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Abstract

Background: Artificial intelligence (Al), the overarching field that includes machine learn-
ing (ML) and its subfield deep learning (DL), is rapidly transforming clinical research by
enabling the analysis of high-dimensional data and automating the output of diagnostic
and prognostic tests. As clinical trials become increasingly complex and costly, ML-based
approaches (especially DL for image and signal data) offer promising solutions, although
they require new approaches in clinical education. Objective: Explore current and emerg-
ing Al applications in oncology and cardiology, highlight real-world use cases, and discuss
the challenges and future directions for responsible Al adoption. Methods: This narra-
tive review summarizes various aspects of Al technology in clinical research, exploring
its promise, use cases, and its limitations. The review was based on a literature search
in PubMed covering publications from 2019 to 2025. Search terms included “artificial
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intelligence”,
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machine learning”,
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deep learning”,
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oncology”, “cardiology”, “digital
twin”. and “AI-ECG”. Preference was given to studies presenting validated or clinically
applicable Al tools, while non-English articles, conference abstracts, and gray literature
were excluded. Results: Al demonstrates significant potential in improving diagnostic
accuracy, facilitating biomarker discovery, and detecting disease at an early stage. In
clinical trials, Al improves patient stratification, site selection, and virtual simulations via
digital twins. However, there are still challenges in harmonizing data, validating models,
cross-disciplinary training, ensuring fairness, explainability, as well as the robustness of
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gold standards to which Al models are built. Conclusions: The integration of Al in clin-
ical research can enhance efficiency, reduce costs, and facilitate clinical research as well
as lead the way towards personalized medicine. Realizing this potential requires robust
validation frameworks, transparent model interpretability, and collaborative efforts among
clinicians, data scientists, and regulators. Interoperable data systems and cross-disciplinary
education will be critical to enabling the integration of scalable, ethical, and trustworthy Al
into healthcare.

Keywords: artificial intelligence; machine learning; deep learning; oncology; cardiology;
clinical diagnostics

1. Introduction

Artificial intelligence (Al) is transforming modern medicine by enabling the use of
vast and complex datasets for analysis. Outcomes include uncovering patterns, predicting
results, and supporting human healthcare decisions in multiple domains [1,2]. Within
Al machine learning (ML) refers to algorithms that learn patterns from data to make
predictions without explicit rule-based programming, and deep learning (DL) is a special-
ized subset of ML that uses multi-layered neural networks, such as convolutional neural
networks (CNNs) to model highly complex relationships in images, signals, and text.

In the medical field, cardiology and oncology are especially suitable for novel Al-
driven innovations [1]. Cardiovascular diseases remain the leading cause of death in the
world, followed by cancer accounting for 17.9 million and 10 million deaths per year,
respectively [3,4]. In oncology, Al is facilitating earlier detection through digital pathol-
ogy [5], liquid biopsy analysis and sequencing [6], while in cardiology, DL-powered image
and signal interpretation is advancing the accuracy of electrocardiograms (ECG) and
radiological imaging [1,6,7].

Recent research enhances the explainability of deep learning models in pathology,
exemplified by the Vision Transformer with Adaptive Model fusion and multiobjective
optimization (ViT-AMC) [8]. This model integrates transformer-based feature extraction
and attention mechanisms to emphasize diagnostically significant areas in laryngeal tu-
mor grading from histopathological images [8,9]. Such explainable artificial intelligence
(XAI) frameworks are crucial for gaining regulatory acceptance and fostering physician
confidence in Al-driven oncology diagnosis [10].

Clinical practice now generates vast data, such as omics [11], imaging [12], electronic
health records (EHRs) [13], and wearables. Harnessing these sources with Al can accelerate
discovery and diagnostic scaling [14]. These large datasets from both preclinical and
clinical research led to the training of foundation models (FMs) such as BioGPT, Med-Pal
M and PathGPT that can capture biological and clinical patterns more comprehensively
than models trained on small, narrowly defined datasets. Once pretrained, FMs can be
fine-tuned for downstream tasks, often showing strong performance even with limited
labeled data [15].

Yet, these opportunities present significant challenges as ML models access sensitive
patient data. Therefore, it is essential to prioritize privacy, standardization, and inter-
operability of these models before their clinical translation [1,2]. In parallel, this digital
transformation calls for broader systemic changes, including novel regulations and clinical
training of both healthcare personnel and data scientists. Big datasets do not automat-
ically yield high-quality clinical evidence; model performance is frequently limited by
measurement noise, systematic missingness, batch effects across sites/instruments, label or
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annotation error, population and sampling bias, and temporal drift in both biology and
care pathways [16].

Furthermore, Al plays a crucial role in clinical trials [17] by facilitating patient re-
cruitment, improving trial retention and stratification, simulating outcomes with digital
twins [1,2,18], and uncovering new insights from real-world evidence (RWE) following
treatment approval [19]. Al can support digital health and software as a medical de-
vice approval by enabling virtual and hybrid trials that reduce participant and site bur-
den. The power that Al offers to real-time analysis of complex datasets also improves
trial efficiency [1,2].

While most systematic reviews concentrate on a single disease area or a specific Al
modality, in this narrative review, we offer a broader perspective by comparing applications
across both oncology and cardiology. It also places particular emphasis on the practical
challenges of translation, including data interoperability, regulatory approval, and inte-
gration into clinical workflows. By focusing on both opportunities and pitfalls, we aim to
provide clinicians, data scientists, and policymakers with a roadmap for responsibly and
scalably integrating Al in these high-impact fields.

2. Methods

This article was designed as a narrative review aimed at synthesizing current knowl-
edge on the application of Al in oncology and cardiology. A comprehensive, non-systematic
search of the literature was conducted across major databases, including PubMed covering
publications from 2019 to 2025. Relevant studies, reviews, and reports were identified

v

using combinations of the following keywords: “artificial intelligence”, “machine learning”,
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“deep learning”. “explainable Al”, “large language model”, “oncology”, “cancer”, “cardiol-
ogy”, “cardiovascular”, “clinical decision support”, “diagnostics”, and “medical imaging”.
Additional sources, including white papers and institutional reports, were reviewed to
capture emerging trends and technologies not yet represented in peer-reviewed literature.
Articles were selected based on their relevance to one or more of the following themes:
(1) Al systems currently implemented or under investigation in oncology and cardiology;
(2) Technical, ethical, and clinical challenges associated with Al integration in these fields;
(3) Potential opportunities for cross-disciplinary innovation between oncology and cardiol-
ogy. Non-English articles, conference abstracts, and gray literature were excluded. Because
this was a narrative review, no formal quality assessment or meta-analysis was performed.
Instead, evidence and perspectives were synthesized qualitatively to highlight conceptual
advancements, practical applications, and gaps warranting further investigation.

3. Al in Clinical Diagnostics

Deep learning models now detect early signs of cancer and cardiovascular anomalies,
two of the leading causes of death globally [3,4], with performance comparable to experi-
enced clinicians [3,17]. The extent, complexity, diversity and size of today’s clinical datasets
are all rising [20]. They include unstructured data like radiology reports, pathology images,
and free-text clinical notes, as well as structured sources including laboratory results and
vital signs [21,22]. DL-based computer vision methods (for classification, detection, seg-
mentation) interpret complex medical imaging [23-25], while ML-driven natural language
processing (NLP) extracts insights from unstructured text [1,18].

These datasets frequently contain high-dimensional inputs, such as wearable biosensor
signals, proteomics, and genomics, that require sophisticated processing and interpretation
tools [2]. AI uniquely positions itself to gather valuable insights from a wide range of
sources by identifying subtle patterns invisible to the human eye. For example, Al identifies
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distinct combinations of imaging characteristics, clinical symptoms, and genetic variants
that collectively forecast early-onset disease or treatment response [26-28].

3.1. Al in Laboratory Medicine

Early detection of cancer and cardiovascular diseases improves clinical outcomes.
Biomarkers, ranging from genetic mutations to protein and metabolite levels in serum
and plasma, play a central role as measurable biological indicators and are among the
most effective instruments for monitoring disease presence, progression, and treatment
response [29,30]. In oncology and cardiology, key biomarkers include changes in DNA
methylation, genetic mutations, and protein expression. They facilitate early disease de-
tection, inform treatment selection, and allow for longitudinal monitoring of therapeutic
efficacy. Given the complexity and volume of data involved, especially in multi-layered
omics approaches, traditional analytical tools often reach their limits [31]. Over the last three
years [32], Al has revolutionized the process of identifying biomarkers by simplifying the
analysis of high-dimensional, multi-layered omics data, encompassing genomics, transcrip-
tomics, proteomics, metabolomics, and epigenomics [33]. While traditional single-omics
analysis approaches have shown success, they struggle to capture the full heterogeneity of
the disease. Recent research is progressing toward multi-omics integration, which involves
the simultaneous analysis of multiple omic layers to achieve more accurate and biologically
meaningful insights. Al, particularly deep learning models, is well-suited for such tasks
since these algorithms can model non-linear relationships, combine different types of data,
and detect subtle biological signals [34,35]. For instance, integrative Al models have been
applied to glioblastoma subtyping, combining gene expression, DNA methylation, and
miRNA data to identify cell clusters with distinct survival patterns and molecular path-
ways [36-38]. Similarly, in breast cancer [39], multi-omics fusion models have demonstrated
improved prognostic accuracy compared to models that rely on single data types. These
advances demonstrate the life-changing potential of Al-driven multi-omics approaches in
precision medicine.

Recent advances in ML have revolutionized cancer prognosis by enabling the inte-
gration of diverse biological and clinical data. ML algorithms such as random forests and
DL architectures such as autoencoders and multimodal neural networks are increasingly
applied to predict long-term survival outcomes with high accuracy [40-43]. By combining
RNA-seq, DNA methylation and clinical features, these models capture complex, non-linear
relationships across molecular layers, offering a more holistic view of tumor biology. In
colorectal and lung cancer, such integrative approaches have demonstrated significant
improvements in predicting five-year survival rates, paving the way for more personalized
and data-driven treatment strategies [44]. These examples suggest that these models can
serve as general-purpose engines for linking biological signals to clinical outcomes [43].

Modern omics technologies generate vast high-dimensional datasets across diverse
platforms, each with its own preprocessing pipeline. This variability introduces batch
effects and inconsistencies that obscure biological signals and hinder downstream anal-
ysis [45]. To overcome these challenges, Al-driven approaches such as transfer learning,
domain adaptation, and data harmonization are increasingly being deployed to align and
refine omics data for clinical use [46,47]. Similarly, in cardiology and oncology, multimodal
FMs that unite electrophysiology [15], spatial transcriptomics, histopathology, and genomic
data may help reveal risk factors tumor heterogeneity and treatment vulnerabilities. By
combining information from various modalities, Foundation Models gain a comprehensive
understanding that yields better results than using any single modality alone [48]. Digital
pathology employs machine learning models to analyze histological and cytological slides,
demonstrating a promising application of Al [49,50]. These systems support tumor detec-
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tion, tissue classification, and prognostic modeling, thereby offering improved efficiency
and reproducibility in diagnostic workflow. By leveraging standardized imaging proto-
cols and curated datasets, digital pathology demonstrates how Al can enhance clinical
decision-making beyond omics-based data [51,52].

Another intriguing and promising application is the growing use of digital tools in
diagnostic laboratories, particularly for cytological screening such as PAP smears. Di-
agnostic laboratories employ Al-based systems to automatically screen slides, releasing
clearly unremarkable findings without manual review. This approach significantly reduces
turnaround time, saves personnel resources, and lowers diagnostic cost while maintaining
high diagnostic reliability. It exemplifies how Al can streamline routine workflows and
support scalable, quality-assured diagnostics in real-world clinical settings.

Despite these advances, reliable recognition of meaningful patterns remains a hurdle.
Interpretability is another critical bottleneck. Many deep learning models operate as “black
boxes”, complicating clinical validation and slowing regulatory approval [53]. On one
hand, the issue has led to increased interest in explainable AI (XAI) approaches, including
attention-based models and explainable boosting machines, which provide transparency
by highlighting the most influential features across omic layers. On the other hand, there is
an urgent need for standardized clinical omics workflows. These must include automated,
reproducible pipelines supported by robust and reliable quality management systems
to ensure consistency and trustworthiness of clinical data. The successful integration of
multi-omics and Al into clinical practice will hinge on several key developments: (1) the
creation of interoperable omics databases, (2) standardization of preprocessing protocols,
(3) rigorous model validation across multi-center, multi-ethnic cohorts, and (4) a strong
commitment to fairness, interpretability, and readiness for regulatory approval.

3.2. Al and Imaging-Based Applications

Al applications are increasingly applied to imaging modalities such as positron emis-
sion tomography (PET), echocardiography, CT angiography, MRI, and optical coherence
tomography (OCT), to streamline workflow, minimize interobserver variability, and en-
hance clinical decision-making [54]. Radiological imaging techniques remain the gold
standard in cancer diagnostics, specifically for delineating tumor boundaries and assess-
ing the therapy response [55]. Tumor semantic segmentation methods offer rapid and
accurate determination of the diseased tissue by performing a pixel-by-pixel analysis and
informs radiotherapy strategies, surgical navigation and tumor recurrence [56]. CNNs
have remained the focus of tumor segmentation for a long time due to their effectiveness
in detecting tumor boundaries and tissue heterogeneity [57]. This success highly depends
on convolutional kernels that can capture local spatial features and architectures such as
U-Net and their variations achieve precision in feature extraction [58]. CNN variants also
allow 3D analysis and measures the volumetric changes, which are essential to observe
tumor growth. Yet, CNNs are limited to grasp long-range dependencies across an image
where tumors can present with irregular shapes, or scattered lesions [59]. To address this
challenge, researchers have increasingly turned to transformer-based models. Vision trans-
formers and hybrid transformer-CNNs utilize self-attention mechanisms, so that the model
can capture global contexts while retaining the local details [10,60]. This is done using trans-
former blocks that connect the information between distant tumor regions and surrounding
healthy tissue, offering better segmentation outcomes. Today, hybrid transformer-CNN
approaches rely on CNN layers for low-level feature extraction and transformers for high-
level interactions [60]. This approach has recently shown promising results in the brain
tumor segmentation challenge where hybrid methods identified multiple tumor subregions
including enhancing tumor and tumor core [61]. Recent work by Neha et al., 2025 has
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provided a comprehensive analytical comparison of the U-Net architecture and its major
extensions, including U-Net++, U-Net 3+, and hybrid Transformer—U-Net frameworks [62].
This review systematically examined how architectural refinements such as nested and
full-scale skip connections, attention gating, and deep supervision have enhanced segmen-
tation accuracy, generalizability, and computational efficiency across modalities such as
MR], CT, ultrasound, and X-ray. The study also highlighted the clinical significance of these
models in improving delineation of tumors, myocardial structures, and vascular regions,
emphasizing their pivotal role in oncology and cardiology imaging.

Foundation segmentation models, including the Segment Anything Model (SAM) [63]
and medical adaptations such as MedSAM [64] and SAM-Med2D [65], have introduced
zero-shot generalization, reducing annotation burden and enabling rapid cross-modality
transfer across MRI, CT, and pathology data. To enhance clinical interpretability, explainable
Al (XAI) tools like Grad-CAM and attention heatmaps are increasingly integrated, allowing
radiologists and pathologists to validate model focus and build trust in automated outputs.
These achievements also increase the model generalizability across modalities and patient
populations, bringing us one step closer to clinical adoption [10].

Among image-based Al applications, skin cancer serves as an example where Al
has demonstrated strong potential for accurate disease detection while also highlighting
the risks involved. Researchers demonstrated [66] that by training a CNN, the model
matched dermatologist level of accuracy in classifying benign and malign skin cancers but
the training for the model was done mainly on images of light skin [66]. Once applied to
patients with darker skin tones, these models show a marked drop in diagnostic accuracy,
increasing the risk of delayed detection and poorer outcomes. This example highlights how
imbalanced training datasets can amplify health disparities if models are deployed without
robust external validation and fairness assessment [67].

In cardiology, one review explored how Al-driven echocardiography is speeding up
workflows and reducing measurement variability in cardiovascular diagnostics through
fully automated segmentation, view classification, and automatic measurements of ventric-
ular/atrial volumes, ejection fraction and strain [68]. Commercial tools are available [69-71]
and can generate guideline-based diagnostic reports. The American Heart Association
supports the implementation of these tools within clinical infrastructure, emphasizing their
potential to reduce disparities in cardiovascular care and support outcome-driven risk mod-
eling [20]. Most importantly, studies have proven increased reproducibility across various
skill levels of physicians. However, Al’s accuracy still relies on high-quality imaging and
proper anatomical identification, indicating some limitations (Figure 1).

Furthermore, Al models, especially deep learning approaches, have achieved high
accuracy (AUCs > 0.9) in ECG interpretation and detecting arrhythmias, including atrial
fibrillation (AF) [72,73]. In several studies, Al models either matched or surpassed the
diagnostic accuracy of cardiologists and other physicians in diagnosing rhythm disor-
ders [74-76]. These models are able to extract subtle variations in signals from baseline that
exceed the capability of human observers. Additionally, it has been shown that a simple
tool such as ECG, integrated with clinical history can improve the prediction accuracy
of Al models for clinical outcomes or even mortality risk [26]. While there are available
tools integrated to enhance ECG and Holter readings, there seems to be a lack of tools that
assess stress tests. A study showed that machine learning might outperform cardiologists
in predicting the presence of stress-induced functional coronary artery disease (AUC for
ML 0.71 vs. AUC for cardiologist 0.64, p = 4.0 x 10~13) [77].

As Al methods continue to mature, its integration with advanced imaging platforms is
significantly transforming intercoronary OCT, a high-resolution imaging modality critical
for assessing atherosclerotic plaque morphology and guiding interventional procedures.
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Traditional OCT analysis requires expert interpretation of thousands of images, a process
that is time-consuming and sensitive to variability. Deep learning-based frameworks
now enable complete-vessel segmentation, automated lumen border detection, stent strut
identification, and volumetric plaque quantification directly from OCT datasets [78-80].
These models, such as U-Net architectures trained on expert-annotated datasets, have
demonstrated pixel-level accuracy in classifying fibrous, calcific, and lipid-rich plaque with
high reproducibility, enabling real-time decision support during percutaneous coronary
interventions. This capability helps interventional cardiologists determine lesion severity,
predict stent malapposition risk, and optimize stent placement (Figure 2).

Al-Enhanced ECG

Early diagnosis and treatment of cancer therapy-related cardiac dysfunction
(CTRCD) specificially left ventricular systolic dysfunction (LVSD)

2
S

N/
Risk stratification

ol
g

Longitudinal
Remote monotoring

surveillance

Cardio-oncology

Figure 1. AI-Enhanced ECG for Early Detection of Cancer Therapy-Related Cardiac Dysfunc-
tion. Al-enhanced electrocardiography in cardio-oncology identifies cancer therapy-related cardiac
dysfunction, specifically left ventricular systolic dysfunction. AI models using convolutional neural
networks analyze subtle ECG changes to detect early myocardial damage before clinical symptoms
arise. This enables proactive risk stratification, remote surveillance through wearable technologies,
and longitudinal monitoring.

Recent studies have explored the integration of advanced technologies into AF ablation
strategies to improve precision. Deisenhofer et al. (2025) [81] demonstrated that real-
time tagging with Al and tailored ablation is feasible, operator-independent, safe, and
precise. The TAILORED-AF randomized controlled trial showed that combining Al-guided
DISPERS mapping with pulmonary vein isolation significantly improved 12-month AF-free
survival (88%) compared to pulmonary vein isolation alone (70%), with strong statistical
significance (p < 0.0001). Compared to the standard approach, this method, being more
precise, offers a tailored operator-independent approach to AF ablation [81].

In addition to procedural enhancements, advanced imaging and mapping techniques
are improving the ability to identify and treat AF triggers. Deep learning applied to
cardiac imaging predicted non-pulmonary vein sources with 82% accuracy, aiding in the
detection of atypical foci. Enhanced ECG-based mapping tools have also helped reduce
ablation time and increase procedural efficiency. Together, these innovations support a
more personalized and effective approach to AF treatment, moving beyond conventional
ablation strategies [82].
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INTRACORONARY OPTICAL Al APPLICATIONS
COHERENCE TOMOGRAPHY + Auto-lumen
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Al TECHNIQUES

« Enhance diagnostic

segmentation -
Stent - Stent Strut precnsnorT
Fibrous >  identification @ — <+ Enable risk
R o « Bladie stratification
L Calcific
S quantification + Streamline
Lipid rich workflow

Lipid l
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Figure 2. AI-Augmented Intracoronary OCT for Coronary Intervention. Al enhances intracoronary
OCT for improved coronary assessment and intervention. OCT provides high-resolution cross-
sectional imaging of vascular structures, enabling characterization of fibrous, calcific, and lipid-rich
plaques. Al models, particularly U-Net architectures, support automated lumen segmentation, stent
strut identification, and plaque quantification. These techniques assist in determining lesion severity,
predicting stent malapposition, and optimizing stent placement.

3.3. Excursus-Al and Voice Biomarkers

Recent Al innovations have enabled the extraction of clinically relevant information
from non-traditional data sources, including the human voice. Researchers have pioneered
work on voice-based biomarkers, where acoustic speech features can reflect underlying
physiological changes [83,84]. Studies [85-87] have demonstrated that machine learning
models can detect early decompensation in heart failure patients based on vocal strain,
breathiness, and prosody alterations. Up to 80% in detecting decompensation [87], while
the prospective acute heart failure-voice study is currently characterizing daily voice
fluctuations in hospitalized patients [88]. Beyond heart rate, Al-based speech systems can
distinguish “wet” versus “dry” fluid states in hospitalized patients with ~94% accuracy
and have been piloted to predict coronary artery disease using smartphone-recorded
speech samples [89]. These tools promise continuous, remote surveillance and early risk
stratification, supporting proactive intervention and potentially reducing rehospitalization.
But it is still a challenge to replicate these findings and to ensure their generalizability [90].

These systems not only match expert-level performance but are optimized for real-time
deployment during catheter-based interventions, enhancing diagnostic precision, stream-
lining workflows, and supporting interventional decision-making in high-stakes cardiology
settings (Figure 3). Despite initial success, the translational maturity of speech biomarkers
is hampered by a significant lack of reproducibility. Model performance is highly sensitive
to uncontrolled variables, including acoustic recording conditions and linguistic factors,
meaning robust clinical utility requires standardized data acquisition protocols that are
currently underdeveloped for diverse, uncontrolled patient environments [78,83].
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Al-Powered Voice Biomarkers
in Cardiology

Acoustic Features Artificial Cardiac
of Speech Intelligence Conditions
Heart Failure Real-Time Ischemic Risk

Detection Disease Monitoring Assessment

Figure 3. AI-Powered Voice Biomarkers in Cardiovascular Disease Detection and Monitoring. Al
models analyze acoustic features of speech and extract voice-based biomarkers relevant to cardiology.
Using techniques such as speech signal processing and prosodic feature extraction, Al detects
physiological changes associated with heart failure, fluid status, and ischemic heart disease.

3.4. Use Case—Cardio-Oncology with AI-ECG

Cardio-oncology intersects the fields of cardiology and oncology. Al-enhanced electro-
cardiography (AI-ECG) is one of the most promising applications in this field for the early
diagnosis and treatment of cancer therapy-related cardiac dysfunction (CTRCD), specifi-
cally left ventricular systolic dysfunction (LVSD). ECG and other traditional surveillance
methods frequently fail to identify dysfunction until irreversible myocardial damage has
taken place. AI-ECG, on the other hand, offers a non-invasive, scalable alternative that can
detect subtle ECG changes indicative of early-stage cardiac damage [91,92].

AI-ECG utilizes CNNSs to detect subtle ECG indicators of left ventricular dysfunction
(AUC ~ 0.93) [93]. These tools have been applied to patients on cardiotoxic cancer treatments,
such as anthracyclines, HER2-targeted agents, and immune checkpoint inhibitors [94]. When
paired with large language models (LLMs), AI-ECG forms a hybrid pipeline melding signal-
based prediction with textual context to support risk stratification, longitudinal monitoring,
and early cardio-oncology referrals. Initial data indicate that AI-ECG exhibits high sensitivity
and can be conducted in an outpatient environment. This suggests that routine echocardio-
grams may be less essential and that transfer to cardio-oncology services can be expedited.
This integration of multimodal Al, including wearable technology, narrative data, and signal
data, represents a significant advancement in precision cardio-oncology [95]. The highly
accurate performance of AI-ECG models is often achieved on clean, internal datasets [96].
However, these models exhibit limited generalizability in the real world due to data shifts
caused by variances in ECG machine manufacturers and protocols across different hospital
systems [97]. This susceptibility calls for extensive and costly large-scale prospective vali-
dation before clinical integration. Continuous validation efforts are essential to ensure that
these novel concepts are applicable in clinical environments, scalable and evidence-based.
As AI-ECG systems advance, they may become crucial tools for predicting and mitigating
cardiotoxicity induced by cancer therapies.

4. Al in Clinical Trials and Real-World Evidence

Clinical trials, particularly those in oncology and cardiology, are a crucial component
of medical progress; however, they face ongoing and increasing challenges that hinder
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their efficiency, scalability, and overall benefits [98]. These trials are often too expensive
and it can take more than ten years for the drugs to get regulatory approval. The slow
progress is exacerbated by numerous operational issues, including slow patient recruitment,
high dropout rates, and data being dispersed across disparate electronic systems that do
not integrate effectively. EHRs, imaging archives, and wearable devices often house trial-
related data in separate systems. Such separation makes it difficult to combine the data and
analyze it in real time. Adding RWE is beneficial, but it introduces more complexity because
it is not structured and does not have standard formats. The choice of location is a critical
issue, and decisions are often based on past relationships or static feasibility studies instead
of real-time data on capacity, infrastructure, or patient demographics. These inefficiencies
limit therapy outcomes and contribute to the high failure rates and cost overruns that are
common in drug development today [99].

On the largest primary clinical trial registry worldwide, there are currently more than
3000 [100] registered clinical trials that include the mesh terms ‘artificial intelligence” or
‘machine learning.” Al can enhance nearly every aspect of the trial lifecycle by leveraging
machine learning models, natural language processing, and multimodal data integra-
tion. Al systems allow for a more responsive and patient-centered approach, from smart
protocol design and eligibility refinement to adaptive dosing schedules and real-time
safety monitoring.

Furthermore, moving beyond trial optimization, Al demonstrates clinical utility in
large-scale screening. For instance, Al-enabled ECG screening for low ejection fraction
exemplifies robust methodological rigor, as it evaluates screening utility in routine practice,
shifting the focus from simple diagnostic accuracy to public health impact. In this use case,
Al-enabled ECGs increased the diagnosis rate of low ejection fraction in routine practice
(e.g., from 1.6% to 2.1% in the intervention arm [101,102].

Similarly, in oncology, large-scale prospective breast cancer screening trials are im-
plementing Al tools directly into the live screening process and comparing them against
the standard of care. These studies, involving hundreds of thousands of women, are
designed to assess whether Al can help radiologists to detect breast cancer cases earlier
while reducing the reading burden by speeding up the detection process and enhancing
the patient-level benefit by earlier diagnosis. Data quality remains a central limitation in
Al-driven trials. LLMs and emerging tabular foundation models, such as TabPFN [103],
offer new avenues for automating data cleaning, harmonizing multimodal inputs, and
augmenting prediction performance in small or fragmented datasets, thereby improving
both model robustness and translational potential.

For example, platforms like Tempus are already being used in cancer trials to combine
genetic information, medical records, and real-life data to identify specific groups of patients
who are most likely to benefit from immunotherapies, such as PD-1/PD-L1 checkpoint
inhibitors in non-small cell lung cancer. These tools also improve treatment planning
for early-stage breast cancer by improving models that predict the risk of recurrence
based on traditional tests like Oncotype DX. The EVIDENCE-HF trial shows how Al-
powered remote monitoring, along with wearable sensors and EHR data, can predict
decompensation in heart failure patients. This lets physicians intervene early and reduces
data loss due to dropouts. These insights can also aid in adaptive trial designs, which
adjust the dosing schedule or visit intervals based on changes in a patient’s risk profile
over time [104]. Despite these promises, a clinical trial tool that aimed to enroll patients
based on sequencing data utilizing automated clinical trial notifications showed limited
impact and adoption. Half of the oncologists receiving the notifications did not engage
with them and incorporate them in their clinical workflow. Moreover, patients chose not to
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enroll with specific trials recommended by the Al and preferred other options, highlighting
the importance of clinical acceptance for Al tools by both the clinicians and patients [105].

4.1. AI-Driven Innovations

Beyond their role during clinical trials, Al tools can help understand the complexities
of real-world data obtained after approval and aid in shaping the clinical landscape. These
aids can include filling the electronic health records, a task that is highly repetitive and
challenging, which often leads to missing data that are crucial for patient management.
It is also of the challenges for creating reliable datasets which are essential for the next
generation of clinical AI models. Al can also utilize unstructured texts such as doctors’
notes and other materials and incorporate them in the real-world data using NLP. Moreover,
Al'models can identify adverse events, patients’ comments, and other clinical findings post-
drug approval and utilize them for their Phase IV studies or to assess the clinical efficacy
of their drug [106]. Below, we showcased two examples of how a combination of Al with
diagnostics and real-world data can lead to significant advances in clinical trials (Figure 4).

Al Integration Across the Clinical Trial Lifecycle

Key Use Cases of Artificial Intelligence from Recruitment
to Decision-Making

Pre-Trial In-Trail Post-Trial
(o — R
Patient Digital Twin
Recruitment Simulations
i b
o PR
Protocol Design Real-Time Data Integration for
Optimization Safety Future Trail Design
Monitoring

Figure 4. Al Integration across the clinical trial lifecycle: In the pre-trial phase, Al optimizes patient
recruitment and protocol design. During trials, Al enables real-time safety monitoring, improving
responsiveness to adverse events. Post-trial, Al contributes to digital twin simulations and integrates
clinical and real-world data to inform future trial design. Al leverages tools like NLP to extract
insights from unstructured data (e.g., physician notes, patient comments), enhancing Phase IV studies,
pharmacovigilance, and long-term efficacy assessment in real-world settings.

4.2. Use Case: Digital Twin

A digital twin is a virtual representation of a patient created using real-world medical
data, including electronic health records, laboratory results, genetic information, and
data from wearable devices. In contrast to conventional simulations, which are static
snapshots that depict prescribed scenarios under specific conditions, a digital twin is a
living representation of a specific physical asset. It is constantly updated with real-time
data, enabling an ongoing comprehension of a patient’s health. These models enable
researchers and clinicians to simulate the potential responses of individuals to various
treatments, medications, or health conditions without compromising the safety of actual
patients [29]. This innovation brings clinical trials closer to the promise of precision
medicine, in which interventions are customized to the unique biology and clinical history
of each individual [107,108].
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In real-world settings, digital twins are already being piloted in specialized areas
to simulate disease progression, optimize treatment planning, and reduce the burden on
traditional trial infrastructure. For example, at the Gustave Roussy Cancer Campus in
France, researchers have deployed digital twin models for patients with metastatic breast
cancer to simulate tumor progression and evaluate various chemotherapy regimens. These
simulations enabled clinicians to forecast treatment response over 6-12 months, optimizing
both dose and timing in a patient-specific manner without real-world exposure to toxicity.
Similarly, the “SimCardioTest” project, funded by the European Commission, uses digital
twins to simulate cardiovascular responses to antiarrhythmic drugs across diverse virtual
populations. By incorporating electrophysiological models and patient-derived ECG data,
these twins help predict QT prolongation and arrhythmia risk prior to human trials, re-
ducing adverse event rates. Digital twins also support broader participation in clinical
research by adjusting treatment protocols for higher-risk individuals who might otherwise
be excluded under rigid eligibility criteria. In cases of participant withdrawal, digital twins
can continue simulations using previously collected data, preserving statistical power and
reducing attrition bias. This enhances the robustness of trial outcomes and minimizes
data loss [29]. Beyond the scope of clinical trials, digital twins continue to offer utility in
real-world clinical practice. They can help clinicians simulate patient-specific responses
to a range of treatment options, including variations in dosage, timing, and sequencing,
without requiring additional invasive procedures (Figure 5). This is particularly valuable
in complex therapeutic areas such as oncology, where treatment decisions often involve a
balance between efficacy and toxicity. While conceptually powerful, current evidence is
rooted in single-center pilot simulations [109]. Digital twins face severe scalability chal-
lenges due requiring massive, high-dimensional, and continuously updated datasets, which
fundamentally limits reproducibility and compromises external validity outside of heavily
resourced academic medical centers [110]. As post-approval real-world data accumulates,
digital twins will improve in accuracy, providing clinicians with continuously updated
guidance that reflects the latest evidence and population-level insights.

Digital Twin in Clinical Research and
Precision Medicine

INPUT DIGITAL TWIN CLINICAL APPLICATIONS
Patient clonee
Adaptive modeling

= Imaging
+ Biosensors B lized Risk
= : ersonalize is
Diagnostic Labs s Dosing Precondition
*EHR
Real-world . \yearables

Patient
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Ethical Predictive
Trial Design Trial Analytics
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Figure 5. Concept and clinical applications of digital twin models. Virtual representations of real-
world patients continuously updated with multimodal health data, including imaging, biosensors,
diagnostics, EHRs, wearables, and genetic information. These models simulate patient-specific
physiology using adaptive algorithms to guide personalized care. Digital twins support precision
medicine by personalized dosing, risk prediction, predictive trial analytics, and ethical trial design.
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4.3. Use Case: Data Extraction from Unstructured EHRs

EHRs comprise significant portions of healthcare data, but this vast amount of knowl-
edge was locked within the unstructured text [106]. Handwritten notes, physician dic-
tations, and diagnostic reports are all critical details about a patient’s journey, spanning
from symptom onset to treatment journey. Given the labor-intensive and error-prone
processes required, manual extraction of these data remained challenging [111]. Clinical Al,
particularly through NLP applications, hold the potential to systematically extract these
data with high accuracy and transform the clinical practice into data-driven medicine.

Al can bridge the gap between humans and structured, quantifiable data while NLP
algorithms parse unstructured free-text clinical notes to obtain key information [106]. As
the AI algorithms communicate, they can identify and prioritize relevant information and
bring it to the attention of the healthcare personnel. For example, clinical AI models can
extract patients” comorbidities and their current medications as well as their medical history.
This approach allows clinicians to access not only demographic data but also the patients’
health journey. As unstructured texts become structured databases, large-scale analysis
of patient populations and clinical trends becomes more apparent, offering a foresight for
clinical trends [112].

Al-powered data extraction from EHRs offers to transform our current medical prac-
tices in the near future [111]. Using EHR with powerful algorithms, we can query the
hospital records in a few minutes to match complex inclusion criteria with patients and
create specific cohorts for clinical trials. These data also offer novel approaches to per-
sonalized medicine, as Al can identify risk factors and offer treatment approaches unique
for each individual. In the end, AI will serve as a co-pilot of the physician as it performs
administrative and repetitive tasks while allowing the doctors to focus on patient care.

5. Challenges and Barriers to Clinical Al Integration

Despite the increasing innovation in Al applications in oncology and cardiology, real-
world clinical integration remains limited due to several challenges. A central issue is the
occurrence of hallucinations and overall accuracy of Al tools that suffer from false positives
and overfitting. Optimizing Al systems on narrow datasets often leads to results that are
not reproducible across clinical sites or broader patient populations [113]. In high-stakes
settings, such as early cancer detection or acute cardiovascular interventions, even a small
margin of error can have significant clinical and psychological consequences. For instance,
a false-positive cancer diagnosis can lead to unnecessary interventions and could result
in patient anxiety and even invasive procedures. Al-assisted diagnostics can improve
long-term survival by enabling earlier, more accurate detection of diseases like cancer or
heart failure [114-116]. However, its effect on patient experience remains mixed. Studies
show that patient trust often declines when they are explicitly aware that a physician is
using Al, driven by concerns over data privacy, a perceived reduction in human empathy,
and the potential for a less personal relationship [117-119]. The overall impact hinges
on transparent communication and the successful integration of Al as a supportive tool
that augments, rather than replaces, the essential human element of healthcare [120]. In
addition, the impact of implementing Al in hard outcomes such as mortality remains to be
elucidated as large, long-term trials are missing.

Beyond accuracy and reproducibility, practical integration into existing clinical work-
flows is another barrier. For Al systems to be useful, they must fit seamlessly into EHRs
and clinical decision-support systems that require significant investments in infrastructure
and training. While regulation of medical devices and pharmaceuticals are well established,
harmonized regulatory frameworks are still being determined for Al-based tools. The
absence of globally accepted standards for model validation, continuous monitoring, and
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post-deployment surveillance makes it difficult for clinicians and health systems to trust Al
applications at scale [121].

This lack of harmonized regulatory frameworks and validation standards creates a
critical synthesis point: the “Black Box” dilemma. High-performance deep learning models
often lack the necessary Explainable Al to justify their output, which directly undermines
clinical trust and impedes regulatory approval as a software as a medical device. Without
transparent mechanisms showing how a model arrived at an oncological or cardiovascular
decision, neither the clinician nor the regulator can ethically accept accountability. Technical
limitations such as poor data quality interact with ethical concerns like bias propagation,
all of which are ultimately compounded by operational barriers related to clinical work-
flow and economic feasibility. A true synthesis requires understanding this interplay, as
performance on a clean, single-center dataset, for instance, provides little insight into a
model’s operational viability or regulatory readiness.

The pathway to integration must therefore be comprehensive and end-to-end, begin-
ning with the identification of clinically relevant problems, followed by dataset selection,
model development, and rigorous validation, as well as ethical and legal evaluations. In the
sections below, we offer several approaches to these problems that would aid the adoption
of Al in clinical settings.

5.1. Validation, Regulation, Explainability

Al models can reveal new insights from large datasets, but poor data quality or bi-
ased training can lead to errors. Validation against established clinical evidence remains
essential to ensure reliability. Frameworks like the 24-step guide proposed in [122] out-
line best practices for protocol registration, bias assessment, and transparent reporting.
These are highly applicable to validating Al systems with real-world clinical data. When
an Al model offers insight, it is essential to confirm findings through case studies as
well as retrospective or prospective clinical evaluations. Training data must also be rep-
resentative, diverse, and high-quality, with attention to population demographics and
longitudinal consistency [123].

Model validation should encompass multiple dimensions: predictive accuracy, cali-
bration, robustness to missing or noisy data, and clinical interpretability. Benchmarking
against traditional statistical methods and evaluating performance in live or retrospective
trial settings are critical. Validation practices should also include ethical reviews, regulatory
alignment, and mechanisms for continuous improvement through real-world feedback. Be-
yond validation, interpretability is equally critical. As Al becomes more deeply integrated
into clinical trials and decision-support systems, XAl provides transparent, interpretable,
and clinically meaningful outputs [124].

XAI methods offer both global and individual-level explanations. For example, a
model predicting survival after surgery may highlight age and comorbidities as global
predictors, while identifying personalized risk factors for an individual patient. Some mod-
els are inherently interpretable by design, offering a direct window into decision-making.
Examples of such “glass-box” approaches include generalized additive models [106,125]
and explainable boosting machines [126,127]. These models show the contribution of
each feature to a prediction, often through intuitive shape functions clinicians can easily
visualize. For instance, predicting disease risk might show how increasing patient age or
a specific lab value monotonically increases risk, while another feature may have a more
complex, non-linear relationship. This transparency lets clinicians inspect how patient
characteristics contribute to outcomes, fostering trust without complex post-processing.
In image-based Al (e.g., histopathology), integrated gradient techniques can show which
regions of a scan influenced the diagnosis. In dynamic clinical contexts, time-series XAI
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methods help practitioners understand how trends in vital signs or lab values affect out-
come predictions, especially in perioperative or intensive cure unit settings. Similarity
classification techniques further enhance trust by comparing current patients to past cases
and illustrating the accuracy of prior predictions.

These tools empower clinicians, support patient communication, and aid regulatory
review. Recent advances, such as the integration of LLMs [106] and visual language
models, extend these principles into multimodal and conversational interfaces, making
it easier for clinicians to interact with Al systems via natural language or multimodal
inputs. Embedding explainability into Al tools ensures clinicians remain in control, fosters
transparency, and enhances collaboration between clinical and technical stakeholders, an
essential step toward widespread and responsible Al adoption in healthcare [128].

5.2. Data Harmonization

Real-world data consists of many stakeholders, which can include wearable de-
vice companies with health monitoring data or hospitals with electronic health records.
This type of standardized quality monitoring ensures that models trained on multicenter
datasets are interoperable and generalizable [129]. Furthermore, data harmonization is
inextricably linked to the ethical hurdle of algorithmic bias. Datasets that lack representa-
tiveness (e.g., limited to a single ethnicity or socioeconomic group) will inevitably lead to
models that propagate and amplify existing health disparities when deployed in diverse
populations. Therefore, the technical synthesis of large, diverse, and interoperable datasets
is a prerequisite for achieving ethical and equitable Al translation.

It is also challenging to bring together various parties and promote data sharing, as
each party might want to retain control or extract value from the data it holds. Here, the
stakeholders can adopt a collaborative approach and form consortia with a commitment to
share data with one another. Health data integration at such large scales can result in life-
changing insights and interventions for the patients. When datasets are combined, which
include patients’ electronic health records and wearable device data, patient-identifying
information must be removed before training the model. Handling such sensitive infor-
mation requires attention, secure databases, and reliable personnel. This demands data
custodians, such as hospitals and research centers, that can gather all this information while
ensuring patient privacy.

6. Enabling Responsible Al

The successful application of Al in clinical trials requires both data harmonization and
interdisciplinary collaboration along with trustworthiness. Real-world data from hospitals,
wearables, and pharmaceutical research must be made interoperable through standardized
formats, ontologies, and metadata schemas. Secure data-sharing frameworks and collabo-
rative governance structures are essential for preserving patient privacy while enabling
innovation. Trustworthiness includes strong predictive performance, calibrated uncertainty
quantification, robustness to distribution shift, and out-of-distribution detection, all of
which safeguard clinical reliability [130,131]. Training programs should incorporate both
technical and clinical curricula, promoting collaborative environments that develop Al
applications with clinical relevance, statistical rigor, and regulatory compliance [1]. To-
gether, these frameworks ensure that Al augments current practices in a manner that is
trustworthy, equitable, and sustainable across the healthcare ecosystem.

7. Pitfalls and Limitations of Artificial Intelligence

Despite these promises of Al in advancing cardiovascular and cancer care, its respon-
sible and effective implementation necessitates overcoming critical issues. A key challenge
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is to ensure the data quality and representativeness. Given that the model’s performance is
determined by both the quality and quantity of the training data, only datasets that include
diverse clinical diseases and ethnicities can offer Al tools that can capture the complexity
of the clinical space [132-134]. For example, recent Al-based imaging tools developed on
single-center datasets have shown reduced diagnostic accuracy when externally validated,
revealing how limited data diversity can undermine real-world performance [135]. This
challenge is especially relevant for LLMs, clinical agents, and multimodal foundation mod-
els, which necessitate extensive, high-quality datasets to prevent the propagation of bias
or the generation of false correlations. Hallucinations, fabricated but plausible-seeming
outputs, are a well-documented risk for LLMs, especially in safety-critical tasks such as
clinical summarization or decision support. Such datasets should include patient charac-
teristics such as age, sex, socioeconomic background and comorbid conditions to improve
model generalization, accuracy, and reliability across the population, which can otherwise
lead to biased outcomes and reduce clinical trust. At the same time, as Al technologies
gain popularity, they also raise significant issues such as data ownership, privacy and data
security [130,131,136]. Compliance with the data protection regulations in each country
requires local deployment of Al models that need to be embedded within the IT infras-
tructures of healthcare providers. Given their previous experience with sensitive data,
such institutions, rather than external cloud-based companies would better ensure the
protection of patient populations. The compliance would also allow the institutions to
extract meaningful clinical insights from unstructured data such as clinical notes without
compromising privacy.

Beyond data limitations in high-income countries, a more profound gap exists glob-
ally [137,138]. While algorithmic bias is frequently discussed in terms of underrepresented
racial and ethnic groups in Western contexts, a critical disparity arises because datasets are
overwhelmingly derived from high-income countries. This leads to a severe underrepresen-
tation of populations from low- and middle-income countries. This disparity ensures that
models are trained on disease profiles, comorbidities, and imaging standards that may be
irrelevant to the clinical reality of low- and middle-income countries [137]. Consequently,
Al solutions designed for high-income countries may amplify global health inequity by
failing to offer accurate, accessible, and affordable diagnostic tools where they are needed
most. This lack of diverse geographic data directly correlates with systemic disparities in
access to trustworthy, validated Al technology [138]. Yet another limitation of Al tools is
their lack of robust validation frameworks. Several prototypes have emerged from aca-
demic literature, but few have gone through rigorous and multi-phase clinical validation
necessary for regulatory approval and widespread adoption. Moreover, even FDA-cleared
Al algorithms often lack long-term post-market validation, and their generalizability across
institutions remains limited [139]. Factors that prevent clinical trust include lack of clear
criteria for performance benchmarking, clinical efficacy, post-market surveillance strategies,
and safety which should be undertaken by regulatory bodies and scientific societies similar
to regulations for drug approval and medical devices [140-142].

Economic concerns regarding Al tools play a significant role in the implementation
of AL While Al is often referred to as a cost-saving solution in clinics, leading to faster
diagnoses, its implementation would at first require significant expenditures and capital
investments. Each adoption requires its integration into existing hospital systems, de-
ploying infrastructure such as high-performance local servers, and training the healthcare
personnel, and ensuring data privacy along with regulatory compliance [143-145].

Several Al tools also require specialized equipment, such as high-resolution scanners,
to ensure data quality and also demand recurring software licensing fees [144]. Neverthe-
less, once integrated, Al offers several long-term economic advantages, such as reducing
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diagnostic errors, streamlining patient care, and leading to improved performance of clin-
ical staff. Published cost-effectiveness analyses of Al systems in cardiology or oncology
are still scarce, and real-world savings have yet to be consistently demonstrated [146]. Al's
role in early disease detection or treatment strategies can lead to timely treatments with
improved efficacy, decreasing the clinical burden and reducing the cost of chronic disease
management [143,144,147]. As the clinical efficacy of Al is being evaluated, its economic
advantages will ultimately determine its adoption; otherwise, it may face resistance from
insurance companies and other stakeholders.

Future validation frameworks must evolve beyond conventional performance met-
rics such as accuracy and AUC toward measures that reflect clinical reliability, uncer-
tainty, and factual integrity. We propose establishing standardized validation metrics
across oncology and cardiology that assess both predictive calibration, uncertainty esti-
mation and semantic correctness. For predictive and risk-stratification models, Expected
Calibration Error (ECE) [148] should be reported alongside complementary measures
such as the Brier score, negative log-likelihood (NLL), and predictive entropy [149], all
of which quantify the alignment between predicted probabilities and observed outcomes
while capturing uncertainty in probabilistic outputs. Uncertainty estimates expressed
through confidence intervals, Monte Carlo dropout variance [150], or ensemble-based
predictive distribution [151,152] are crucial for identifying when models “know what
they do not know”, thereby supporting clinician oversight. For imaging-based and
generative Al systems, domain-specific factuality metrics are equally important. The
RadGraph-F1 metric [153] evaluates whether generated radiology or pathology reports
accurately capture entities and relationships such as tumor characteristics or cardiac
valve abnormalities, while FactScore [154] measures factual correctness and logical con-
sistency in large language model (LLM) outputs. Together, these complementary metrics,
covering calibration, uncertainty, and factuality, enable a modality-agnostic validation
framework that can unify the assessment of predictive, imaging, and generative Al sys-
tems across oncology and cardiology. Such an approach shifts validation from isolated
technical performance toward clinically meaningful, interpretable, and trustworthy eval-
uation standard [20]. Looking ahead, foundation models such as GPT-40, Med-PaLM
2, and DeepSeek-Med [155,156] may unify these metrics by enabling reasoning across
imaging, text, and omics data; however, challenges of interpretability, data provenance,
and regulatory validation must be addressed before such systems can be safely deployed
in clinical practice.

In conclusion, Al's impact on healthcare requires beyond technical competency but
also equity, privacy, validation, and economic sustainability. Simultaneous development
of several Al tools necessitates a reliance on companies’ solutions for their adoption
and implementation.

8. Conclusions and Future Directions

This review extends beyond single-domain surveys by offering a cross-disciplinary
synthesis of Al applications in oncology and cardiology, demonstrating that both fields
tackle architecturally similar problems—such as identifying local pathology within large
datasets and developing prognostic models for risk stratification. By merging these do-
mains, we benchmark the maturity of emerging technologies and reveal shared barriers,
including data harmonization, regulatory challenges, and validation gaps, while highlight-
ing opportunities for mutual learning to enhance clinical translation.

While previous systematics reviews [157] have often focused on single disease do-
mains or specific modalities, this narrative review fills a critical gap by providing a timely,
comparative synthesis of Al applications across oncology and cardiology, two fields with
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high unmet clinical needs and rapidly evolving data ecosystems. We highlight the role of
Al in accelerating emerging technologies while critically examining challenges related to
evidence quality, validation, equity, and regulation, with a particular focus on translational
barriers such as data interoperability, regulatory approval, and clinical workflow integra-
tion. By emphasizing both opportunities and pitfalls, this review offers clinicians, data
scientists, and policymakers a roadmap for responsible and scalable Al integration in these
high-impact specialties.

Al tools aim to enter clinical space and transform medicine, but their adoption in
a highly regulated industry remains a challenge. Next-generation clinical Al will likely
be powered by multimodal foundation models integrating genomics, imaging, EHR, and
wearable data, offering a unified backbone for diagnostics, prognostics, and clinical trial
design. A clinical Al model cannot be meaningfully developed in large data centers
using only fast algorithms without access to high-quality, diverse, and clinically relevant
data [132,136,147]. To achieve this, datasets from stakeholders such as pharmaceutical and
insurance companies, hospitals, patient advocacy groups, and government agencies need
to come together.

The development and successful integration of clinical Al systems also requires co-
ordinated collaboration between expert groups. Data scientists often face challenges in
interpreting complex healthcare data due to pre-analytical variability, while diagnostic and
clinical professionals may lack familiarity with Al capabilities and limitations. This gap
demonstrates the importance of cross-disciplinary training programs where diagnostic
experts, clinical staff, data scientists, engineers, and epidemiologists can communicate
effectively, interpret each other’s findings, and refine output [157-159]. Interdisciplinary
education and team-based problem solving are therefore foundational to building clinical
Al tools that are technically sound, trustworthy, and usable in practice.

As the field moves forward, limiting the hallucinations while increasing the trans-
parency and interpretability of clinical Al tools would lead to increased clinical trust and
adoption [160]. As regulatory frameworks adapt to rapidly evolving Al systems, clinicians
can consult new standards for the continuous validation, monitoring, and reapproval
of models that learn over time. Simultaneously, we must interoperate real-world data
from hospitals, wearables, registries, and pharmaceutical research using standardized
formats, ontologies, and metadata schemas [144]. Secure data-sharing frameworks and
collaborative governance structures are essential for preserving patient privacy while
enabling innovation [136,144].

This review aimed to provide an integrative overview of Al applications across oncol-
ogy and cardiology; however, we acknowledge several methodological limitations. Despite
the literature search being conducted through PubMed, our approach was not systematic,
as our goal was to illustrate Al's potential through selected case applications in clinical
practice. Therefore, our review may not include all existing evidence, and some significant
or recent studies may have been missed, both in terms of potential and methodological
considerations. Regardless, the examples discussed in this work reflect key trends and
translational challenges that define the current state of clinical Al research.

Finally, we posit that profit-driven perspectives are at risk of undermining public
trust in healthcare. As regulatory agencies decide on AI’s role in clinical research,
forward-thinking entrepreneurs can set an example by prioritizing transparency, ac-
countability, and reliability [92]. In this era of rapidly improving Al technologies, trust
and collaboration remain the most powerful tools. Therefore, the crucial responsibility
to ethically apply such technologies for the collective good rests firmly with skilled
data custodians.
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Glossary

Glossary of Key Terms

e  Artificial Intelligence: A broad field of computer science that focuses on creating systems
capable of performing tasks that typically require human intelligence, such as reasoning,
problem-solving, decision-making, and language understanding.

e  Multi-Omics: Integration of multiple layers of biological data (genomics, proteomics,
transcriptomics, epigenomics) for more comprehensive disease understanding.

e Digital Twin: A virtual model of a patient used to simulate treatment outcomes and support
decision-making in clinical trials and personalized care.

e  AI-ECG: Al-enhanced electrocardiogram interpretation to detect subtle changes predictive of
cardiac conditions, including therapy-induced dysfunction.

e  Oncotype DX: A genomic test used in breast cancer to predict the likelihood of recurrence
and the potential benefit of chemotherapy.

e  Natural language processing: Is a branch of artificial intelligence that focuses on enabling
computers to understand, interpret, generate and interact using human language. It
combines linguistics, computer science, and machine learning to process written or spoken
language in a way that is meaningful to both machines and people. NLP is used in a wide
range of applications, including speech recognition, language translation, sentiment analysis,
chatbots, and text summarization. By analyzing the structure and meaning of language, NLP
allows machines to respond intelligently to user input and extract valuable insights from
large volumes of text data.

e  Machine Learning: A branch of artificial intelligence that enables computers to learn from
data and improve their performance without being explicitly programmed. Instead of
relying on fixed rules, machine learning systems use algorithms to detect patterns, make
predictions, and support decision-making.

e  Deep Learning: A specialized subset of machine learning that uses artificial neural networks
with multiple layers to model complex patterns in large datasets, often applied in areas such
as image recognition, natural language processing, and speech analysis.

e  Explainable AI (XAI) refers to a set of methods and techniques that make the decisions and
inner workings of artificial intelligence systems understandable to humans. Unlike
traditional “black box” models, which can produce accurate results without revealing how
they reached those conclusions, XAI aims to provide transparency by explaining why a
model made a specific prediction or decision.
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Electronic Health Records (EHRs) are digital systems used by healthcare experts to collect,
store, and manage patients’ medical information over time. They include structured data
such as diagnoses, medications, lab results, vital signs, and clinical workflows. Unlike
patient registries, which are designed for research or public health purposes, EHRs are
primarily transactional and visit-centered. However, EHRs can support registries by
supplying valuable data. Their integration with registries faces challenges such as data
quality, interoperability, and privacy.

A Large Language Model (LLM) is a type of artificial intelligence designed to understand,
generate, and process human language. It is trained on big amounts of text data and uses
advanced mathematical structures called neural networks to learn patterns in language, such
as grammar, context, and meaning. LLMs can perform a wide range of language-related
tasks, including answering questions, summarizing texts, translating languages, writing
content, and even generating code. Their ability to produce human-like responses makes
them valuable tools in fields like education, research and healthcare. However, because
LLMs learn from existing data, they can also reflect biases or inaccuracies found in their
training material, which is why responsible use and oversight are important.

Visual Language Models are a type of Al that can understand and create information using
both images and videos as well as text. These models learn from big datasets that include
images and their descriptions or captions. This lets them understand visual content and
respond in human language. Visual language models can do things like describe pictures,
answer questions about visual scenes, make captions, or even make new pictures based on
text prompts. They are used a lot in medical imaging, education, robotics, and tools for
making things easier to use. They help connect visual perception and

language understanding.

Convolutional Neural Network: A type of deep learning model especially effective for
processing grid-like data, such as images. CNNs use convolutional layers to automatically
detect patterns like edges, textures, and shapes by scanning small regions of the input. This
allows the network to learn spatial hierarchies, where early layers detect simple features and
deeper layers capture complex structures. CNNs are widely used in tasks such as image
classification, object detection, and facial recognition.

Artificial Neural Network A computing model inspired by the structure and function of the
human brain, made up of layers of connected nodes called neurons. Each neuron receives
input, processes it (typically using a weighted sum and an activation function), and passes
the result to the next layer. ANNSs can learn patterns from data and are used in many tasks
like image recognition, language processing, and prediction. They are the foundation of
many deep learning models, including CNNs and RNNs.

Generalized Additive Model: A type of statistical model that extends generalized linear
models by allowing non-linear relationships between the predictors and the outcome. GAMs
use smooth functions (like splines) to model each predictor’s effect individually, then add
them together to predict the response. This makes GAMs useful for uncovering complex
patterns in data while remaining interpretable. They are often used in fields like
epidemiology, finance, and environmental science.

Abbreviations

Al Artificial Intelligence

AF Atrial Fibrillation

AUC Area Under the Curve

AI-ECG Al-enhanced Electrocardiogram

CNN Convolutional Neural Network

CT Computed Tomography

CTRCD Cancer Therapy-Related Cardiac Dysfunction
DL Deep Learning
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ECG Electrocardiograms
EF Ejection Fraction
EHR Electronic Health Record
FDA Food and Drug Administration
HER?2 Human Epidermal Growth Factor Receptor 2 Negative
HF Heart Failure
LLM Large Language Model
LVSD Left Ventricular Systolic Dysfunction
miRNA microRNA
ML Machine Learning
MRI Magnetic Resonance Imaging
NLP Natural Language Processing
OCT Optical Coherence Tomography
Oncotype DX  21-gene expression test for breast cancer recurrence risk
PD-L1 Programmed Death-Ligand 1
PET Positron Emission Tomography
RNA-Seq RNA Sequencing
RWE Real-World Evidence
Tempus Al-driven precision medicine platform in oncology
XAI Explainable Artificial Intelligence
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