
are required to further emphasize the importance of gover-
nance structures that include risk management, accountability
and interdisciplinary stakeholder interaction (157).

Reimbursement. Health systems will expand payment
methods to incorporate Al-driven surgeries. For example,
studies on Al systems that produce current procedural
terminology codes from operating notes indicate emerging
reimbursement prospects in surgical specialties (186). A
previous review of the broader Al/medical-device ecosystem
demonstrated how reimbursement systems are evolving in
parallel with regulatory monitoring, underscoring the neces-
sity for coverage plans that keep up with innovation (187).
Future government payers and insurers are expected to cover
more validated Al tools in the surgical context, which will
make integration viable and sustainable (186,187).

Pilot trials. In the coming years, phased pilot deployments
of Al in clinical practice will expand its scope of application.
Early implementations of ambient Al scribe technology have
exhibited improved documentation efficiency, less labor after
hours and a reduction in the workload of clinicians. Through
iterative evaluation and refinement, these pilots will provide a
scalable approach for more widespread Al integration, while
ensuring usability and safety (188,189).

10. Conclusion

Al has been a transformative force within contemporary
clinical practice, exhibiting stellar performance across the
diagnosis, treatment planning, surgery and cardiology spaces.
It also provides advanced decision-support and predictive
analytics tools that leverage large-scale clinical data for
more precise interventions. DL and other related technolo-
gies have notably improved imaging interpretation and lesion
detection, and systems grounded in Al aid decision-making
and permit more accurate therapeutic interventions. These
capabilities can also automate routine tasks and prioritize
urgent cases, optimizing clinical workflows. Within surgery,
Al-assisted planning, intraoperative navigation and robotics
have increased accuracy and efficiency, and have improved
patient outcomese. In the same manner, within cardiology,
ML algorithms have improved electrocardiographic and
imaging interpretation, enabled remote monitoring, and
enabled interventions that are often superior to those derived
from traditional methods. Moreover, Al-powered wearable
devices and digital tools (such as smartwatches and digital

stethoscopes) extend cardiac monitoring to remote or
underserved regions, enabling continuous care and virtual
consultations. These inventions taken together highlight
the capacity of Al to provide elevated diagnostic accuracy,
streamline processes and individualize patient care. Notably,
by reducing errors and streamlining workflows, these Al
advances also support the healthcare ‘quadruple aim’ of
improved outcomes, enhanced patient experience, lower
costs and higher provider satisfaction.

Concurrently, key obstacles mitigate this advancement.
Data bias continues to be a prevalent issue, posing the risk
of reinforcing disparities in healthcare provision. The opaque
‘black box’ characteristics inherent in numerous models
prompt inquiries regarding interpretability and trustworthi-
ness, while unresolved ethical and legal challenges, such
as liability, informed consent and data privacy, necessitate
immediate focus. Current regulatory structures have failed
to evolve alongside the swift technological progress, and
the dangers of excessive dependence on Al underscore the
necessity of maintaining critical clinical competencies.
Furthermore, extensive training and governance are essential
to ensure that clinicians remain proficient and can effectively
oversee Al systems in high-risk scenarios. Additionally, chal-
lenges related to the incorporation of Al into current hospital
infrastructures and operational processes persist, obstructing
broad acceptance.

Despite these hurdles however, the potential for Al in
healthcare is indisputable. Through improved diagnostic
precision, the capability for enabling personalized therapies
and improved efficiency, Al can lift the quality and value
of healthcare into the future. Ensuring that such potential is
fulfilled will require adequate validation, transparent and
equitable development, and cross-disciplinary collabora-
tion. Through adequate governance and sustained advances,
Al can transcend the status of adjunct tool and become the
cornerstone upon which medicine in the contemporary era is
constructed, reconfiguring clinical practice for the benefit of
patients globally.

Acknowledgements

Not applicable.

Funding

No funding was received.

Availability of data and materials

Not applicable.

Authors' contributions

KST and SE conceptualized and designed the study, coordi-
nated the literature search, and reviewed the final manuscript.
KST and DMP contributed to manuscript editing. KST, SE,
DMP, AT, AJ and SL contributed equally to the literature
search and to the writing of the manuscript. All authors have

read and approved the final manuscript. Data authentication is
not applicable.



/B PUBLICATIONS

SPANDIDOS

Ethics approval and consent to participate

Not applicable.

Patient consent for publication

Not applicable.

Competing interests

The authors declare that they have no competing interests.

References

10.

11.

12.
13.

14.

15.

16.

17.

18.

. Rojas-Carabali W, Agrawal R, Gutierrez-Sinisterra L, Baxter SL,

Cifuentes-Gonzélez C, Wei YC, Abisheganaden J, Kannapiran P,
Wong S, Lee B, et al: Natural language processing in medicine
and ophthalmology: A review for the 21st-century clinician. Asia
Pac J Ophthalmol (Phila) 13: 100084, 2024.

. Hirani R, Noruzi K, Khuram H, Hussaini AS, Aifuwa EI, Ely KE,

Lewis JM, Gabr AE, Smiley A, Tiwari RK and Etienne M: Artificial
intelligence and healthcare: A journey through history, present inno-
vations, and future possibilities. Life (Basel) 14: 557,2024.

. Aamir A, Igbal A, Jawed F, Ashfaque F, Hafsa H, Anas Z,

Oduoye MO, Basit A, Ahmed S, Abdul Rauf S, et al: Exploring
the current and prospective role of artificial intelligence in
disease diagnosis. Ann Med Surg (Lond) 86: 943-949, 2024.

. Bajwa J, Munir U, Nori A and Williams B: Artificial intelligence

in healthcare: Transforming the practice of medicine. Future
Healthc J 8: €188-e194, 2021.

. Poterucha TJ, Jing L, Ricart RP, Adjei-Mosi M, Finer J, Hartzel D,

Kelsey C, Long A, Rocha D, Ruhl JA, er al: Detecting structural
heart disease from electrocardiograms using Al. Nature 644:
221-230, 2025.

. Bhandari A: Revolutionizing radiology with artificial intelli-

gence. Cureus 16: €72646, 2024.

. Krishna NK, RS A and K S: Artificial intelligence in radiology:

Augmentation, not replacement. Cureus. 17: €86247, 2025.

. Stafie CS, Sufaru IG, Ghiciuc CM, Stafie II, Sufaru EC,

Solomon SM and Hancianu M: Exploring the intersection of
artificial intelligence and clinical healthcare: A multidisciplinary
review. Diagnostics (Basel) 13: 1995, 2023.

. Langs G, Rohrich S, Hofmanninger J, Prayer F, Pan J, Herold C

and Prosch H: Machine learning: From radiomics to discovery
and routine. Radiologe 58 (Suppl 1): S1-S6, 2018.

Li X, Shen L, Xie X, Huang S, Xie Z, Hong X and Yu I:
Multi-resolution convolutional networks for chest X-ray radio-
graph based lung nodule detection. Artif Intell Med 103: 101744,
2020.

Maiter A, Hocking K, Matthews S, Taylor J, Sharkey M,
Metherall P, Alabed S, Dwivedi K, Shahin Y, Anderson E, et al:
Evaluating the performance of artificial intelligence software
for lung nodule detection on chest radiographs in a retrospective
real-world UK population. BMJ Open 13: e077348, 2023.

Wang S and Summers RM: Machine learning and radiology.
Med Image Anal 16: 933-951, 2012.

Wang J, Wang T, Han R, Shi D and Chen B: Artificial intelli-
gence in cancer pathology: Applications, challenges, and future
directions. CytoJournal 22: 45, 2025.

Zhu M, Sali R, Baba F, Khasawneh H, Ryndin M, Leveillee RJ,
Hurwitz MD, Lui K, Dixon C and Zhang DY: Artificial intel-
ligence in pathologic diagnosis, prognosis and prediction of
prostate cancer. Am J Clin Exp Urol 12: 200-215, 2024.

Bera K, Schalper KA, Rimm DL, Velcheti V and Madabhushi A:
Artificial intelligence in digital pathology-new tools for diagnosis
and precision oncology. Nat Rev Clin Oncol 16: 703-715, 2019.
Ma'Y, Jamdade S, Konduri L and Sailem H: Al in histopathology
explorer for comprehensive analysis of the evolving Al landscape
in histopathology. NPJ Digit Med 8: 156, 2025.

Jeong JJ, Tariq A, Adejumo T, Trivedi H, Gichoya JW and
Banerjee I: Systematic review of generative adversarial networks
(GANs) for medical image classification and segmentation.
J Digit Imaging 35: 137-152,2022.

Skandarani Y, Jodoin PM and Lalande A: GANs for medical
image synthesis: An empirical study. J Imaging 9: 69, 2023.

MEDICINE INTERNATIONAL 6: 5, 2026

19.

20.

21.

22.

23.
24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

13

Behara K, Bhero E and Agee JT: Al in dermatology: A compre-
hensive review into skin cancer detection. Peer] Comput Sci 10:
€2530,2024.

Alotaibi A and AlSaeed D: Skin cancer detection using transfer
learning and deep attention mechanisms. Diagnostics (Basel) 15:
99, 2025.

Arshad M, Khan MA, Almujally NA, Alasiry A, Marzougui M
and Nam Y: Multiclass skin lesion classification and localization
from dermoscopic images using a novel network-level fused deep
architecture and explainable artificial intelligence. BMC Med
Inform Decis Mak 25: 215, 2025.

Han SS, Park I, Eun Chang S, Lim W, Kim MS, Park GH,
Chae JB, Huh CH and Na JI: Augmented intelligence derma-
tology: Deep neural networks empower medical professionals in
diagnosing skin cancer and predicting treatment options for 134
skin disorders. J Invest Dermatol 140: 1753-1761, 2020.

Wei ML, Tada M, So A and Torres R: Artificial intelligence and
skin cancer. Front Med (Lausanne) 11: 1331895, 2024.

Jeong HK, Park C, Henao R and Kheterpal M: Deep learning
in dermatology: A systematic review of current approaches,
outcomes, and limitations. JID Innov 3: 100150, 2022.
Mevorach L, Farcomeni A, Pellacani G and Cantisani C:
A comparison of skin lesions' diagnoses between Al-based
image classification, an expert dermatologist, and a non-expert.
Diagnostics (Basel) 15: 1115, 2025.

Brinker TJ, Hekler A, Enk AH, Klode J, Hauschild A, Berking C,
Schilling B, Haferkamp S, Schadendorf D, Holland-Letz T, et al:
Deep learning outperformed 136 of 157 dermatologists in a
head-to-head dermoscopic melanoma image classification task.
Eur J Cancer 113: 47-54, 2019.

Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM and
Thrun S: Dermatologist-level classification of skin cancer with
deep neural networks. Nature 542: 115-118, 2017.

Lalmalani RM, Lim CXY and Oh CC: Artificial intelligence in
dermatopathology: A systematic review. Clin Exp Dermatol 50:
251-259, 2025.

Olawade DB, Weerasinghe K, Mathugamage MDDE, Odetayo A,
Aderinto N, Teke J and Boussios S: Enhancing ophthalmic
diagnosis and treatment with artificial intelligence. Medicina
(Kaunas) 61: 433,2025.

Goldhagen BE and Al-Khersan H: Diving deep into deep
learning: An update on artificial intelligence in retina. Curr
Ophthalmol Rep 8: 121-128, 2020.

Abramoff MD, Lavin PT, Birch M, Shah N and Folk JC: Pivotal
trial of an autonomous Al-based diagnostic system for detection
of diabetic retinopathy in primary care offices. NPJ Digit Med 1:
39, 2018.

Rajpurkar P, Irvin J, Ball RL, Zhu K, Yang B, Mehta H, Duan T,
Ding D, Bagul A, Langlotz CP, et al: Deep learning for chest
radiograph diagnosis: A retrospective comparison of the
CheXNeXt algorithm to practicing radiologists. PLoS Med 15:
€1002686, 2018.

Hashim HT, Alhatemi AQM, Daraghma M, Ali HT, Khan MA,
Sulaiman FA,AliZH, Sahib MA, Al-Obaidi AD and Al-Obaidi A:
Artificial intelligence versus radiologists in detecting early-stage
breast cancer from mammograms: A meta-analysis of paradigm
shifts. Pol J Radiol 90: el-e8, 2025.

Komatsu M, Teraya N, Natsume T, Harada N, Takeda K and
Hamamoto R: Clinical application of artificial intelligence in
ultrasound imaging for oncology. JMA J 8: 18-25,2025.
Alowais SA, Alghamdi SS, Alsuhebany N, Alqahtani T,
Alshaya A, Almohareb SN, Aldairem A, Alrashed M,
Bin Saleh K, Badreldin HA, et al: Revolutionizing healthcare:
The role of artificial intelligence in clinical practice. BMC Med
Educ 23: 689, 2023.

Sjovall F, Lanckohr C and Bracht H: What's new in therapeutic
drug monitoring of antimicrobials? Intensive Care Med 49:
857-859, 2023.

Partin A, Brettin TS, Zhu Y, Narykov O, Clyde A, Overbeek J
and Stevens RL: Deep learning methods for drug response
prediction in cancer: Predominant and emerging trends. Front
Med (Lausanne) 10: 1086097. 2023.

Han K, Cao P, Wang Y, Xie F,MaJ, Yu M, Wang J, Xu Y,Zhang Y
and Wan J: A review of approaches for predicting drug-drug
interactions based on machine learning. Front Pharmacol 12:
814858, 2022.

Yuan S, Yang Z,LiJ, Wu C and Liu S: Al-powered early warning
systems for clinical deterioration significantly improve patient
outcomes: A meta-analysis. BMC Med Inform Decis Mak 25:
203,2025.


https://www.spandidos-publications.com/10.3892/mi.2025.289

14

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

THOMAS et al: AT ACROSS CLINICAL SPECIALTIES

Pimentel MAF, Redfern OC, Malycha J, Meredith P, Prytherch D,
Briggs J, Young JD, Clifton DA, Tarassenko L and Watkinson PJ:
Detecting deteriorating patients in the hospital: Development
and validation of a novel scoring system. Am J Respir Crit Care
Med 204: 44-52,2021.

Ye J, Woods D, Jordan N and Starren J: The role of artifi-
cial intelligence for the application of integrating electronic
health records and patient-generated data in clinical decision
support. AMIA Jt Summits Transl Sci Proc 2024: 459-467,
2024.

Haug CJ and Drazen JM: Artificial intelligence and machine
learning in clinical medicine. N Engl J Med 388: 1201-1208,
2023.

Abubaker Bagabir S, Ibrahim NK, Abubaker Bagabir H and
Hashem Ateeq R: Covid-19 and artificial intelligence: Genome
sequencing, drug development and vaccine discovery. J Infect
Public Health 15: 289-296, 2022.

Krishnan A, Zhang R, Yao V, Theesfeld CL, Wong AK,
Tadych A, Volfovsky N, Packer A, Lash A and Troyanskaya OG:
Genome-wide prediction and functional characterization of the
genetic basis of autism spectrum disorder. Nat Neurosci 19:
1454-1462, 2016.

Tran TTV, Surya Wibowo A, Tayara H and Chong KT: Artificial
intelligence in drug toxicity prediction: Recent advances, chal-
lenges, and future perspectives. J Chem Inf Model 63: 2628-2643,
2023.

Singh DP and Kaushik B: A systematic literature review
for the prediction of anticancer drug response using various
machine-learning and deep-learning techniques. Chem Biol
Drug Des 101: 175-194, 2023.

Ansari MS, Alok AK, Jain D, Rana S, Gupta S, Salwan R and
Venkatesh S: Predictive model based on health data analysis for
risk of readmission in disease-specific cohorts. Perspect Health
Inf Manag 18(Spring): 1j, 2021.

Crossnohere NL, Elsaid M, Paskett J, Bose-Brill S and
Bridges JFP: Guidelines for artificial intelligence in medicine:
Literature review and content analysis of frameworks. J Med
Internet Res 24: €36823, 2022.

Barmaz Y and Ménard T: Bayesian modeling for the detection
of adverse events underreporting in clinical trials. Drug Saf 44:
949-955, 2021.

Wang Y, Coiera E and Magrabi F: Can unified medical language
system-based semantic representation improve automated iden-
tification of patient safety incident reports by type and severity?
J Am Med Inform Assoc 27: 1502-1509, 2020.

De Micco F, Di Palma G, Ferorelli D, De Benedictis A,
Tomassini L, Tambone V, Cingolani M and Scendoni R:
Artificial intelligence in healthcare: Transforming patient safety
with intelligent systems-A systematic review. Front Med 11:
1522554,2025.

Corny J, Rajkumar A, Martin O, Dode X, Lajonchere JP,
Billuart O, Bézie Y and Buronfosse A: A machine learning-based
clinical decision support system to identify prescriptions with
a high risk of medication error. ] Am Med Inform Assoc 27:
1688-1694, 2020.

Zheng Y, Rowell B, Chen Q, Kim JY, Kontar RA, Yang XJ and
Lester CA: Designing human-centered Al to prevent medication
dispensing errors: Focus group study with pharmacists. JMIR
Form Res 7: €51921, 2023.

Gan TRX, Tan LWIJ, Egermark M, Truong ATL, Kumar K,
Tan SB, Tang S, Blasiak A, Goh BC, Ngiam KY and Ho D:
Al-assisted warfarin dose optimisation with CURATE.AI for
clinical impact: Retrospective data analysis. Bioeng Transl
Med 10: e10757, 2025.

Tan BKJ, Teo CB, Tadeo X, Peng S, Soh HPL, Du SX,Luo VWY,
Bandla A, Sundar R, Ho D, Kee TW and Blasia A: Personalised,
rational, efficacy-driven cancer drug dosing via an artificial
intelligence system (PRECISE): A protocol for the PRECISE
CURATE.AI pilot clinical trial. Front Digit Health 3: 635524,
2021.

Wah JNK: Revolutionizing surgery: Al and robotics for
precision, risk reduction, and innovation. J] Robot Surg 19:
47,2025.

Hashimoto DA, Rosman G, Rus D and Meireles OR: Artificial
intelligence in surgery: Promises and perils. Ann Surg 268:
70-76. 2018.

Cizmic A, Mitra AT, Preukschas AA, Kemper M, Melling NT,
Mann O, Markar S, Hackert T and Nickel F: Artificial intel-
ligence for intraoperative video analysis in robotic-assisted
esophagectomy. Surg Endosc 39: 2774-2783, 2025.

59.

60.

61.

62.

63.

64.

65.

66.
67.

68.

69.

70.
71.

72.

73.

74.

75.

76.

1.

78.

Esposito C, Masieri L, Di Mento C, Cerulo M,
Del Conte F, Coppola V, Esposito G, Tedesco F, Chiodi A,
Carraturo F, et al: Seven years of pediatric robotic-assisted
surgery: insights from 105 procedures. J Robot Surg 19: 157,
2025.

Xiao X, Wang X, Meng B, Pan X and Zhao H: Comparison of
robotic Al-assisted and manual pedicle screw fixation for treating
thoracolumbar fractures: A retrospective controlled trial. Front
Bioeng Biotechnol 13: 1491775, 2025.

Guni A, Varma P, Zhang J, Fehervari M and Ashrafian H:
Artificial intelligence in surgery: The future is now. Eur Surg
Res: Jan 22,2024 (Epub ahead of print).

Reismann J, Romualdi A, Kiss N, Minderjahn MI, Kallarackal J,
Schad M and Reismann M: Diagnosis and classification of
pediatric acute appendicitis by artificial intelligence methods:
An investigator-independent approach. PLoS One 14: €0222030.
2019.

El Hechi MW, Maurer LR, Levine J, Zhuo D, El Moheb M,
Velmahos GC, Dunn J, Bertsimas D and Kaafarani HM:
Validation of the artificial intelligence-based predictive optimal
trees in emergency surgery risk (POTTER) calculator in emer-
gency general surgery and emergency laparotomy patients. J Am
Coll Surg 232: 912-919.e1, 2021.

Abbasi N and Hussain HK: Integration of artificial intelligence
and smart technology: Al-driven robotics in surgery: Precision
and efficiency. Journal of Artificial Intelligence General Science
(JAIGS) 5: 381-390. 2024. https://doi.org/10.60087/jaigs v5il1.207.
Urrea C, Garcia-Garcia Y, Kern J and Rodriguez-Guillen R:
Neuro-visual adaptive control for precision in robot-assisted
surgery. Technologies 13: 135, 2025.

Zhou XY, Guo Y, Shen M and Yang GZ: Application of artificial
intelligence in surgery. Front Med 14: 417-430, 2020.

Rank N, Pfahringer B, Kempfert J, Stamm C, Kiihne T,
Schoenrath F, Falk V, Eickhoff C and Meyer A:
Deep-learning-based real-time prediction of acute kidney injury
outperforms human predictive performance. NPJ Digit Med 3:
139, 2020.

Ismail Fawaz H, Forestier G, Weber J, [doumghar L and Muller P:
Accurate and interpretable evaluation of surgical skills from
kinematic data using fully convolutional neural networks. Int J
Comput Assist Radiol Surg 14: 1611-1617, 2019.

Han J, Davids J, Ashrafian H, Darzi A, Elson DS and
Sodergren M: A systematic review of robotic surgery: From
supervised paradigms to fully autonomous robotic approaches.
Int J Med Robot 18: €2358, 2022.

Wang J, Zhang L, Huang Y, Zhao J and Bella F: Safety of autono-
mous vehicles. ] Adv Transp: Oct 6, 2020 (Epub ahead of print).
Connor MJ, Dasgupta P, Ahmed HU and Raza A: Autonomous
surgery in the era of robotic urology: Friend or foe of the future
surgeon? Nat Rev Urol 17: 643-649, 2020.

Madani A, Namazi B, Altieri MS, Hashimoto DA, Rivera AM,
Pucher PH, Navarrete-Welton A, Sankaranarayanan G,
Brunt LM, Okrainec A and Alseidi A: Artificial intelligence for
intraoperative guidance: Using semantic segmentation to iden-
tify surgical anatomy during laparoscopic cholecystectomy. Ann
Surg 276: 363-369, 2022.

Garcia Nespolo R, Yi D, Cole E, Valikodath N, Luciano C
and Leiderman YI: Evaluation of artificial intelligence-based
intraoperative guidance tools for phacoemulsification cataract
surgery. JAMA Ophthalmol 140: 170-177, 2022.

Li A, Javidan AP, Namazi B, Madani A and Forbes TL:
Development of an artificial intelligence tool for intraoperative
guidance during endovascular abdominal aortic aneurysm repair.
Ann Vasc Surg 99: 96-104, 2023.

Patel RJ, Lee AM, Hallsten J, Lane JS, Barleben AR and
Malas MB: Use of surgical augmented intelligence maps can
reduce radiation and improve safety in the endovascular treat-
ment of complex aortic aneurysms. J Vasc Surg 77: 982-990.e2,
2023.

Choi JH, Diab A, Tsay K, Kuruvilla D, Ganam S, Saad A,
Docimo S Jr, Sujka JA and DuCoin CG: The evidence behind
robot-assisted abdominopelvic surgery: A meta-analysis of
randomized controlled trials. Surg Endosc 38: 2371-2382, 2024.
Wen R, Zheng K, Zhang Q, Zhou L, Liu Q, Yu G, Gao X, Hao L,
Lou Z and Zhang W: Machine learning-based random forest
predicts anastomotic leakage after anterior resection for rectal
cancer. J Gastrointest Oncol 12: 921-932, 2021.

Azimi K, Honaker MD, Chalil Madathil S and Khasawneh MT:
Post-operative infection prediction and risk factor analysis in
colorectal surgery using data mining techniques: A pilot study.
Surg Infect (Larchmt) 21: 784-792, 2020.



wd 2| SPANDIDOS
) PUBLICATIONS

79. Shahi A, Bajaj G, GolharSathawane R, Mendhe D and Dogra A:
Integrating robot-assisted surgery and Al for improved health-
care outcomes. In: Proc 2024 Ninth Int Conf Sci Technol Eng
Math (ICONSTEM). IEEE, Piscataway, NY, ppl-5, 2024.

80. Lai TJ, Heggie R, Kamaruzaman HF, Bouttell J and Boyd K:
Economic evaluations of robotic-assisted surgery: methods, chal-
lenges and opportunities. Appl Health Econ Health Policy 23:
35-49, 2025.

81. Salam A, Wireko AA, Jiffry R, Ng JC, Patel H, Zahid M]J,
Mehta A, Huang H, Abdul-Rahman T and Isik A: The impact of
natural disasters on healthcare and surgical services in low- and
middle-income countries. Ann Med Surg (Lond) 85: 3774-3777,
2023.

82. Bellos T, Manolitsis I, Katsimperis S, Juliebg-Jones P,
Feretzakis G, Mitsogiannis I, Varkarakis I, Somani BK and
Tzelves L: Artificial intelligence in urologic robotic oncologic
surgery: A narrative review. Cancers (Basel) 16: 1775, 2024.

83. Asciak L, Kyeremeh J, Luo X, Kazakidi A, Connolly P, Picard F,
O'Neill K, Tsaftaris SA, Stewart GD and Shu W: Digital twin
assisted surgery, concept, opportunities, and challenges. NPJ
Digit Med 8: 32, 2025.

84. Knudsen JE, Ghaffar U, Ma R and Hung AlJ: Clinical applica-
tions of artificial intelligence in robotic surgery. J Robot Surg 18:
102,2024.

85. Wah JNK: The rise of robotics and Al-assisted surgery in modern
healthcare. J Robot Surg 19: 311, 2025.

86. Asada T, Simon CZ, Lu AZ, Adida S, Dupont M, Parel PM,
Zhang J, Bhargava S, Morse KW, Dowdell JE, et al:
Robot-navigated pedicle screw insertion can reduce intra-
operative blood loss and length of hospital stay: Analysis of
1,633 patients utilizing propensity score matching. Spine J 24:
118-124,2024.

87. Battaglia E, Boehm J, Zheng Y, Jamieson AR, Gahan J and
Majewicz Fey A: Rethinking autonomous surgery: Focusing on
enhancement over autonomy. Eur Urol Focus 7: 696-705, 2021.

88. Nkenguye W: Artificial intelligence in surgical care for low- and
middle-income countries: Challenges, opportunities, and the
path forward. Surg Pract Sci 22: 100290, 2025.

89. Chepkoech M, Malila B and Mwangama J: Telementoring for
surgical training in low-resource settings: A systematic review
of current systems and the emerging role of 5G, AI, and XR.
J Robot Surg 19: 525, 2025.

90. Takeuchi M and Kitagawa Y: Artificial intelligence and surgery.
Ann Gastroenterol Surg 8: 4-5, 2023.

91. Min Z, Lai J and Ren H: Innovating robot-assisted surgery
through large vision models. Nat Rev Electr Eng 2: 350-363,
2025.

92. Lee S, Chu Y, Ryu J, Park YJ, Yang S and Koh SB: Artificial
intelligence for detection of cardiovascular-related diseases from
wearable devices: A systematic review and meta-analysis. Yonsei
Med J 63 (Suppl): S93-S107. 2022.

93. Patel PM, Green M, Tram J, Wang E, Murphy MZ, Abd-Elsayed A
and Chakravarthy K: Beyond the pain management clinic: The
role of Al-integrated remote patient monitoring in chronic disease
management-a narrative review. J Pain Res 17: 4223-4237,2024.

94. Siranart N, Deepan N, Techasatian W, Phutinart S, Sowalertrat W,
Kaewkanha P, Pajareya P, Tokavanich N, Prasitltumkum N
and Chokesuwattanaskul R: Diagnostic accuracy of artificial
intelligence in detecting left ventricular hypertrophy by electro-
cardiograph: A systematic review and meta-analysis. Sci Rep 14:
15882, 2024.

95. He B, Kwan AC, Cho JH, Yuan N, Pollick C, Shiota T, Ebinger J,
Bello NA, Wei J, Josan K, et al: Blinded, randomized trial of
sonographer versus Al cardiac function assessment. Nature 616:
520-524,2023.

96. Jonas R, Earls J, Marques H, Chang HJ, Choi JH, Doh JH,
Her AY, Koo BK, Nam CW, Park HB, et al: Relationship of age,
atherosclerosis and angiographic stenosis using artificial intel-
ligence. Open Heart 8: 001832, 2021.

97. Cho Y, Yoon M, Kim J, Lee JH, Oh 1Y, Lee CJ, Kang SM and
Choi DJ: Artificial intelligence-based electrocardiographic
biomarker for outcome prediction in patients with acute heart
failure: prospective cohort study. J Med Internet Res 26: 52139,
2024.

98. Maille B, Wilkin M, Million M, Resseguier N, Franceschi F;
Koutbi-Franceschi L, Hourdain J, Martinez E, Zabern M,
Gardella C, et al: Smartwatch electrocardiogram and artificial
intelligence for assessing cardiac-rhythm safety of drug therapy
in the COVID-19 pandemic. The QT-logs study. Int J Cardiol 331:
333-339, 2021.

MEDICINE INTERNATIONAL 6: 5, 2026 15

99. Van der Harst P and Nathoe H: Transforming cardiology with
Al: The eko CORE 500 digital stethoscope. Neth Heart J 33:
141-142, 2025.

100. Backhaus SJ, Aldehayat H, Kowallick JT, Evertz R, Lange T,
Kutty S, Bigalke B, Gutberlet M, HasenfuB G, Thiele H, er al:
Artificial intelligence fully automated myocardial strain
quantification for risk stratification following acute myocardial
infarction. Sci Rep 12: 12220, 2022.

101. Kolk MZH, Ruipérez-Campillo S, Wilde AAM, Knops RE,
Narayan SM and Tjong FVY: Prediction of sudden cardiac death
using artificial intelligence: Current status and future directions.
Heart Rhythm 22: 756-766, 2025.

102.Kim Y, Yoon HJ, Suh J, Kang SH, Lim YH, Jang DH, Park JH,
Shin ES, Bae JW, Lee JH, et al: Artificial intelligence-based
fully automated quantitative coronary angiography vs optical
coherence tomography-guided PCI: The FLASH trial. JACC
Cardiovasc Interv 18: 187-197, 2024.

103.Lee H, Kim HJ, Chang HW, Kim DJ, Mo J and Kim JE:
Development of a system to support warfarin dose decisions
using deep neural networks. Sci Rep 11: 14745, 2021.

104. Gautam N, Ghanta SN, Mueller J, Mansour M, Chen Z, Puente C,
Ha YM, Tarun T, Dhar G, Sivakumar K, et al: Artificial intel-
ligence, wearables and remote monitoring for heart failure:
Current and future applications. Diagnostics 12: 2964, 2022.

105. Cheema BS, Walter J, Narang A and Thomas JD: Artificial
intelligence-enabled POCUS in the COVID-19 ICU: A New
Spin on Cardiac Ultrasound. JACC Case Rep 3: 258-263, 2021.

106.Deisenhofer I, Albenque JP, Busch S, Gitenay E,
Mountantonakis SE, Roux A, Horvilleur J, Bakouboula B,
Oza S, Abbey S, et al: Artificial intelligence for individual-
ized treatment of persistent atrial fibrillation: A randomized
controlled trial. Nat Med 31: 1286-1293, 2025.

107. U.S.FoodandDrug Administration.510(k) premarketnotification:
EchoGo Core (K191171). Food and Drug Administration, 2019.
Silver Spring, Maryland. Available from: https:/www.access-
data.fda.gov/scripts/cdrh/cfdocs/cfpmn/pmn.cfm?ID=K191171.

108. Mahdavi M, Thomas N, Flood C, Stewart-Lord A, Baillie L,
Grisan E, Callaghan P, Panayotova R, Hothi SS, Griffith V, et al:
Evaluating artificial intelligence-driven stress echocardiography
analysis system (EASE study): A mixed method study. BMJ
Open 14: e079617, 2024.

109. Shapiro J, Reichard A and Muck PE: New diagnostic tools for
pulmonary embolism detection. Methodist Debakey Cardiovasc
J20: 5-12,2024.

110. U.S. Food and Drug Administration. Artificial Intelligence-
Enabled Medical Devices. Food and Drug Administration,
2025. Silver Spring, Maryland. Available from: https://www.fda.
gov/medical-devices/software-medical-device-samd/artificial-
intelligence-enabled-medical-devices.

111. Laletin V, Ayobi A, Chang PD, Chow DS, Soun JE, Junn JC,
Scudeler M, Quenet S, Tassy M, Avare C, et al: Diagnostic
performance of a deep learning-powered application for aortic
dissection triage prioritization and classification. Diagnostics
(Basel) 14: 1877, 2024.

112. Chinnaiyan KM, Akasaka T, Amano T, Bax JJ, Blanke P,
De Bruyne B, Kawasaki T, Leipsic J, Matsuo H, Morino Y, et al:
Rationale, design and goals of the HeartFlow assessing diagnostic
value of non-invasive FFRCT in Coronary Care (ADVANCE)
registry. J Cardiovasc Comput Tomogr 11: 62-67, 2017.

113. El Arab RA, Abu-Mahfouz MS, Abuadas FH, Alzghoul H,
Almari M, Ghannam A and Seweid MM: Bridging the gap:
From AI success in clinical trials to real-world healthcare
implementation-a narrative review. Healthcare (Basel) 13: 701,
2025.

114. Jeong J, Kim S, Pan L, Hwang D, Kim D, Choi J, Kwon Y,
Yi P, Jeong J and Yoo SJ: Reducing the workload of medical
diagnosis through artificial intelligence: A narrative review.
Medicine (Baltimore) 104: ¢41470, 2025.

115. Johnson KB, Wei WQ, Weeraratne D, Frisse ME, Misulis K,
Rhee K, Zhao J and Snowdon JL: Precision medicine, Al, and
the future of personalized health care. Clin Transl Sci 14: 86-93,
2021.

116. Jundaeng J, Chamchong R and Nithikathkul C: Artificial intel-
ligence-powered innovations in periodontal diagnosis: A new
era in dental healthcare. Front Med Technol 6: 1469852, 2025.

117. Daemi A, Kalami S, Tahiraga RG, Ghanbarpour O,
Barghani MRR, Hooshiar MH, Ozbolat G and Yonden Z:
Revolutionizing personalized medicine using artificial intel-
ligence: A meta-analysis of predictive diagnostics and their
impacts on drug development. Clin Exp Med 25: 255, 2025.


https://www.spandidos-publications.com/10.3892/mi.2025.289

16 THOMAS et al: AT ACROSS CLINICAL SPECIALTIES

118. Wei Q, Pan S, Liu X, Hong M, Nong C and Zhang W: The
integration of Al in nursing: Addressing current applications,
challenges, and future directions. Front Med (Lausanne) 12:
1545420, 2025.

119.Ni Y and Jia F: A scoping review of Al-driven digital inter-
ventions in mental health care: Mapping applications across
screening, support, monitoring, prevention, and clinical educa-
tion. Healthcare (Basel) 13: 1205, 2025.

120. Bhuyan SS, Sateesh V, Mukul N, Galvankar A, Mahmood A,
Nauman M, Rai A, Bordoloi K, Basu U and Samuel J: Generative
artificial intelligence use in healthcare: Opportunities for clinical
excellence and administrative efficiency. ] Med Syst 49: 10, 2025.

121. Villanueva-Miranda I, Xiao G and Xie Y: Artificial intelligence
in early warning systems for infectious disease surveillance: A
systematic review. Front Public Health 13: 1609615, 2025.

122.Lavoie-Gagne O, Woo JJ, Williams RJ III, Nwachukwu BU,
Kunze KN and Ramkumar PN: Artificial intelligence as a tool
to mitigate administrative burden, optimize billing, reduce
insurance- and credentialing-related expenses, and improve
quality assurance within health care systems. Arthroscopy 41:
3270-3275, 2025.

123.Kakatum Rao S, Gupta P, Mohammed A, Zakhmi K,
Ranjan Mohanty M and Prasad Jalaja P: The impact of artificial
intelligence on financial systems in healthcare: A systematic
review of economic evaluation studies. Cureus 17: ¢86279, 2025.

124. Mittelstadt BD and Floridi L: The ethics of big data: Current and
foreseeable issues in biomedical contexts. Sci Eng Ethics 22:
303-341, 2016.

125. Drew BJ, Harris P, Zegre-Hemsey JK, Mammone T, Schindler D,
Salas-Boni R, Bai Y, Tinoco A, Ding Q and Hu X: Insights into
the problem of alarm fatigue with physiologic monitor devices:
A comprehensive observational study of consecutive intensive
care unit patients. PLoS One 9: 110274, 2014.

126. Rajkomar A, Hardt M, Howell MD, Corrado G and Chin MH.
Ensuring fairness in machine learning to advance health equity.
Ann Intern Med 169: 866-872, 2018.

127. Char DS, Shah NH and Magnus D: Implementing machine
learning in health care-addressing ethical challenges. N Engl
J Med 378: 981-983, 2018.

128.Bozi¢ V: Artificial Intelligence and Waiting Lists in Hospitals.
ResearchGate, Berlin, 2023.

129. Jiang L, Wu Z, Xu X, Zhan Y, Jin X, Wang L and Qiu Y:
Opportunities and challenges of artificial intelligence in the medical
field: Current application, emerging problems, and problem-solving
strategies. J Int Med Res 49: 3000605211000157, 2021.

130.Basu T, Engel-Wolf S and Menzer O: The ethics of machine
learning in medical sciences: Where do we stand today? Indian
J Dermatol 65: 358-364, 2020.

131. SFR-IA Group; CERF; French Radiology Community: Artificial
intelligence and medical imaging 2018: French radiology
community white paper. Diagn Interv Imaging 99: 727-742,2018.

132. Nabi J: How bioethics can shape artificial intelligence and
machine learning. Hastings Cent Rep 48: 10-13, 2018.

133. Chinta SV, Wang Z, Palikhe A, Zhang X, Kashif A, Smith MA,
LiuJ and Zhang W: Al-driven healthcare: Fairness in Al health-
care: A survey. PLoS Digit Health 4: e0000864, 2025.

134. Mitchell C and Ploem C: Legal challenges for the implementa-
tion of advanced clinical digital decision support systems in
Europe. J Clin Transl Res 3 (Suppl 3): S424-S430, 2018.

135. Geis JR,Brady AP, Wu CC, Spencer J, Ranschaert E, Jaremko JL,
Langer SG, Borondy Kitts A, Birch J, Shields WF, et al:
Ethics of artificial intelligence in radiology: Summary of the
joint European and North American multisociety statement.
Radiology 293: 436-440, 2019.

136.0oi SKG, Makmur A, Soon AYQ, Fook-Chong S, Liew C,
Sia SY, Ting YH and Lim CY. Attitudes toward artificial
intelligence in radiology with learner needs assessment within
radiology residency programmes: A national multi-programme
survey. Singapore Med J 62: 126-134,2021.

137. Marks M and Haupt CE: Al chatbots, health privacy, and chal-
lenges to HIPAA compliance. JAMA 330: 309-310, 2023.

138. McCartney M: Margaret McCartney: Al in medicine must be
rigorously tested. BMJ 361: k1752, 2018.

139. Golbus JR, Price WN II and Nallamothu BK: Privacy gaps
for digital cardiology data: Big problems with big data.
Circulation 141: 613-615, 2020.

140. Natali C, Marconi L, Dias Duran LD, Miglioretti M and
Cabitza F: Al-induced deskilling in medicine: A mixed method
literature review for setting a new research agenda. Artif Intell
Rev 58: 356, 2025.

141. Ademola A, George C and Mapp G: Addressing the interoper-
ability of electronic health records: the technical and semantic
interoperability, preserving privacy and security framework.
Appl Syst Innov 7: 116, 2024.

142.Pham T: Ethical and legal considerations in healthcare Al:
Innovation and policy for safe and fair use. R Soc Open Sci 12:
241873, 2025.

143. Braun M, Hummel P, Beck S and Dabrock P: Primer on an
ethics of Al-based decision support systems in the clinic. J] Med
Ethics 47: €3, 2020.

144. Froicu EM, Creanga-Murariu I, Afrasanie VA, Gafton B,
Alexa-Stratulat T, Miron L, Puscasu DM, Poroch V,
Bacoanu G, Radu I and Marinca MV: Artificial intelligence and
decision-making in oncology: A review of ethical, legal, and
informed consent challenges. Curr Oncol Rep 27: 1002-1012,
2025.

145. Farhud DD and Zokaei S: Ethical issues of artificial intelligence
in medicine and healthcare. Iran J Public Health 50: i-v, 2021.

146. Weiner EB, Dankwa-Mullan I, Nelson WA and Hassanpour S:
Ethical challenges and evolving strategies in the integration of
artificial intelligence into clinical practice. PLoS Digit Health 4:
e0000810, 2025.

147. Hasanzadeh F, Josephson CB, Waters G, Adedinsewo D, Azizi Z
and White JA: Bias recognition and mitigation strategies in
artificial intelligence healthcare applications. NPJ Digit Med 8:
154,2025.

148. Chau M, Rahman MG, and Debnath T: From black box to clarity:
Strategies for effective Al informed consent in healthcare. Artif
Intell Med 103: 103169, 2025.

149. Savulescu J, Giubilini A, Vandersluis R, and Mishra A: Ethics of
artificial intelligence in medicine. Singapore Med J 65: 150-158,
2024.

150.Kiseleva A, Kotzinos D, and De Hert P: Transparency of Al in
healthcare as a multilayered system of accountabilities: between
legal requirements and technical limitations. Front Artif Intell 5:
879603, 2022.

151. Cross JL, Choma MA, and Onofrey JA: Bias in medical Al:
implications for clinical decision-making. PLOS Digit Health 3:
e0000651, 2024.

152. Kogak B, Ponsiglione A, Stanzione A, Bluethgen C, Santinha J,
Ugga L, Huisman M, Klontzas ME, Cannella R and Cuocolo R:
Biasin artificial intelligence for medical imaging: Fundamentals,
detection, avoidance, mitigation, challenges, ethics, and pros-
pects. Diagn Interv Radiol 31: 75-88, 2025.

153. Nasir M, Siddiqui K and Ahmed S: Ethical-legal implications
of Al-powered healthcare in critical perspective. Front Artif
Intell 8: 1619463, 2025.

154.Naik N, Hameed BMZ, Shetty DK, Swain D, Shah M, Paul R,
Aggarwal K, Ibrahim S, Patil V, Smriti K, et al: Legal and ethical
consideration in artificial intelligence in healthcare: Who takes
responsibility? Front Surg 9: 862322, 2022.

155. Nouis SC, Uren V and Jariwala S: Evaluating accountability,
transparency,and bias in Al-assisted healthcare decision-making:
A qualitative study of healthcare professionals' perspectives in
the UK. BMC Med Ethics 26: 89, 2025.

156.Elendu C, Amaechi DC, Elendu TC, Jingwa KA, Okoye OK,
John Okah M, Ladele JA, Farah AH and Alimi HA: Ethical
implications of Al and robotics in healthcare: A review.
Medicine (Baltimore) 102: €36671,2023.

157. Mennella C, Maniscalco U, De Pietro G and Esposito M: Ethical
and regulatory challenges of Al technologies in healthcare: A
narrative review. Heliyon 10: 26297, 2024.

158. Solaiman B and Dimitropoulos G: The legal considerations of
Al-blockchain for securing health data. In: Research Handbook
on Health, Al and the Law, pp130-149, 2024.

159. Karim MR, Islam T, Shajalal M, Beyan O, Lange C, Cochez M,
Rebholz-Schuhmann D and Decker S: Explainable Al for bioin-
formatics: Methods, tools and applications. Brief Bioinform 24:
bbad236, 2023.

160. Muralidharan V, Adewale BA, Huang CJ, Nta MT, Ademiju PO,
Pathmarajah P, Hang MK, Adesanya O, Abdullateef RO,
Babatunde AO, et al: A scoping review of reporting gaps in
FDA-approved Al medical devices. Npj Digit Med 7: 273, 2024.

161. Varghese C, Harrison EM, O'Grady G and Topol EJ: Artificial
intelligence in surgery. Nat Med 30: 1257-1268, 2024.

162. Dembrower K, Crippa A, Colén E, Eklund M and Strand F;
ScreenTrustCAD Trial Consortium: Artificial intelligence for
breast cancer detection in screening mammography in Sweden:
A prospective, population-based, paired-reader, non-inferiority
study. Lancet Digit Health 5: €703-¢711, 2023.



wd 2| SPANDIDOS
ABJ PUBLICATIONS

163. Lang K, Josefsson V, Larsson AM, Larsson S, Hogberg C,
Sartor H, Hofvind S, Andersson I and Rosso A: Artificial intelli-
gence-supported screen reading versus standard double reading
in the Mammography Screening with Artificial Intelligence
trial (MASAI): A clinical safety analysis of a randomised,
controlled, non-inferiority, single-blinded, screening accuracy
study. Lancet Oncol 24: 936-944,2023.

164. Mitsala A, Tsalikidis C, Pitiakoudis M, Simopoulos C and
Tsaroucha AK: Artificial intelligence in colorectal cancer
screening, diagnosis and treatment: A new Era. Curr Oncol 28:
1581-1607, 2021.

165. Schreuder A, Scholten ET, Van Ginneken B and Jacobs C:
Artificial intelligence for detection and characterization of
pulmonary nodules in lung cancer CT screening: Ready for
practice? Transl Lung Cancer Res 10: 2378-2388, 2021.

166. Dembrower K, Wahlin E, Liu Y, Salim M, Smith K, Lindholm P,
Eklund M and Strand F: Effect of artificial intelligence-based
triaging of breast cancer screening mammograms on cancer
detection and radiologist workload: A retrospective simulation
study. Lancet Digit Health 2: e468-e474,2020.

167. Cai Z, Poulos RC, Liu J and Zhong Q: Machine learning for
multi-omics data integration in cancer. iScience 25: 103798, 2022.

168. Tao K, Bian Z, Zhang Q, Guo X, Yin C, Wang Y, Zhou K, Wan S,
Shi M, Bao D, et al: Machine learning-based genome-wide
interrogation of somatic copy number aberrations in circulating
tumor DNA for early detection of hepatocellular carcinoma.
EBioMedicine 56: 102811, 2020.

169. Lin M, Guo J, Gu Z, Tang W, Tao H, You S, Jia D, Sun Y and
Jia P: Machine learning and multi-omics integration: Advancing
cardiovascular translational research and clinical practice.
J Transl Med 23: 388, 2025.

170. Mugahid D, Lyon J, Demurjian C, Eolin N, Whittaker C,
Godek M, Lauffenburger D, Fortune S and Levine S: A practical
guide to FAIR data management in the age of multi-OMICS and
Al Front Immunol 15: 1439434, 2025.

171. Wen G and Li L: Federated transfer learning with differential
privacy for multi-omics survival analysis. Brief Bioinform 26:
bbaf166, 2025.

172. Palaniappan K, Lin YET and Vogel S: Global regulatory frame-
works for the use of artificial intelligence (Al) in the healthcare
services sector. Healthcare (Basel) 12: 562, 2024.

173. Aboy M, Minssen T and Vayena E: Navigating the EU Al Act:
Implications for regulated digital medical products. NPJ Digit
Med 7: 237, 2024.

174. Babic B, Glenn Cohen I, Stern AD, Li Y and Ouellet M: A
general framework for governing marketed AI/ML medical
devices. NPJ Digit Med 8: 328, 2025.

175. Rong G, Mendez A, Bou Assi E, Zhao B and Sawan M: Artificial
Intelligence in Healthcare: Review and Prediction Case Studies.
Engineering (Beijing) 6: 291-301, 2020.

176. Van Buchem MM, Boosman H, Bauer MP, Kant IM]J,
Cammel SA and Steyerberg EW: The digital scribe in clinical
practice: A scoping review and research agenda. Npj Digit
Med 4: 57, 2021.

MEDICINE INTERNATIONAL 6: 5, 2026 17

177. Park BJ, Hunt SJ, Martin C III, Nadolski GJ, Wood BJ and
Gade TP: Augmented and mixed reality: Technologies for
enhancing the future of IR. J Vasc Interv Radiol 31: 1074-1082,
2020.

178. Chopra G and Ahmed S: Artificial intelligence and machine
learning-assisted robotic surgery: current trends and future
scope. Elsevier eBooks, pp23-29, 2024.

179. Liu Y, Wu X, Sang Y, Zhao C, Wang Y, Shi B and Fan Y:
Evolution of surgical robot systems enhanced by artificial intel-
ligence: A review. Adv Intell Syst 6: 2300268, 2024.

180.Mehta A, Cheng Ng J, Andrew Awuah W, Huang H,
Kalmanovich J, Agrawal A, Abdul-Rahman T, Hasan MM,
Sikora V and Isik A: Embracing robotic surgery in low- and
middle-income countries: potential benefits, challenges, and
scope in the future. Ann Med Surg (Lond) 84: 104803, 2022.

181. Biswas P, Sikander S and Kulkarni P: Recent advances in
robot-assisted surgical systems. Biomed Eng Adv 6: 100109,
2023.

182. Haltaufderheide J, Pfisterer-Heise S, Pieper D and Ranisch R:
The ethical landscape of robot-assisted surgery: A systematic
review. J Robot Surg 19: 102, 2025.

183. Wood EA, Ange BL and Miller DD: Are we ready to integrate
artificial intelligence literacy into Medical school curriculum:
Students and faculty survey. J Med Educ Curric Dev 8:
23821205211024078, 2021.

184. Jackson P, Ponath Sukumaran G, Babu C, Tony MC, Jack DS,
Reshma VR, Davis D, Kurian N and John A: Artificial intelli-
gence in medical education: Perception among medical students.
BMC Med Educ 24: 804, 2024.

185. Warraich HJ, Tazbaz T and Califf RM: FDA perspective on the
regulation of artificial intelligence in health care and biomedi-
cine. JAMA 333: 241-247, 2025.

186.Isch EL, Monzy J, Thota B, Somers S, Self DM and Caterson E:
Assessing Al accuracy in generating CPT codes from surgical
operative notes. J Craniofac Surg 36: 1584-1587, 2025.

187. Sun E and Littenberg G: Reimbursement and regulatory
landscape for artificial intelligence in medical technology.
Gastrointest Endosc Clin N Am 35: 469-484, 2025.

188. Shah SJ, Devon-Sand A, Ma SP, Jeong Y, Crowell T, Smith M,
Liang AS, Delahaie C, Hsia C, Shanafelt T, et al: Ambient
artificial intelligence scribes: Physician burnout and perspec-
tives on usability and documentation burden. J Am Med Inform
Assoc 32: 375-380, 2025.

189. Duggan MJ, Gervase J, Schoenbaum A, Hanson W,
Howell JT III, Sheinberg M and Johnson KB: Clinician
experiences with ambient scribe technology to assist with
documentation burden and efficiency. JAMA Netw Open 8:
€2460637, 2025.

Copyright © 2025 Thomas et al. This work is
= licensed under a Creative Commons Attribution 4.0

International (CC BY 4.0) License.


https://www.spandidos-publications.com/10.3892/mi.2025.289

