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bility to enhance diagnostic accuracy, prognostic stratification, and operational efficiency.
AI is demonstrating applicability across the imaging workflow—from individualized patient
selection and adaptive image reconstruction to denoising of low-dose datasets, automated
attenuation and motion correction, calcium scoring, and the integration of imaging with clin-
ical and functional variables for enhanced diagnosis and comprehensive risk assessment.
But the translational trajectory of AI in nuclear cardiology is challenged by the lag in funda-
mental AI knowledge among researchers and clinicians, the quality of the target data
regarding heterogeneity in acquisition protocols, scanner platforms, and patient popula-
tions, and by infrastructural disparities that constrain the generation of large, representative
datasets needed for training and validation, particularly in low-resource settings. Addition-
ally, necessary regulatory and legal frameworks remain in early stages of harmonization.
This white paper, developed by an International Atomic Energy Agency (IAEA) working
group, provides a succinct overview of the technical basis, areas of deployment, clinical
value and unmet challenges of AI in nuclear cardiology. It makes punctual suggestions to
aid maturation in this area while maintaining a sober interaction with the overwhelming
nature of the field. These include promoting standardized acquisition and reporting practi-
ces, establishing globally representative reference datasets, promoting imaging multimo-
dality frameworks and developing AI-proficient clinical and technical personnel. Under
these conditions, AI may meaningfully enhance the diagnostic and prognostic value of
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nuclear cardiology while supporting equitable implementation and preserving clinical
accountability.
Semin Nucl Med 56:119-131 © 2026 The Authors. Published by Elsevier Inc. This is an open
access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Introduction and objectives

The emergence and development of artificial intelligence
(AI) is reshaping the field of nuclear cardiology. AI-

enabled analyses are optimizing workflows while enhancing
the diagnostic and prognostic value of nuclear cardiology
techniques. However, the unprecedented growth of AI is also
saturating the channels of knowledge dissemination,1 mak-
ing it increasingly difficult to maintain an overview of the
state-of-the-art, assess the robustness of AI approaches, and
contextualize their performance and generalizability in clini-
cal practice.
In its international role supporting the safe, effective, and

equitable access to and use of nuclear medicine, the Interna-
tional Atomic Energy Agency (IAEA) has established a work-
ing group to assess the current landscape of AI
implementation in nuclear cardiology and identify its most
relevant challenges. The present white paper resulted from
this process. It aims to provide a succinct overview of the
technical basis of AI, the areas of deployment in nuclear car-
diology, the documented clinical value and the emerging
challenges in this utilization. Simultaneously, it makes punc-
tual suggestions to aid maturation in this area and to main-
tain a sober interaction with the overwhelming nature of this
field. Finally, it proposes the creation of a high-quality
nuclear cardiology reference dataset to serve as a structural
contribution to the training and improvement of novel AI
models in nuclear cardiology.
The basis of AI and its place in nuclear
cardiology
Modern machine learning (ML)-based AI relies on mathemat-
ical models (or algorithms) that iteratively improve their clas-
sification or predictive performance through exposure to
new data. ML extends traditional statistical modeling as it
can accommodate a large amount of input variables and cap-
ture complex, non-linear relationships within the data.
Among ML techniques, artificial neural networks—featuring
various processing mechanisms such as convolutions and
transformers—have demonstrated remarkable success in
analyzing and generating images, text, and video. These
advancements fall under the umbrella term of deep learning
(DL). (See Fig. 1) The most notable breakthroughs in this
domain are foundational models, including large language
models (LLMs) such as Chat GPT and emerging vision-lan-
guage models (VLMs).2
Usually, ML-based AI benefits from large datasets which
are randomly parcellated to subject the models to several
runs of representative data, allowing its progressive refine-
ment (i.e. training-testing process). Nevertheless, technical
advancements in AI model functions, model pre-training and
transfer learning have opened the door to data economiza-
tion. This makes it increasingly equitable to generate useful
AI models.

At the core of AI lies the quality of the data used for training,
testing, and validation. Regardless of whether a model is simple
or complex, it learns patterns and relationships from the data to
optimize its output. In essence, AI models are designed to con-
verge on a solution based on the algorithms they employ.
However, these models have not inherent understanding of
whether the learned dependencies are mechanistically related
to the problem at hand. As a result, outputs can be heavily
biased or overfitting when trained on low-quality or unrepre-
sentative datasets. For a clinically oriented explanation of ML-
based AI principles in nuclear cardiology, readers are encour-
aged to consult the accompanying references. Nuclear cardiol-
ogy entails the use of single-photon emission computed
tomography (SPECT) and positron emission tomography
(PET) to assess myocardial perfusion, function, and metabo-
lism.3 These techniques generate vast amounts of data—quali-
tative, semi-quantitative, quantitative and pixel-based
images—on top of an already substantial set of clinical varia-
bles. This abundance of data types underlies the relevance and
applicability of AI in this domain. Whether through simpler AI
models that integrate clinical and imaging input variables, or
through complex DL approaches, nuclear imaging provides a
rich substrate for effective and comprehensive data analysis.4-6

As a result, key advancements of AI in nuclear cardiology
include improvement in patient selection, image acquisition
and processing, image interpretation and report generation, as
well as the integration of nuclear cardiology data with other
clinical and imaging information for diagnostic and prognostic
purposes. (Fig. 2) The state-of-the-art in these areas will be dis-
cussed in the following section.
AI domains of implementation
Appropriate use of imaging and patient
selection
Accurate patient selection and adherence to appropriate use
criteria are essential to maximize diagnostic yield, minimize

http://creativecommons.org/licenses/by-nc-nd/4.0/


Fig. 1 Hierarchical relationship between artificial intelligence (AI),
machine learning (ML), and deep learning (DL), with key DL archi-
tectures relevant to medical imaging, including convolutional neural
networks (CNNs), generative adversarial networks (GANs), and
transformer-based language models.
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unnecessary procedures, reduce radiation exposure, and
optimize resource utilization. AI enables a highly individual-
ized approach by integrating clinical, imaging, and risk factor
data to identify patients most likely to benefit from advanced
imaging techniques, thereby improving diagnostic efficiency.
ML models can support the prediction of abnormal myocar-
dial perfusion imaging (MPI) based on pre-test variables.4,7-
10 These data-driven approaches go beyond traditional
dichotomous appropriateness criteria, offering a more
nuanced assessment that may enhance patient selection.
Stress-only imaging
The stress-only SPECT protocol is an established approach to
reducing both radiation exposure and imaging costs while
Fig. 2 Summary of machine learning (ML) applications (Light
different stages of nuclear cardiology workflow.
improving patient throughput and maintaining prognostic
value comparable to standard stress-rest acquisition
protocols. Building on the concepts discussed in the previous
section, after a normal stress MPI, AI models can assist in
identifying patients suitable for stress-only imaging by select-
ing appropriate patients for rest scan cancellation with a high
prognostic safety. Hu et al.11 developed a ML model using
data from the REFINE SPECT registry to identify low-risk
patients who could forgo rest scans, demonstrating lower
MACE rates among AI-selected individuals. Eisenberg et al.
validated a similar model based on stress-only imaging and
clinical variables, achieving an area under the curve (AUC) of
0.84 for detecting obstructive CAD and outperforming
expert interpretation (AUC 0.70) and total perfusion deficit
(TPD) analysis (AUC 0.78)12 Liu et al. developed a DL model
trained on over 37,000 stress-only SPECT studies, achieving
an AUC of 0.872 for predicting perfusion abnormalities, with
robust performance across patient subgroups.13 Wang et al.
trained six ML models on rest-stress SPECT data and demon-
strated that stress-only models based on selected key fea-
tures—such as summed stress score, summed wall thickness
score of stress, and end-diastolic volume—achieved diagnos-
tic performance (AUC 0.863) equivalent to full rest-stress
MPI in detecting CAD.14 Complementing these image-based
strategies, Martineau et al. developed a binomial logistic
regression model based solely on clinical data available at the
time of scheduling, predicting normal MPI with an AUC of
0.81 and reducing unnecessary imaging by 56.5 %.15 Collec-
tively, these studies support the role of AI in expanding the
use of stress-only imaging protocols and suggest that AI-
guided rest scan cancellation could become standard prac-
tice, enhancing both safety and the overall quality of nuclear
cardiology care.
Image acquisition and processing
Image reconstruction
Image reconstruction in nuclear cardiology has traditionally
relied on algorithms like filtered back projection (FBP) and
blue boxes) and its advantages (light green boxes) across
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iterative techniques such as ordered-subset expectation-max-
imization (OSEM). While effective, these techniques are con-
strained by fixed assumptions about noise and system
behavior, resulting in trade-offs between resolution, noise
levels, and scan duration. Recent advances in DL are trans-
forming reconstruction by introducing data-driven, patient-
specific algorithms that overcome many of these
limitations.16,17 Unlike conventional approaches, AI models
learn directly from empirical data, capturing complex noise
patterns and scanner characteristics to generate more accu-
rate and personalized images.
AI has been used to reconstruct diagnostic-quality images

directly from low-count shortened imaging datasets.18,19

Convolution-based DL models leverage large-scale learned
priors, enabling reliable performance even under suboptimal
conditions. Although promising, AI-based reconstruction
remains largely in the research phase or early stages of clinical
adoption, rather than routine practice. Studies have demon-
strated improvements in spatial and temporal resolution, par-
ticularly in dynamic PET and gated SPECT, where models
trained to recognize anatomical features—such as valve
planes or ischemic regions—better preserve detail compared
to traditional methods. In addition, AI-driven segmentation
and automated reorientation tools have been increasingly
applied to standardize myocardial perfusion imaging analy-
sis, improving reproducibility and reducing operator depen-
dency in tasks such as polar map generation and left
ventricular axis alignment.17,20,21 A key advantage of AI is its
adaptability: rather than applying a fixed algorithm to every
patient, AI models can personalize reconstruction based on
factors such as body size, attenuation profiles, and scanner
type.22 For example, larger patients may benefit from AI
models trained on similar body types, maintaining image
quality at lower radiation doses. This aligns with the emerg-
ing paradigm of “adaptive reconstruction,” in which process-
ing is dynamically tailored to individual patient
characteristics.23

Of note, image quality alone does not validate these meth-
ods. They must also demonstrate diagnostic and prognostic
accuracy in complex clinical scenarios such as multi-vessel
disease or balanced ischemia.24 Hybrid approaches combin-
ing physical modeling and AI such as physics-informed DL
may offer a balance of interpretability and performance.
Although not yet used clinically, attention-based architec-
tures and transformer models also hold promise in refining
resolution without amplifying noise.25 Cloud-deployed
reconstruction pipelines could democratize access, enabling
high-quality nuclear imaging in low-resource settings
through scalable and secure platforms.26

Denoising
AI offers a transformative approach for denoising low-dose
nuclear cardiology images, addressing a key limitation in
image quality and diagnostic reliability. DL algorithms—par-
ticularly convolution-based and generative adversarial net-
works (GANs)—have demonstrated a strong potential to
reconstruct high-quality images from noisy or under-
sampled data. Typically trained on paired low-dose and full-
dose datasets, these models can preserve critical features
such as perfusion defects even at significantly reduced doses
(e.g., 1/8 or 1/16 of standard). For example, Ramon et al.
demonstrated that a supervised DL model outperformed con-
ventional methods like OSEM, while Aghakhan Olia et al.
used a U-Net GAN architecture to recover full-dose-equiva-
lent image quality18,19 used a U-Net GAN architecture to
recover full-dose-equivalent image quality These approaches
produce images nearly indistinguishable from standard pro-
tocols in terms of spatial resolution and quantitative metrics
like TPD. Notably, clinical validation has shown that DL
denoising of SPECT MPI can yield significantly better detec-
tion of perfusion defects than conventional
reconstructions.27,28

Despite these advances, DL-based denoising is not yet
standard clinical practice due to regulatory hurdles and the
need for broader validation, although pilot studies are ongo-
ing in multiple centers. Next-generation efforts aim to inte-
grate denoising into real-time reconstruction pipelines and
explore hybrid AI models that combine denoising, segmenta-
tion, and outcome prediction.22 Emerging strategies also
focus on task-specific tuning—such as preserving ischemic
patterns—and on AI-driven dose optimization to minimize
radiation and scan time while maintaining diagnostic accu-
racy.29 Personalization efforts are growing, using patient-spe-
cific factors (e.g., BMI, gender, coronary calcium scores) to
tailor scan parameters and uphold the “as low as reasonably
achievable” (ALARA) principle for radiation.29

Motion correction
Motion artifacts—whether due to cardiac contraction, respi-
ratory cycles, or patient movement—can significantly
degrade the diagnostic accuracy of MPI. AI, particularly DL,
has introduced new paradigms for correcting these artifacts
without the need for external sensors or complex gating pro-
tocols.

AI-based motion correction is often approached through
frame-by-frame registration using convolutional or recurrent
architectures such as convolutional long short-term memory
(CLSTM) networks. For instance, Shi et al. used CLSTM to
correct motion in dynamic cardiac PET, significantly improv-
ing myocardial blood flow quantitation compared to tradi-
tional methods.30 Similarly, Li et al.31 developed a
deformation field estimation model integrated into iterative
PET image reconstruction for enhanced correction fidelity.32

Accurate motion correction improves perfusion quantifica-
tion, functional parameters, and overall diagnostic accuracy.
AI methods have outperformed conventional rigid and affine
techniques, particularly for non-linear, variable motion. Clin-
ical readiness is advancing, with tools under validation in
multicenter settings such as the REFINE SPECT registry,
which is assessing reproducibility and real-world perfor-
mance.33 Ultimately, AI-driven motion correction is expected
to become a real-time, embedded feature of acquisition and
reconstruction systems, eliminating the need for external
tracking hardware and streamlining workflows.



Fig. 3 Comparison of conventional CT-based attenuation correction (AC) and AI-based CT-less direct AC in SPECT
imaging- Convolutional neural networks (CNNs) and generative adversarial networks (GANs) can generate attenua-
tion-corrected images without the need for CT-derived m-maps. All images shown are from the same patient.
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Attenuation correction
Soft tissue and diaphragmatic attenuation frequently intro-
duce artifacts that impair the diagnostic and prognostic per-
formance of MPI. While traditional CT-based attenuation
correction (AC) improves image quality, it requires hybrid
SPECT/CT or PET/CT systems, which are not universally
available—particularly in low resource settings—and add
radiation exposure and procedural complexity. As a result,
many MPI studies are still performed without attenuation
correction. These are labelled non-attenuation corrected
(NAC).23,34

Convolutional and generative deep learning can generate
synthetic AC images directly from NAC data, eliminating the
need for CT. These models are trained on large, paired data-
sets of NAC and AC images from the same patients. This
allows the AI models to map the relationships between the
scans through maximization of structural similarity to apply
these to unseen NAC data (see Fig. 3). Some approaches also
incorporate clinical variables to further enhance prediction
accuracy. For example, the DeepAC model uses a conditional
GAN to convert NAC short-axis images into high-fidelity
simulated AC images, outperforming CT-based methods in
cases of emission�CT misregistration.23

Clinical validation has shown that AI-based AC reduces
false perfusion defects and improves diagnostic accuracy for
obstructive CAD. In a multi-center trial of 722 patients, deep
learning-based AC improved the AUC from 0.717 (NAC) to
0.752 (p = 0.016), increased specificity by 6.2 %, and
improved accuracy by 4.3 %, performing comparably to
expert readers. Similarly, Prieto Canalejo et al. demonstrated
that AI-generated AC maps achieved over 96 % accuracy for
attenuation defect localization and significantly enhanced
interpretability. Furthermore, Hagio et al. reported a multi-
center, multivendor validation of deep learning AC in the
context of the international Flurpiridaz 301 trial, supporting
its potential for broader clinical adoption.

AI-based AC is now transitioning into clinical use, espe-
cially in settings without hybrid SPECT/CT systems. These
tools offer near-instantaneous correction and can be seam-
lessly integrated into clinical workflows without altering
acquisition protocols, enhancing accessibility and adherence
to best practices in nuclear cardiology.

Automated calcium scoring
Coronary artery calcium scoring is an established tool for risk
stratification in patients with suspected CAD, guiding pre-
ventive strategies such as lipid-lowering therapiesBeyond
CAD risk, AI-enabled calcium scoring has demonstrated
improved prediction of non-coronary events such as heart
failure and stroke.35 Traditionally, calcium scoring uses non-
contrast ECG-gated CT scans, with the Agatston score serv-
ing as the primary metric.36 Recent advances, including itera-
tive reconstruction and deep learning-based image
reconstruction, have enabled significant reductions in radia-
tion dose while maintaining image quality.37 AI algorithms
now automate coronary artery segmentation, plaque detec-
tion, and the calculation of Agatston, volume, and mass
scores, achieving excellent agreement with expert readings—
often with intraclass correlation coefficients often above
0.98.35,38 These tools accelerate analysis, reduce inter-reader
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variability, and facilitate integration with cardiac function
assessment. Importantly, AI is extending calcium scoring to
non-dedicated scans such as low-dose chest CT or PET/CT
attenuation images, enhancing screening possibilities and
expanding access to risk assessment in low-resource set-
tings.38-40 This aligns with the IAEA’s mission to promote
equitable access to medical imaging and facilitate research
and innovation in developing countries. Despite rapid prog-
ress, further validation across diverse populations and imag-
ing platforms remains essential to ensure reliable clinical
adoption worldwide.
Quantification of metabolic activity
Cardiac nuclear imaging extends beyond perfusion assess-
ment. Techniques such as PET/CT with 18F-fluorodeoxyglu-
cose (FDG) and SPECT/CT with 99mTc-labeled bone
seeking agents are increasingly used to evaluate cardiac
inflammation and amyloidosis, respectively. While quantita-
tive parameters have long supported diagnosis, follow-up,
and prognostication—particularly in cardiac sarcoidosis—
the integration of AI is enhancing reproducibility through
automation.41 Recent studies have shown that deep learning
models can segment cardiac chambers on non-contrast CT
for attenuation correction and automatically quantify SUV-
max-derived measures, such as cardiac metabolic volume
and activity. For example, Miller et al. developed a fully auto-
mated FDG PET pipeline for cardiac sarcoidosis, achieving
high diagnostic performance (AUC up to 0.92) for cardiome-
tabolic activity and inflammation volume.42 The same seg-
mentation framework was applied to 99mTc-pyrophosphate
imaging for transthyretin (ATTR) cardiac amyloidosis, suc-
cessfully identifying positive cases and predicting risk.43 In
parallel, DL has shown high accuracy in detecting and grad-
ing radiotracer uptake on scintigraphy. Halme et al. trained a
DL model to classify Perugini grades on bone scintigraphy,
achieving AUCs � 0.88 for ATTR detection and up to 0.94
for high-grade uptake.44 These models focus on clinically rel-
evant myocardial features and outperform traditional visual
interpretation, potentially enabling earlier and more reliable
diagnosis.
Image interpretation and diagnostic
performance
Most of the clinical evaluation of AI use centers on improving
diagnosis and reporting of CAD. AI models now match or
exceed expert performance by integrating imaging data with
clinical variables to enhance diagnostic accuracy and risk
assessment. For instance, Betancur et al. demonstrated that
ML algorithms combining perfusion, functional, and clinical
data outperform traditional scores in predicting MACE.45

Otaki et al. developed explainable AI models that highlight
image regions associated with abnormalities, improving
transparency and clinical confidence.46 ML techniques also
improve consistency in scoring perfusion defects and esti-
mating ischemic burden, helping reduce inter-reader vari-
ability, especially in settings with limited access to expert
interpreters. DL tools further harmonize imaging outputs
across different SPECT systems, supporting multi-center
research and standardization efforts.

Recently, Large language models (LLMs) have shown value
in complementing diagnostic ML by automating report gen-
eration. Garcia et al. demonstrated how natural language
generation systems can integrate MPI findings into struc-
tured, coherent reports,47 describing perfusion patterns, vas-
cular territories, and management recommendations.48 LLMs
also assist in verifying report completeness and flagging
inconsistencies, although very careful oversight is required to
mitigate risk associated with AI-generated hallucinations.47

Structured reporting has advanced through systems like
the AI-driven Structured Reporting System (AIsR), which
applies rule-based logic to create guideline-compliant narra-
tives from imaging data, improving standardization and com-
munication. Natural language processing (NLP) enables the
extraction of key details from free-text reports and their
transformation into structured data for automated classifica-
tion and reporting.49 Hybrid systems that combine NLP with
ML can operate in both retrospective and real-time reporting
settings.50

Successful implementation of AI in nuclear cardiology
requires integrated infrastructure, including large, annotated
datasets, advanced DL/ML platforms, rule-based inference
decision engines, NLP tools, PACS / DICOM, secure cloud or
federated learning systems, and regulatory validation. When
carefully implemented, AI and LLMs have the potential to
significantly improve diagnostic interpretation and personal-
ized care in nuclear cardiology. Clinical leadership will be
essential to ensure these technologies translate into meaning-
ful and measurable patient outcomes.
Prognostication and risk assessment
Prognostic estimations at the individual-patient level repre-
sents one of the most challenging clinical exercises in cardiol-
ogy. By integrating different data sources, AI may
significantly enhance risk stratification in patients undergo-
ing nuclear cardiology imaging. In MPI, AI can also automate
the quantification of myocardial blood flow and flow
reserve—key metrics for diagnosing CAD and predicting car-
diovascular outcomes.10,51,52 AI is being directed to refine
individualized risk profiling through incorporation of demo-
graphics, symptoms, ECG findings, laboratory results, and
(complementary) imaging such as detection of high-risk CT
plaque features.

AI is increasingly central to prognostication and risk
assessment in ischemic heart disease. By combining imaging,
clinical, and laboratory data, AI algorithms can produce indi-
vidualized risk scores that outperform conventional models
in predicting adverse cardiovascular events.53 This approach
is especially valuable for groups that are often difficult to
assess—such as older adults, women, and patients with atyp-
ical symptoms—where AI reduces diagnostic bias and
uncovers subtle prognostic markers.54 Importantly, AI sup-
ports risk stratification in both obstructive and non-obstruc-
tive coronary artery disease, including ischemia with no
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obstructive coronary artery disease (INOCA). In these cases,
it aids in detecting coronary microvascular dysfunction,
abnormal myocardial flow reserve, and transient ischemic
dilation, all of which are recognized indicators of prognosis
and treatment guidance.54 Beyond this, AI-driven quantifica-
tion of myocardial blood flow, plaque burden, and ventricu-
lar function enhances the prediction of outcomes such as
heart failure, arrhythmias, and major adverse cardiovascular
events. International consensus statements highlight that
these applications can advance precision medicine, broaden
equitable access to accurate risk assessment, and help clini-
cians tailor therapy more effectively.55
Intrinsic challenges for artificial
intelligence in nuclear cardiology
Over the past decade, several intrinsic challenges have
emerged in the rapid development of AI in clinical medicine.
These include algorithm bias, lack of transparency and
interpretability, data privacy and security concerns, over-reli-
ance and automation bias, challenges in clinical validation
and generalizability, and regulatory and ethical uncertainties.
Furthermore, nuclear cardiology presents a unique set of
challenges for AI implementation and clinical integration.
This section explores these obstacles and where appropriate,
offers structural approaches to address them. Notably, given
the rapidly evolving nature of AI, it is anticipated that new
challenges will continue to arise. In such cases, grounding
responses in the guiding principles of medical ethics and
research integrity remains a sound approach.
Historically, progress in nuclear cardiology has been con-

strained by the need for substantial on-site technological and
personnel resources—such as cyclotron facilities and radio-
chemistry expertise— as well as by heterogeneity in imaging
protocols and comparisons in performance with other imag-
ing modalities. As AI continues to expand its applications in
nuclear cardiology, it is expected that new challenges will
emerge. These challenges often mirror existing structural and
operational complexities within the field and can therefore
be framed within the same domains. These include:

a) Infrastructure Dependence: AI tools often require high-
quality, standardized imaging data, which may be diffi-
cult to obtain in settings lacking advanced infrastruc-
ture.

b) Data Heterogeneity: Variability in imaging protocols,
equipment, and patient populations can hinder the
generalizability of AI models.

c) Comparative Performance: AI-enhanced nuclear cardi-
ology must demonstrate added value over other
modalities such as echocardiography, CT, and MRI,
especially in terms of diagnostic accuracy, cost-effec-
tiveness, and clinical outcomes.

Addressing these challenges requires a multidisciplinary
effort involving clinicians, data scientists, regulatory bodies,
and industry partners. Establishing robust validation frame-
works, promoting transparency in AI algorithms, and ensur-
ing equitable access to AI-enhanced diagnostics are essential
steps toward responsible and effective integration.
Significant need for on-site technological and
personnel resources
Given the specialized nature of both nuclear cardiology and
AI, a substantial investment in resources is essential for the
successful establishment, initiation, consolidation and main-
tenance at capabilities local sites. Financial resources are pri-
marily allocated to building the infrastructure of an imaging
centre, including the physical space, the IT infrastructure,
scanners, the radiopharmacy components and where feasible,
cyclotrons. Beyond infrastructure, highly specialized human
resources—such as nuclear medicine physicians and technol-
ogists, medical physicists and radiopharmacists/radiochemist
are required to sustain operations, manage hardware and
optimize the clinical workflow. This resource-intensive envi-
ronment directly affects the availability of nuclear cardiology
studies for training and validating AI models. This is espe-
cially true for PET imaging, where conventional clinical
research studies often involve limited sample sizes—typically
smaller by nearly an order of magnitude compared to other
modalities. Consequently, factors influencing access to
nuclear imaging facilities (e.g., socioeconomic disparities)
can significantly bias emerging imaging datasets. This raises
concerns about the generalizability of AI models and the
potential for reduced accessibility to AI-driven solutions in
underrepresented populations.

Additionally, a lack of awareness and understanding of the
principles and functioning of modern machine learning-
based AI can hinder the development of local AI competence.
While specialized hardware (e.g. GPUs for DL model train-
ing) is necessary, the associated costs represent only a frac-
tion of the overall expenses involved in maintaining a
nuclear cardiology-capable centre. Moreover, online training
resources for AI proficiency—covering both model develop-
ment and maintenance—are increasingly accessible.

We believe that the growing capabilities of AI offer promis-
ing strategies to mitigate these challenges. For example, AI-
powered interfaces using virtual reality (VR) and augmented
reality (AR))—as already employed by the IAEA in the devel-
opment of VR models for external beam radiotherapy, two-
dimensional (2D) brachytherapy, and three-dimensional
(3D) brachytherapy —can accelerate and enhance the train-
ing of essential personnel in nuclear cardiology. Further-
more, we propose the development and promotion of
imaging repositories that ensure broad representation across
populations, imaging techniques, scanner types, radiotracers
and acquisition protocols. These repositories should adhere
to the highest possible standards of data quality to serve as
reference datasets for AI model validation. The IAEA could
take a leading role in promoting these reference-standard
datasets through globally visible and impactful channels,
while ensuring full compliance with data privacy and protec-
tion regulations.
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Heterogeneity in Nuclear Cardiology
processes
Nuclear cardiology imaging is characterized by substantial
variability due to differences in radiotracers, scanner types,
acquisition protocols, reconstruction software, and reporting
standards. This heterogeneity poses a challenge for AI mod-
els, which may struggle to interpret subtle differences in
imaging data and, as a result, may have reduced capacity to
make accurate pathological attributions (i.e., identifying dis-
ease-related features) or mechanistic attributions (i.e., linking
those features to underlying physiological processes).
To address this, promoting high-quality data—defined by

completeness and standardization in both technical and clini-
cal reporting—is essential. Emerging evidence suggests that
some AI models demonstrate a degree of generalizability that
helps mitigate the impact of such variability. Nonetheless,
continued efforts to harmonize imaging practices and
enhance dataset quality remain critical for the reliable devel-
opment and deployment of AI in nuclear cardiology.
Integration with other cardiovascular imaging
modalities to boost value
The true value of advanced imaging lies in its potential for
integration across domains, AI may play a key role. In fact, it
enables the seamless combination of nuclear cardiology
modalities with other advanced imaging techniques such as
MRI and echocardiography, and invasive imaging,—includ-
ing quantitative coronary angiography and intracoronary
imaging,—in the therapeutic decision-making process. This
incorporation principle has been already displayed in hybrid
Table 1 Summary of intrinsic challenges for AI in nuclear cardiology

Type of challenge The challenge

Infrastructure
dependence and
resource demands

Need for advanced facilities, equ
IT systems, and trained staff!
access to nuclear cardiology st
reduced size and quality of train
sets.! AI bias and reduced mo
eralizability.

Data heterogeneity Variability in tracers, scanners, a
cols! inconsistent data
inputs! Reduces AI’s reliabilit
accuracy.

Need for specialized
human resources

- Need for high specialized � hig
trained personnel.

- Lack of understanding of the pri
ML based AI hinder the develop
local AI competence.

Comparative perfor-
mance and clini-
cian perception

- Nuclear imaging is often perceiv
limited and less cost-effective i
parison to other accessible or h
resolution modalities.

- Communication barriers among
specialists! limiting analytica
modalities such as SPECT/CT and PET/CT, where both ana-
tomical and functional analyses complement each other to
enhance diagnostic and prognostic performance in ischemic
heart disease.

The standalone value of nuclear imaging may sometimes
be perceived as limited compared to modalities with greater
accessibility (e.g., echocardiography) or higher spatial resolu-
tion (e.g., MRI). This perception is often exacerbated by com-
munication barriers among the various medical specialists
involved.—This, in turn, can constrain the analytical insights
gained at both diagnostic and prognostic levels. Currently,
the integrated value of multimodality is increasingly pro-
moted through multidisciplinary teams (MDT), such as
Imaging Teams or the Heart Teams. In this context, AI
should be designed to facilitate the translation of complex
imaging insights in a way that fosters effective cross-specialty
communication.

Additionally, disparities in nuclear cardiology infrastruc-
ture and workforce expertise across centers and countries
contribute to uneven adoption of AI technologies, particu-
larly in resource-constrained settings. Advances in AI appli-
cations in NC through international collaboration in data
collection, sharing, and model validation will further
enhance NC role as a precise, efficient and patient-centered
discipline. Intrinsic challenges for AI in Nuclear Cardiology
and their possible solutions are summarized in Table 1.
Legal implications
AI holds immense promise for nuclear cardiology, however,
the enthusiasm surrounding these advancements must be
and their possible solutions.

Possible solutions

ipment,
limit
udies �a
ing data-
del gen-

Develop high quality global imaging
repositories with diverse. populations,
scanners, tracers and protocols for AI
training.

nd proto-

y and

Standardize imaging practices and report-
ing.

Promote complete and standardized data-
sets.

Leverage AI models resilient to variability.
hly

nciples of
ment of

Use AI powered VR/AR platforms to train
personnel.

Expand online AI training programs to
build workforce competence.

ed as
n com-
igher

medical
l insights.

AI driven multimodality data integration for
richer diagnostic and prognostic
insights.

AI tools designed to enhance cross-spe-
cialty collaboration.
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tempered by a strong commitment to safe, ethical and legally
sound implementation. The rapid pace of AI innovation
demands vigilant oversight to prevent unintended conse-
quences and to protect the interests and to safeguard
the rights and interests of both patients and healthcare
professionals.
Data privacy and security
AI medical devices rely on sensitive data—including imaging,
clinical records, and demographic information—that are pro-
tected by strict legal frameworks such as the General Data
Protection Regulation (GDPR) in the EU and the Health
Insurance Portability and Accountability Act (HIPAA)56 in
the U.S. Compliance with this regulations is essential to
uphold ethical standards,57 maintain public trust, and ensure
responsible innovation. Central to this framework is the prin-
ciple of data minimization, which dictates that only the infor-
mation strictly necessary for a given purpose is processed.58

Technical safeguards such as encryption and robust access
controls are equally vital to prevent unauthorised access and
data breaches.59 These measures align with broader legal
requirements that prioritise patient autonomy, including the
obligation to obtain explicit, informed consent before per-
sonal data is used in AI systems. Patients must be clearly
informed about how their data will be used— whether for
algorithmic training, clinical decision support, or other pur-
poses—ensuring transparency at every stage.60,61 Certain
legal exceptions apply in scientific research conducted for
non-commercial, public health purposes. In such cases, data
may be used with reduced subject rights if it is anonymized
or pseudonymised, and the research is conducted under
ethics committee oversight. However, these exceptions do
not permit uses that could harm individuals or affect care
outside approved research protocols.62

The legal basis for data processing must be clearly
defined.63 For sensitive healthcare data explicit consent
remains essential and must include transparent explanations
of how the data will be used. Emerging privacy-preserving
methods such as federated learning and differential privacy
offer promising solutions. Federated learning enables decen-
tralized model training without transferring raw data, while
differential privacy introduces statistical noise to protect indi-
vidual identities—both enhancing privacy while maintaining
model performance
Attribution of responsibility and liability
Under prevailing tort law, physicians retain primary respon-
sibility for diagnostic decisions, even when relying on AI out-
puts. Courts globally, have continuously emphasised and
upheld the physician’s duty to exercise independent clinical
judgement.64 Following AI advice that aligns with estab-
lished clinical care guidelines typically reduces liability risk.
However, rejecting AI suggestions without sound clinical jus-
tification, especially when it results in unintended conse-
quences or patient harm, exposes physicians to malpractice
claims. Crucially, physicians are under strict expectations to
verify AI outputs against raw data and other clinical informa-
tion to avoid delegation of duty for judgement exercise. As
AI tools become more integrated and validated within clinical
workflows, the standard of care is evolving. There is a grow-
ing legal expectation that physicians utilise validated AI sys-
tems for timely and accurate diagnoses, and failure to adopt
these tools may itself constitute negligence. While regulatory
guidance remains in flux, regulatory clearance of AI devices
increasingly informs what is considered reasonable clinical
practice. Physicians can mitigate liability risks by demonstrat-
ing awareness of AI limitations-such as biases in training data
and maintaining thorough documentation of their decision-
making processes.65

Additionally, post deployment monitoring is critical to
ensure continued model accuracy. As dynamic imaging
equipment evolves, patient demographics shift, and diagnos-
tic protocols change. These factors can cause model drift,
where AI performance degrades over time. Without regular
evaluation, such drift may go unnoticed, potentially resulting
in clinical errors or legal liability.16
Technical foundations for safe and legally
compliant AI in nuclear cardiology
As AI becomes routine in nuclear cardiology, ensuring legal
and clinical safety is critical. AI tools differ from traditional
software because they adapt to new data, requiring thorough
testing before use and continuous monitoring afterward.
Three core areas are essential: pre-deployment testing, post-
deployment monitoring, and record-keeping.

1. Testing Before Use

AI tools must undergo verification (checking if the system
works as intended) and validation (testing on real clinical
data). The EU AI Act now mandates pre-market testing66 for
all high-risk medical AI systems. Skipping this step can
expose hospitals and clinicians to legal liability.

2. Ongoing Monitoring

AI performance can decline over time due to model drift
caused by changes in clinical environments. For instance, a
UK hospital’s sepsis AI tool failed after lab methods changed.
Continuous performance checks and alerts are essential to
avoid unsafe or negligent use.

3. Traceability and Explainability

Maintaining logs67 of AI use, decisions, and any clinical
overrides is vital for legal defense. Addressing the “black box”
problem through explainable AI improves trust, accountabil-
ity, and compliance in clinical decisions.
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Technical methods that help explain AI
decisions
To follow rules and protect against legal risk, developers and
hospitals can use technical solutions that make AI more
understandable: Feature attribution methods like SHAP or
LIME provide a feature importance ranking, identifying
which specific input variables - such as heart rate, stress test
metrics, or image-derived features - had the greatest impact
on the model’s output in a given case. Visual explanations
such as heatmaps highlight areas on an image (e.g., a nuclear
scan) that the AI used to make its prediction. This helps doc-
tors double-check the system’s logic. Simplified model out-
puts can explain complex algorithms in easier forms, like
showing a decision tree that roughly follows the AI’s internal
reasoning. Audit logs can record what model version was
used, what data was entered, what result came out, and
whether the result was followed or overridden. This makes
later review possible. These methods don’t make AI fully
transparent, but they offer enough insight to help clinicians
make informed choices and regulators assess legal compli-
ance. The legal implications of using AI in Nuclear Cardiol-
ogy and their possible solutions are summarized in Table 2.
Future perspectives
Given the unique profile of AI development, it is consider-
ably taxing to provide an overview of upcoming
Table 2 Summary of legal implications of using AI in Nuclear Cardio

Type of implication The implication

Privacy & security - AI relies on sensitive imaging
data governed by GDPR, HIP

- Risks of data breaches and m
erode public trust.

Attribution of responsibility Physicians remain legally liabl
assisted diagnoses.!Not v
puts or ignoring AI recommen
out justification lead to malpr

Safety foundations - AI model drift caused by chan
environments. Without monit
lead to unsafe or inaccurate o

AI transparency - Deep learning models functio
boxes,” making it difficult for
understand how decisions ar
developments regarding its future uses without high levels of
speculation. Therefore, we provide a view on the directions
where stewardship is both likely and desirable from the clini-
cal-and-data research community.

Firstly, the implementation of AI in nuclear cardiology
may prove crucial in the effort to advance the principles of
multimodality. Here, the driving notion should be maximum
value extraction from individual imaging techniques. This is
meant to overcome their well-known drawbacks by optimiz-
ing value through feature extraction and integration with fea-
tures from alternative imaging modalities, clinical and
functional data, and even genetic insights at the individual
level. A finely tuned AI approach to extract all the relevant
patterns from a SPECT or PET MPI scan can be merged with
another AI approach oriented to pre-test clinical data and
complementary CT (even if from low-dose scans structurally
meant for attenuation correction) or MRI data. This overarch-
ing example AI structure could be repeated as necessary con-
sidering the availability of imaging modalities. We believe
that early research signals are beginning to accrue,68-70 build-
ing upon previously championed concept of hybrid imaging
(applied in infiltrative diseases such as cardiac sarcoidosis)
(71).

Secondly, AI implementations can meet a more seamless
integration into clinical practice through the training of
human resources able to facilitate, use, query, adapt and
interpret AI models. AI-capable nuclear researchers, techni-
cians and clinicians could bridge the evident gap between
pure data researchers and clinical personnel in a unique way.
logy and their possible solutions.

Possible solutions

and clinical
AA, etc.
isuse can

Apply encryption, federated learning, and
differential privacy for safer model train-
ing.

Ensure transparent consent processes
with clear patient communication.

e for AI-
erifying AI out-
dations with-
actice risk.

Use validated AI systems.
Maintain physician oversight and thor-
ough documentation of decisions.

Post deployment monitoring to ensure
continued model accuracy.

ges in clinical
oring, this can
utcomes.

Pre-deployment testing: verification and
validation.

Post-deployment monitoring: continuous
checks.

Record keeping: Logs of AI use, decisions,
and any clinical overrides.

n as “black
clinicians to
e made.

Feature attribution methods (e.g., SHAP,
LIME): Rank input variables by impor-
tance.

Visual explanations (e.g., heatmaps):
Highlight image regions used in predic-
tion to allow clinical validation.

Simplified model outputs: Translate com-
plex algorithms into interpretable forms.

Audit logs: Record model version, inputs,
outputs, and physician actions.
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Additionally, this could tackle the concerns regarding
“replacement” of humans by AI approaches, which consti-
tutes a documented barrier in AI development and integra-
tion.
Thirdly, it is like that emerging efforts in AI modelling will

try to integrate as much data as possible from as many sour-
ces a feasible in the initial general modelling of cardiovascular
disease (the underlying phenomenon being studied in this
case). This poses the risk of imaging overuse with intrinsic
disadvantages in terms of radiation exposure and costs. Nev-
ertheless, this may be a temporary effect after which more
selective use of imaging can be achieved as witnessed around
foundational models where once model pre-training has
been achieved, selective finetuning can be performed at a
minimal cost. It will be vital to oversee/regulate these pro-
cesses with the aim of preventing and expansion in the
inequality seen between healthcare systems around the
world.
Finally, as suggested in the previous section a reference

dataset structure should emerge for the training-validation of
novel AI models in nuclear cardiology. This initiative can be
undertaken through international collaboration and should
provide an information based on high-level quality, repre-
senting the status of nuclear cardiology studies and popula-
tions worldwide.
Declaration of competing
interest
The authors declare no conflicts of interest related to the sub-
mission of the manuscript titled "Artificial Intelligence in
Nuclear Cardiology: Technical Perspectives, Strategic Direc-
tions, and Recommendations from an IAEA Expert Working
Group" to Seminars in Nuclear Medicine. All authors have
contributed to the work in accordance with ethical standards
and affirm that there are no financial, personal, or profes-
sional affiliations that could be perceived as influencing the
content of this manuscript.
CRediT authorship contribution
statement
Christiane Wiefels: Conceptualization, Methodology, Vali-
dation, Visualization, Writing � original draft, Writing �
review & editing. Luis Eduardo Ju�arez-Orozco: Conceptu-
alization, Methodology, Validation, Visualization, Writing �
original draft, Writing � review & editing. Pietro Selemo
Craviolatti: Conceptualization, Methodology, Validation,
Visualization, Writing � original draft, Writing � review &
editing. Oleksandr Diahiliev: Conceptualization, Methodol-
ogy, Validation, Visualization, Writing � original draft, Writ-
ing � review & editing. Amir Eskander: Validation,
Visualization, Writing � original draft, Writing � review &
editing. Raffaele Giubbini: Conceptualization, Methodol-
ogy, Validation, Visualization, Writing � original draft,
Writing � review & editing. Elisa Milan: Conceptualization,
Methodology, Validation, Visualization, Writing � original
draft, Writing � review & editing.Weihua Zhou:Methodol-
ogy, Validation, Visualization, Writing � original draft, Writ-
ing � review & editing. Ganesan Karthikeyan:
Conceptualization, Methodology, Validation, Visualization,
Writing � original draft, Writing � review & editing. Ame-
lia Jimenez-Heffernan: Conceptualization, Methodology,
Validation, Visualization, Writing � original draft, Writing �
review & editing. Amalia Peix: Conceptualization, Method-
ology, Validation, Visualization, Writing � original draft,
Writing � review & editing. Angelin Apostol: Conceptuali-
zation, Methodology, Validation, Visualization, Writing �
original draft, Writing � review & editing. Anita Brink:
Conceptualization, Validation, Visualization, Writing � orig-
inal draft, Writing � review & editing. Maurizio Dondi:
Conceptualization, Methodology, Validation, Visualization,
Writing � original draft, Writing � review & editing. Diana
Paez: Conceptualization, Methodology, Supervision, Valida-
tion, Visualization, Writing � original draft, Writing �
review & editing.
References
1. Juarez-Orozco LE: The reach and leading end of modern machine learn-

ing-based artificial intelligence in cardiovascular medicine. Eur J Clin
Invest 55. https://doi.org/10.1111/eci.70004, 2025

2. Pavlick E: Symbols and grounding in large language models. Philos
Trans R Soc A: Math Phys Eng Sci 381:20220041. https://doi.org/
10.1098/rsta.2022.004, 2023. 2251

3. Dilsizian Vasken (Editor), Narula Jagat (Editor). Atlas of Nuclear Cardi-
ology, Fifth Edition 2021.

4. Gilbert C, Chunta A, Miller R: Artificial intelligence for nuclear cardiol-
ogy : perspectives and challenges. Int J Cardiovasc Sci 38:e20240225.
https://doi.org/10.36660/ijcs.20240225, 2025

5. Ezegwu O, Doukky R: Artificial Intelligence in Nuclear cardiology �
Review of current status and recent advancements. Curr Cardiovasc
Imaging Rep 18(5). https://doi.org/10.1007/s12410-025-09602-5, 2025

6. Gomez J, Doukky R: Artificial intelligence in Nuclear cardiology. J Nucl
Med 60(8):1042-1043, 2019. https://doi.org/10.2967/jnumed.
118.222356

7. Miller RJH, Hauser MT, Sharir T, et al: Machine learning to predict
abnormal myocardial perfusion from pre-test features. J Nucl Cardiol
29(5):393-403, 2022. https://doi.org/10.1007/s12350-022-03012-6

8. Megna R, Petretta M, Assante R, et al: A comparison among different
machine learning pretest approaches to predict stress-induced ischemia
at PET/CT myocardial perfusion imaging. Comput Math Methods Med
2021. https://doi.org/10.1155/2021/3551756. 2021

9. Benjamins JW, Yeung MW, Maaniitty T, et al: Improving patient identi-
fication for advanced cardiac imaging through machine learning-inte-
gration of clinical and coronary CT angiography data. Int J Cardiol
335:130-136, 2021. https://doi.org/10.1016/j.ijcard.2021.04.009

10. Armoundas AA, Narayan SM, Arnett DK, et al: American Heart Associa-
tion Institute for Precision Cardiovascular Medicine, Council on Cardio-
vascular, Stroke Nursing, Council on Lifelong Congenital Heart Disease,
Heart Health in the Young, Council on Cardiovascular Radiology, Inter-
vention, Council on Hypertension, Council on the Kidney in Cardiovas-
cular Disease, Stroke Council. Use of artificial intelligence in improving
outcomes in Heart Disease: a scientific statement from the American
Heart Association. Circulation 149(14):e1028-e1050, 2024. https://doi.
org/10.1161/cir.0000000000001201

11. Hu LH, Miller RJH, Sharir T, et al: Prognostically safe stress-only single-
photon emission computed tomography myocardial perfusion imaging
guided by machine learning: report from REFINE SPECT. Eur Heart J

https://doi.org/10.1111/eci.70004
https://doi.org/10.1098/rsta.2022.004
https://doi.org/10.1098/rsta.2022.004
https://doi.org/10.36660/ijcs.20240225
https://doi.org/10.1007/s12410-025-09602-5
https://doi.org/10.2967/jnumed.118.222356
https://doi.org/10.2967/jnumed.118.222356
https://doi.org/10.1007/s12350-022-03012-6
https://doi.org/10.1155/2021/3551756
https://doi.org/10.1016/j.ijcard.2021.04.009
https://doi.org/10.1161/cir.0000000000001201
https://doi.org/10.1161/cir.0000000000001201


130 C. Wiefels et al.
Cardiovasc Imaging 22(6):705-714, 2021. https://doi.org/10.1093/
ehjci/jeaa134

12. Eisenberg E, Miller RJH, Hu LH, et al: Diagnostic safety of a machine
learning-based automatic patient selection algorithm for stress-only
myocardial perfusion SPECT. J Nucl Cardiol 29(5):2295-2307, 2022.
https://doi.org/10.1007/s12350-021-02698-4

13. Liu H, Wu J, Miller EJ, et al: Diagnostic accuracy of stress-only myocar-
dial perfusion SPECT improved by deep learning. Eur J Nucl Med Mol
Imaging 48(9):2793-2800, 2021. https://doi.org/10.1007/s00259-021-
05202-9

14. Wang F, Yuan H, Lv J, et al: Stress-only versus rest-stress SPECT MPI in
the detection and diagnosis of myocardial ischemia and infarction by
machine learning. Nucl Med Commun 45(1):35-44, 2024. https://doi.
org/10.1097/mnm.0000000000001782

15. Martineau PJ, Pelletier-Galarneau M, Slomka P, et al: Optimizing stress-
only myocardial perfusion imaging: a clinical prediction model to
improve patient selection. Nucl Med Commun 44(12):1087-1093,
2023. https://doi.org/10.1097/mnm.0000000000001768

16. Garcia EV, Piccinelli M: Preparing for the artificial intelligence revolu-
tion in nuclear cardiology. Nucl Med Mol Imaging 57(2):51-60, 2023.
https://doi.org/10.1007/s13139-021-00733-3

17. Miller RJH, Slomka PJ: Artificial Intelligence in Nuclear cardiology: an
update and future trends. Semin Nucl Med 54(5):648-657, 2024.
https://doi.org/10.1053/j.semnuclmed.2024.02.005

18. Ramon AJ, Yang Y, Pretorius PH, et al: Initial investigation of low-dose
SPECT-MPI via deep learning. In: IEEE NSS/MIC Conf Proc; 2018.
https://doi.org/10.1109/NSSMIC.2018.8824548

19. Aghakhan Olia N, Kamali-Asl A, Hariri Tabrizi S, et al: Deep learning-
based denoising of low-dose SPECT myocardial perfusion images:
quantitative assessment and clinical performance. Eur J Nucl Med Mol
Imaging 49(5):1508-1522, 2022. https://doi.org/10.1007/s00259-021-
05614-7

20. Betancur J, Commandeur F, Motlagh M, et al: Deep learning for predic-
tion of obstructive disease from fast myocardial perfusion SPECT: a
multicenter study. JACC Cardiovasc Imaging 11(11):1654-1663, 2018.
https://doi.org/10.1016/j.jcmg.2018.01.020

21. Apostolopoulos ID, Papandrianos NI, Feleki A, et al: Deep learning-
enhanced nuclear medicine SPECT imaging applied to cardiac studies.
EJNMMI Phys 10(1):6, 2023. https://doi.org/10.1186/s40658-022-
00522-7

22. Katsari K, Penna D, Arena V, Polverar V, Ianniello D, Milani R, Roncacci
A, Illing RO, Pelosi E, et al: Artificial intelligence for reduced dose 18F-
FDG PET examinations: a real-world deployment through a standard-
ized framework and business case assessment. EJNMMI Phys. 8(1):25,
2021.. https://doi.org/10.1186/s40658-021-00374-7

23. Shanbhag AD, Miller RJH, Pieszko K, et al: Deep learning-based attenuation
correction improves diagnostic accuracy of cardiac SPECT. J Nucl Med 64
(3):472-478, 2023. https://doi.org/10.2967/jnumed.122.264429

24. Arsanjani R, Dey D, Khachatryan T, et al: Prediction of revascularization
after myocardial perfusion SPECT by machine learning in a large popu-
lation. J Nucl Cardiol 22(5):877-884, 2015. https://doi.org/10.1007/
s12350-014-0027-x

25. Wang S, Su Z, Ying L, et al: Accelerating magnetic resonance imaging
via Deep Learning. Proc IEEE Int Symp Biomed Imaging 2016:514-517,
2016. https://doi.org/10.1109/isbi.2016.7493320

26. Zhou Z, Sodickson DK, Wang G: Cloud-based deep learning for medi-
cal imaging. Nat Biomed Eng 6:681-689, 2022

27. Liu J, Yang Y, Wernick MN, et al: Improving detection accuracy of per-
fusion defect in standard dose SPECT-myocardial perfusion imaging by
deep-learning denoising. J Nucl Cardiol 29(5):2340-2349, 2022.
https://doi.org/10.1007/s12350-021-02676-w

28. Rahman MA, Yu Z, Siegel BA, et al: A task-specific deep-learning-based
denoising approach for myocardial perfusion SPECT. Proc SPIE Int Soc
Opt Eng 2023:12467. https://doi.org/10.1117/12.2655629

29. Kardan A, et al: Artificial intelligence in nuclear cardiology: current sta-
tus and future directions. J Nucl Cardiol 30(1):126-138, 2023. https://
doi.org/10.1080/14779072.2024.2380764

30. Shi L, Lu Y, Dvornek N, et al: Automatic inter-frame patient motion cor-
rection for dynamic cardiac PET using Deep learning. IEEE Trans Med
Imaging 40(12):3293-3304, 2021. https://doi.org/10.1109/tmi.2021.
3082578

31. Li T, Zhang M, Qi W, et al: Deep learning based joint PET image recon-
struction and motion estimation. IEEE Trans Med Imaging 41(5):1230-
1241, 2022. https://doi.org/10.1109/TMI.2021.3136553

32. Li T, Zhang M, Qi W, et al: Motion correction of respiratory-gated PET
images using deep learning based image registration framework. Phys
Med Biol 65(15):155003. https://doi.org/10.1088/1361-6560/ab8688,
2020

33. Slomka PJ, Betancur J, Liang JX, et al: Rationale and design of the REgis-
try of Fast Myocardial Perfusion Imaging with NExt generation SPECT
(REFINE SPECT). J Nucl Cardiol 27(3):1010-1021, 2020. https://doi.
org/10.1007/s12350-018-1326-4

34. Hagio T, Moody JB, Poitrasson-Riviere A, et al: Multi-center, multi-ven-
dor validation of deep learning-based attenuation correction in SPECT
MPI: data from the international flurpiridaz-301 trial. Eur J Nucl Med
Mol Imaging 50(4):1028-1033, 2023. https://doi.org/10.1007/s00259-
022-06045-8

35. Henriksson L, Sandstedt M, Nowik P, et al: Automated AI-based coro-
nary calcium scoring using retrospective CT data from SCAPIS is accu-
rate and correlates with expert scoring. Eur Radiol 35(5):2438-2447,
2025. https://doi.org/10.1007/s00330-024-11118-3

36. Agatston AS, Janowitz WR, Hildner FJ, et al: Quantification of coronary
artery calcium using ultrafast computed tomography. J Am Coll Cardiol
15(4):827-832, 1990. https://doi.org/10.1016/0735-1097(90)90282-t

37. Klemenz AC, Beckert L, Manzke M, et al: Influence of deep learning
based image reconstruction on quantitative results of coronary artery
calcium scoring. Acad Radiol 31(6):2259-2267, 2024. https://doi.org/
10.1016/j.acra.2024.03.020

38. van Velzen SGM, Lessmann N, Velthuis BK, et al: Deep learning for
automatic calcium scoring in CT: validation using multiple cardiac CT
and chest CT protocols. Radiology 295(1):66-79, 2020. https://doi.org/
10.1148/radiol.2020191621

39. Caruso S, Cannataci C, Romano G: Case 288. Radiology 297(3):730-
732, 2020. https://doi.org/10.1148/radiol.2020192473

40. Aromiwura AA, Kalra DK: Artificial intelligence in coronary artery cal-
cium scoring. J Clin Med 13(12):3453, 2024. https://doi.org/10.3390/
jcm13123453

41. Wiefels C, Boczar K, Birnie D, et al: Quantification of metabolic activity
in the evaluation of cardiac sarcoidosis. J Nucl Cardiol 43:102088,
2025. https://doi.org/10.1016/j.nuclcard.2024.102088

42. Miller RJ, Shanbhag A, Marcinkiewicz AM, et al: AI-enabled CT-guided
end-to-end quantification of total cardiac activity in 18FDG cardiac
PET/CT for detection of cardiac sarcoidosis. J Nucl Cardiol 48:102195,
2025. https://doi.org/10.1016/j.nuclcard.2025.102195

43. Miller RJH, Shanbhag A, Michalowska AM, et al: Deep learning-enabled
quantification of (99m)Tc-pyrophosphate SPECT/CT for cardiac amy-
loidosis. J Nucl Med 65(7):1144-1150, 2024. https://doi.org/10.2967/
jnumed.124.267542

44. Halme HL, Ihalainen T, Suomalainen O, et al: Convolutional neural net-
works for detection of transthyretin amyloidosis in 2D scintigraphy
images. EJNMMI Res 12(1):27, 2022. https://doi.org/10.1186/s13550-
022-00897-9

45. Martinez-Naharro A, Kotecha T, Norrington K, et al: Native T1 and extra-
cellular volume in transthyretin amyloidosis. JACC Cardiovasc Imaging 12
(5):810-819, 2019. https://doi.org/10.1016/j.jcmg.2018.02.006

46. Hoit BD: Left atrial reservoir strain: its time has come. JACC Cardiovasc
Imaging 15(3):392-394, 2022. https://doi.org/10.1016/j.jcmg.2021.
10.003

47. Phillips L, Frick M, Dorbala S, et al: Implementation of machine learn-
ing in nuclear cardiology: balancing innovation and human judgment. J
Nucl Cardiol 2024. https://doi.org/10.1007/s12350-023-03200-7

48. Garcia EV: Integrating artificial intelligence and natural language proc-
essing for computer-assisted reporting and report understanding in
nuclear cardiology. J Nucl Cardiol 30(3):1180-1190, 2023. https://doi.
org/10.1007/s12350-022-02996-5

49. Rhja Slart, Williams MC, Juarez-Orozco LE, et al: Position paper of the
EACVI and EANM on artificial intelligence applications in multimodal-
ity cardiovascular imaging using SPECT/CT, PET/CT, and cardiac CT.

https://doi.org/10.1093/ehjci/jeaa134
https://doi.org/10.1093/ehjci/jeaa134
https://doi.org/10.1007/s12350-021-02698-4
https://doi.org/10.1007/s00259-021-05202-9
https://doi.org/10.1007/s00259-021-05202-9
https://doi.org/10.1097/mnm.0000000000001782
https://doi.org/10.1097/mnm.0000000000001782
https://doi.org/10.1097/mnm.0000000000001768
https://doi.org/10.1007/s13139-021-00733-3
https://doi.org/10.1053/j.semnuclmed.2024.02.005
https://doi.org/10.1109/NSSMIC.2018.8824548
https://doi.org/10.1007/s00259-021-05614-7
https://doi.org/10.1007/s00259-021-05614-7
https://doi.org/10.1016/j.jcmg.2018.01.020
https://doi.org/10.1186/s40658-022-00522-7
https://doi.org/10.1186/s40658-022-00522-7
https://doi.org/10.1186/s40658-021-00374-7
https://doi.org/10.2967/jnumed.122.264429
https://doi.org/10.1007/s12350-014-0027-x
https://doi.org/10.1007/s12350-014-0027-x
https://doi.org/10.1109/isbi.2016.7493320
http://refhub.elsevier.com/S0001-2998(25)00164-3/sbref0026
http://refhub.elsevier.com/S0001-2998(25)00164-3/sbref0026
https://doi.org/10.1007/s12350-021-02676-w
https://doi.org/10.1117/12.2655629
https://doi.org/10.1080/14779072.2024.2380764
https://doi.org/10.1080/14779072.2024.2380764
https://doi.org/10.1109/tmi.2021.3082578
https://doi.org/10.1109/tmi.2021.3082578
https://doi.org/10.1109/TMI.2021.3136553
https://doi.org/10.1088/1361-6560/ab8688
https://doi.org/10.1007/s12350-018-1326-4
https://doi.org/10.1007/s12350-018-1326-4
https://doi.org/10.1007/s00259-022-06045-8
https://doi.org/10.1007/s00259-022-06045-8
https://doi.org/10.1007/s00330-024-11118-3
https://doi.org/10.1016/0735-1097(90)90282-t
https://doi.org/10.1016/j.acra.2024.03.020
https://doi.org/10.1016/j.acra.2024.03.020
https://doi.org/10.1148/radiol.2020191621
https://doi.org/10.1148/radiol.2020191621
https://doi.org/10.1148/radiol.2020192473
https://doi.org/10.3390/jcm13123453
https://doi.org/10.3390/jcm13123453
https://doi.org/10.1016/j.nuclcard.2024.102088
https://doi.org/10.1016/j.nuclcard.2025.102195
https://doi.org/10.2967/jnumed.124.267542
https://doi.org/10.2967/jnumed.124.267542
https://doi.org/10.1186/s13550-022-00897-9
https://doi.org/10.1186/s13550-022-00897-9
https://doi.org/10.1016/j.jcmg.2018.02.006
https://doi.org/10.1016/j.jcmg.2021.10.003
https://doi.org/10.1016/j.jcmg.2021.10.003
https://doi.org/10.1007/s12350-023-03200-7
https://doi.org/10.1007/s12350-022-02996-5
https://doi.org/10.1007/s12350-022-02996-5


Artificial intelligence in nuclear cardiology: Technical perspectives, strategic directions, and recommendations from an IAEA expert working group 131
Eur J Nucl Med Mol Imaging 48(5):1399-1413, 2021. https://doi.org/
10.1007/s00259-021-05341-z

50. Eduardo Juarez-Orozco Luis, Octavio Martinez-Manzanera, Ennio Storti
Andrea, et al: Machine learning in the evaluation of myocardial ischemia
through nuclear cardiology. Curr Cardiovasc Imaging Rep 12(5).
https://doi.org/10.1007/s12410-019-9480-x, 2019

51. Golub IS, Thummala A, Morad T, et al: Artificial intelligence in nuclear
cardiac imaging: novel advances, emerging techniques, and recent clini-
cal trials. J Clin Med 14(6):2095, 2025. https://doi.org/10.3390/
jcm14062095

52. Miller RJH, Huang C, Liang JX, et al: Artificial intelligence for disease
diagnosis and risk prediction in nuclear cardiology. J Nucl Cardiol 29
(4):1754-1762, 2022. https://doi.org/10.1007/s12350-022-02977-8

53. Dey D, Slomka PJ, Leeson P, et al: Artificial Intelligence in Cardiovascu-
lar Imaging: JACC State-of-the-art review. J Am Coll Cardiol 73
(11):1317-1335, 2019. https://doi.org/10.1016/j.jacc.2018.12.054

54. Maurer G: Editor’s page: focus issue coronary artery disease. Eur Heart J
Cardiovasc Imaging 20(11):1185-1186, 2019. https://doi.org/10.1093/
ehjci/jez224

55. Sheikh N, Papdakis M, Schnell F, et al: Clinical profile of athletes with
hypertrophic cardiomyopathy. Circ Cardiovasc Imaging 8(9):e000010,
2015. https://doi.org/10.1161/CIRCIMAGING.114.003454

56. Byron Joanne. Understanding HIPAA & AI: compliance risks & possi-
bilities 2023 [Available from: https://aihc-assn.org/ai-and-hipaa-privacy-
concerns/.

57. Mello MM, Char D, Xu SH: Ethical obligations to inform patients about
use of AI tools. JAMA 334(9):767-770, 2025. https://doi.org/10.1001/
jama.2025.11417

58. General Data Protection Regulation (GDPR)— Article 5(1)(c) data mini-
misation, 2025 (2016).
59. General Data Protection Regulation (GDPR) — Article 32 security of
processing, (2016).

60. General Data Protection Regulation (GDPR) — Article 7 conditions for
consent, (2016).

61. General Data Protection Regulation (GDPR) — Article 12 transparent
information, communication and modalities for the exercise of the
rights of the data subject, (2016).

62. General Data Protection Regulation (GDPR) — Article 9 processing of
special categories of personal data, (2016).

63. General Data Protection Regulation (GDPR) — Article 6 lawfulness of
processing, (2016).

64. Lowe v. Cerner Corp.: United States Court of Appeals, Fourth Circuit;
2022.

65. Saenz AD, Harned Z, Banerjee O, et al: Autonomous AI systems in the
face of liability, regulations and costs. NPJ Digit Med 6(1):185, 2023.
https://doi.org/10.1038/s41746-023-00929-1

66. Article 60 — Testing of high-risk AI systems in real world conditions
outside AI regulatory sandboxes (AI Act), (2024).

67. Article 12 — Regulatory guide to audit logs (Artificial Intelligence Act),
(2024).

68. Mastrodicasa D, van Assen M, Huisman M, et al: Use of AI in Cardiac
CT and MRI: a scientific statement from the ESCR, EuSoMII, NASCI,
SCCT, SCMR, SIIM, and RSNA. Radiology 314(1):e240516, 2025.
https://doi.org/10.1148/radiol.240516

69. Yu T, Chen K: Enhancing cardiac disease detection via a fusion of
machine learning and medical imaging. Sci Rep 15(1):26269, 2025.
https://doi.org/10.1038/s41598-025-12030-6

70. Muscogiuri G, Volpato V, Cau R, et al: Application of AI in cardiovascu-
lar multimodality imaging. Heliyon 8(10):e10872, 2022. https://doi.
org/10.1016/j.heliyon.2022.e10872

https://doi.org/10.1007/s00259-021-05341-z
https://doi.org/10.1007/s00259-021-05341-z
https://doi.org/10.1007/s12410-019-9480-x
https://doi.org/10.3390/jcm14062095
https://doi.org/10.3390/jcm14062095
https://doi.org/10.1007/s12350-022-02977-8
https://doi.org/10.1016/j.jacc.2018.12.054
https://doi.org/10.1093/ehjci/jez224
https://doi.org/10.1093/ehjci/jez224
https://doi.org/10.1161/CIRCIMAGING.114.003454
https://aihc-assn.org/ai-and-hipaa-privacy-concerns/
https://aihc-assn.org/ai-and-hipaa-privacy-concerns/
https://doi.org/10.1001/jama.2025.11417
https://doi.org/10.1001/jama.2025.11417
https://doi.org/10.1038/s41746-023-00929-1
https://doi.org/10.1148/radiol.240516
https://doi.org/10.1038/s41598-025-12030-6
https://doi.org/10.1016/j.heliyon.2022.e10872
https://doi.org/10.1016/j.heliyon.2022.e10872

	Artificial intelligence in nuclear cardiology: Technical perspectives, strategic directions, and recommendations from an IAEA expert working group
	Introduction and objectives
	The basis of AI and its place in nuclear cardiology

	AI domains of implementation
	Appropriate use of imaging and patient selection
	Stress-only imaging
	Image acquisition and processing
	Image reconstruction
	Denoising
	Motion correction
	Attenuation correction
	Automated calcium scoring
	Quantification of metabolic activity

	Image interpretation and diagnostic performance
	Prognostication and risk assessment

	Intrinsic challenges for artificial intelligence in nuclear cardiology
	Significant need for on-site technological and personnel resources
	Heterogeneity in Nuclear Cardiology processes
	Integration with other cardiovascular imaging modalities to boost value

	Legal implications
	Data privacy and security
	Attribution of responsibility and liability
	Technical foundations for safe and legally compliant AI in nuclear cardiology
	Technical methods that help explain AI decisions

	Future perspectives
	Declaration of competing interest
	CRediT authorship contribution statement
	References


