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Potential roles for Al in nuclear cardiology. Al has the potential to be applied during every step of a typical scan. AC: attenuation correction; MLL: machine learning

Abstract

Recent advancements in artificial intelligence (AI)
have significantly enhanced the efficiency and quality
of nuclear cardiology imaging. Al algorithms, such
as generative adversarial networks (GAN) and deep
learning (DL) models, are improving image acquisition
by reducing noise and correcting motion to minimize
radiation exposure while maintaining diagnostic

accuracy. Al has also demonstrated the potential to
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create synthetic attenuation correction (AC) imaging,
accounting for soft-tissue attenuation without added
computed tomography (CT) imaging. In patients with CT
attenuation imaging, Al can automate the segmentation
of coronary artery calcification (CAC), epicardial
adipose tissue (EAT), and other structures to maximize
the clinical information obtained from these added
studies. Furthermore, machine learning (ML) models
that combine clinical, imaging, and stress test data are
advancing risk prediction for coronary artery disease
(CAD) and ischemia, assisting clinicians in decision-
making and improving patient outcomes. While many of
these applications have been developed using myocardial
perfusion imaging (MPI), they are increasingly applied

to other nuclear cardiology studies. This review explores
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these AI applications and their impact on diagnostic
accuracy, workflow efficiency, and risk stratification
while also highlighting potential future directions and
challenges.

Introduction

Nuclear cardiology plays a prominent role in the
management of patients with known or suspected
cardiac disorders.! Single-photon emission computed
tomography (SPECT) and positron emission tomography
(PET) myocardial perfusion imaging (MPI) are two
of the most commonly used cardiac imaging tests for
coronary artery disease (CAD), with established roles
in disease diagnosis and risk prediction.! Nuclear
cardiology also plays a central role in the diagnosis
of other cardiovascular disorders, including cardiac
amyloidosis, cardiac sarcoidosis, and microvascular
disease.? However, to maintain this central role, nuclear
cardiology must continue to improve diagnostic accuracy
and expand on the information provided to clinicians. In
this regard, artificial intelligence (Al) is transforming the
field to address these needs.’

Highlighting recent advancements, this review aims
to provide an updated perspective for clinicians and
researchers. Following a brief review of Al terminology,
we will highlight how Al algorithms during any time
point during a typical nuclear cardiology study as shown
in the Central Illustration. In particular, Al has been
increasingly used to improve image denoising, motion
correction, and attenuation correction (AC). In hybrid
imaging, Al can automate the segmentation of important
structures, including coronary artery calcification (CAC),
epicardial fat, and cardiac chambers. We will then
review how machine learning (ML)-based algorithms
leverage clinical, stress, and imaging data from typical
MPI procedures to predict CAD and cardiovascular
risk. Further, we will discuss the role of deep learning
(DL) in risk prediction and how clinicians could utilize
it to improve disease diagnosis. Finally, we will explore
future directions in Al research, outlining the potential
advancements and challenges in this transformative field.

Al Terminology

Al refers to any computer algorithm which performs
a task normally characteristic of human intelligence.*
ML algorithms are an example of AI which utilize input

data (typically tabular variables) to perform a task,
without being explicitly programmed to understand the
importance of the different features.” ML algorithms are
well suited to integrate the vast amount of information
from nuclear cardiology studies while accounting for
non-linearity, collinearity, and interactions.® DL is a
subset of ML, which refers to algorithms that use a
multi-layered learning approach. Convolutional neural
networks (CNN) are one common example in which
nodes from one layer are only connected to nearby nodes
in subsequent layers to maintain the spatial relationships
of input images.”” The model architecture (e.g., the
number of layers, the number of nodes per layer, and the
connectivity between nodes) influences the functionality
of DL models. Another common approach is a generative
adversarial network (GAN) in which a generator model
(such as CNN) is trained in parallel with a discriminator
network until the simulated/predicted images are
indistinguishable from actual images.

All Al algorithms require data to learn patterns,
which can then be applied to predict future outcomes.
The process of determining the optimal method for
combining parameters to predict the outcome of interest
is referred to as training. Hyperparameters are variables
that control the learning process, for example, the
learning rate or number of iterations. Methods used to
optimize the hyperparameters of the model are termed
“tuning.” Testing (sometimes called validation) is the
process in which an Al model is applied to a new data
set to evaluate its performance. Two commonly used
procedures are k-fold cross-validation and external
testing. In k-fold cross-validation, the population is
randomly divided into k-folds (or sets of data), with each
fold sequentially held out for testing.'” Repeated testing
decreases the variance in estimating model accuracy
and is preferred to testing in a single random sample."
In external testing, the patients selected for training are
from a different population than was used for training
and tuning.'? External testing provides an estimate of the
model performance when it is applied in a new, unrelated
population and may also be repeated.”? Most importantly,
the data used for training and tuning the model should
not be used in any way during model testing."?

Improving Image Quality Through Denoising

Al algorithms are increasingly being utilized to
enhance nuclear cardiology image quality, which can then
be used to reduce radiation exposure, shorten acquisition
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times, or both. For instance, Sun et al. employed a
conditional generative adversarial network (cGAN)
to enhance denoising performance and facilitate
ultra-low dose SPECT imaging."* They demonstrated
that a cGAN could generate images more similarly
to noise-free images, even at dose levels as low as
1/20"™, compared to conventional post-reconstruction
filtering from simulated half-dose images.!* Similarly,
Du et al. applied a 3D integrated attention-guided
multi-frequency ¢GAN, which improved denoising
efficiency and performance compared to conventional
reconstruction across multiple noise levels.”” Image
denoising is frequently applied as a post-processing
step, which means that images can still be reconstructed
using camera or vendor-specific algorithms.

While many studies apply denoising as a post-
processing step, it may be preferable to integrate
denoising into image reconstruction. Yousefzadeh et al.
evaluated a GAN (with CNN generator) for denoising
images during each iteration of an ordered subset
expectation maximization algorithm.'® In a dataset of
247 SPECT-MPI patients, they demonstrated higher
contrast-to-noise ratios for the GAN model (improved
by 54.5%) compared to traditional Gaussian filtering.'
They also demonstrated that denoising after each
iteration outperformed post-reconstruction denoising
concerning the contrast-to-noise ratio.!* Wang et al.
trained a two-component DL model to first reconstruct
PET images from a sinogram and then denoise the same
images.” This dual approach had a higher structural
similarity index compared to U-Net-based denoising
in complex images.”” However, it is important to note
that assessing improvements in task-specific outcomes,
like defect identification, is essential, as denoising may
boost technical quality without translating into better

clinical performance.'®

Motion Correction

Nuclear cardiology studies are influenced by
cardiac, respiratory, and gross patient motion. While
these can be addressed with traditional techniques,
there is also a potential role for Al. For instance,
Zhang et al. assessed the impact of a DL network on
cardiac motion correction in SPECT MPIL." Quantitative
analysis of perfusion from DL motion-corrected
images showed the highest prediction performance
for abnormal perfusion.” Chang et al. developed
and used an artificial neural network (ANN) to

provide motion correction directly from sinograms
which demonstrated a higher contrast-to-noise ratio
compared to traditional methods.?*® DL can also
estimate respiratory signals from SPECT projection
data to provide respiratory motion correction.? Ko et al.
developed a CNN-based motion prediction model that
accurately predicts respiratory motion amplitude from
static MP1.22 Their model enabled the identification of
images with significant motion and predicted potential
artifacts affecting total perfection deficit (TPD)
results.” Builoff et al. have implemented an automatic
algorithm for automated motion correction of stress
and rest dynamic PET MPI acquisitions.”? Compared
to manual image correction, which took 10 minutes
per case, the automatic algorithm completed motion
correction in <17 seconds while achieving similar
diagnostic accuracy.” Motion during PET scans can
cause mismatches between frames, often resulting in
altered images with lowered quality.* Guo et al. also
developed a promising model for inter-frame motion
correction in dynamic cardiac PET imaging.>® Any of
these methods could be used to significantly reduce the
technical time required for motion correction during
reconstruction without sacrificing image quality or
accuracy.

Image Registration

Nuclear cardiology studies are increasingly acquired
on hybrid camera systems, which include computed
tomography (CT) for AC.? While AC imaging enhances
the diagnostic accuracy of SPECT, it requires precise
image registration to avoid inducing artifacts.”?® Al
can help minimize image misregistration. For example,
Ko et al. trained a CNN to predict the offset between
images using 402 cases and demonstrated an average
residual misalignment of 2.38+2.00mm during testing
on 100 cases.”” Another method is to generate synthetic
AC maps (which should be perfectly co-registered
with the emission images used to generate them).
Canalejo et al. found that DL-based synthetic AC
maps for SPECT MPI achieved high mean structural
similarity (MSSIM = 0.97) and low normalized mean
absolute error (NMAE =3.08%) compared to traditional
CT-based AC maps.* Chen et al. proposed a Dual-
Channel-Squeeze-Fusion-Excitation co-attention
module for the registration of cardiac SPECT and
CT-derived attenuation maps, demonstrating lower
residual misregistration compared to conventional
approaches.® Synthetic AC maps (generated using a
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GAN-based approach) have also been used to enhance
the registration of coronary CT angiography with
sodium fluoride PET images.*

Al-Derived AC

CT-based AC can account for soft-tissue attenuation
on SPECT and PET, but it requires additional radiation
exposure and imaging time.*® Al could address this
limitation by generating synthetic AC imaging. Yu
et al. developed a DL-based method for generating
synthetic AC SPECT images.* The synthetic AC
images were visually similar to actual AC images in
cases without misregistration but more similar to the
reference standard in cases with misregistration.*
Chen et al. developed a DL network (incorporating
clinical information with images) to predict AC images
that better matched actual images compared to a
U-Net model, with a normalized mean square error
of 2.01% versus 2.23%.%* Nguyen et al. utilized a GAN

to simulate AC images from non-AC data, achieving
a structural similarity index of 0.946 compared to
true AC images, outperforming U-Net alone.® Hagio
et al. developed a CNN that generated synthetic AC
polar maps from non-AC polar map images,*® with
improvement in specificity ranging from 26% (in
higher quality studies) to 8% (when considering lower
quality studies as well). Shanbhag et al. devised a
cGAN strategy for generating synthetic short-axis AC
SPECT images from non-attenuation corrected images
using a training set of 5000 cases,*” with representative
images in Figure 1. In external testing, the area under
the receiver operating characteristic curve (AUC) for
obstructive CAD of synthetic AC images (0.79) was
higher than non-AC images (0.72, p<0.001) and similar
to actual AC imaging (0.81, p=0.196).”” Synthetic AC
images can also be generated using images from stand-
alone SPECT camera systems, with AUC improving
from 0.717 to 0.752.%® This last study suggests that
synthetic AC imaging could be applied broadly to

NC AC

sTPD 11% sTPD 0%

DeepAC

sTPD 1%

Figure 1 - Example of DL AC imaging. Short-axis (top), vertical long-axis (middle), and polar map images (bottom) for non-
attenuation corrected (NC), attenuation corrected (AC), and synthetic attenuation corrected (DeepAC) data sets. There was a defect
in the inferior wall on NC images (white arrows) which was resolved with AC and DeepAC imaging. The patient had no CAD on
coronary CT angiography. Stress total perfusion deficit (STPD) was abnormal for NC images only. There was a positive change
(increased counts with AC) in the inferior wall for AC vs NC (red arrow), but no significant change between AC vs DeepAC images.
This research was originally published in the JNM. (From Shanbhag et al.”?).

NC: non-attenuation corrected; AC: attenuation correction; DeepAC: synthetic attenuation corrected; sTPD: Stress total perfusion deficit

Positive change
Increased counts with AC

AC vs. NC

AC vs. DeepAC




Miller et al.
Alin Nuclear Cardiology

Int J Cardiovasc Sci. 2025; 38:220240225

Review Article

improve diagnostic accuracy without additional cost
or radiation exposure.

Al Applications on Hybrid CT Imaging

CAC scoring

While the CT acquired for AC on hybrid SPECT/CT
and PET/CT camera systems are of low quality (to reduce
radiation exposure), they still carry valuable anatomic
information. For instance, CAC can be detected on CT AC
scans, potentially refining risk stratification® or guiding
medical therapy initiation.*” Al can be used to automate
the segmentation of these structures, providing similar
results to manual segmentation.*'*? Al-derived CAC
scores significantly improve the risk stratification of
SPECT MP], with a continuous net-reclassification index
of 0.494.% They also provide similar risk reclassification
as expert CAC scores in patients undergoing PET MPL*
In a separate study, Cho et al. demonstrated that Al-
based CAC scores correlate with coronary blood flow
capacity and myocardial blood flow.* Van Velzen et al.
utilized a GAN to generate images with only CAC (to
remove the influence of image noise), which can then be
scored using standard methods with lower absolute error
compared to values from ECG-gated CAC compared to
direct scoring.* Outside of CAC, Al can also be used to
quantify calcium in the thoracic aorta and heart valves to
provide clinicians with additional information.*”

Epicardial Fat

Though much attention has been given to CAC
segmentation, other anatomical features (such as
epicardial adipose tissue [EAT]) could also be valuable.
EAT serves as a key predictor of cardiovascular risk
but has traditionally required labor-intensive manual
segmentation.*®* DL segmentation of EAT from
CCTA images demonstrated a strong agreement with
expert manual segmentation, with a median dice
score coefficient of 0.916 for 2D slices and 0.896 for
3D volumes.*® Miller et al. evaluated a DL approach to
segment EAT volume and attenuation from low-dose,
ungated CT AC scans.” The model derived results in
less than 2 seconds, with excellent agreement with
expert annotated values (Spearman correlation 0.82
to 0.91).°! Importantly, both EAT volume and density
were independently associated with the incidence of
death or myocardial infarction.® EAT is an intuitive
marker to consider because it captures metabolic and

inflammatory information that is complementary to
traditional imaging biomarkers.

Cardiac Chambers and Other Structures

There are other emerging applications of DL to
segment a variety of different structures from chest CT.
We demonstrated that cardiac chamber measurements
obtained through previously validated Al models™
can enhance risk stratification following SPECT MPL>
This analysis enables physicians to utilize the higher
spatial resolution of CT to assess left ventricular mass
and volume, along with atrial and right ventricular
volumes that are not typically evaluated on SPECT
MPI. The same segmentation can be used to automate
the quantification of cardiac bone scintigraphy images™
or fluorodeoxyglucose activity.” Aortic size can be
quantified automatically using Al to provide additional
clinical insights into the risk of aortic dissection or
aneurysm.®* Michalowska et al. segmented 33 thoracic
structures and then applied radiomics to extract relevant
anatomic information.” The resulting features were
combined using ML to improve the prediction of all-cause
mortality.”” Notably, any of these features can be extracted
automatically after image reconstruction, offering
physicians anatomical, metabolic, and inflammatory
data to support more accurate risk predictions without
additional technical time required.

Al for Disease Diagnosis

ML

ML can incorporate a multitude of features into
predictive models to improve patient selection or disease
diagnosis. For instance, ML models have been developed
to predict abnormal myocardial perfusion from pre-test
features in patients referred for SPECT* or PET* imaging.
ML has also been used to automatically identify abnormal
perfusion from polar map images.® ML models have also
been developed to identify patients with a low likelihood
of obstructive CAD who could safely have their rest scan
canceled.®* ML can also predict ischemia from stress-only
SPECT, suggesting that it may be possible to utilize stress-
only imaging in all patients.®> ML has also been used to
identify patients with obstructive CAD from PET MPI
variables, with similar diagnostic accuracy compared to
expert image interpretation (89% vs 88%).®® Lastly, ML
can be applied to provide therapeutic decision support.
For example, ML may be able to help identify cardiac
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resynchronization therapy super-responders from
electrocardiography and gated SPECT MPL*

DL

ML models typically need variables to be coded
or quantified, whereas DL algorithms can process
images directly to generate predictions. One such DL
model utilizes polar maps as the input to predict the
likelihood of obstructive CAD, demonstrating significant
improvements in prediction performance compared
to quantitative perfusion assessment (AUC 0.81 vs
0.78).2 DL can also be utilized to automate the detection
of transthyretin cardiac amyloidosis.®® In addition to
directly predicting the likelihood of disease, DL models
may help identify important abnormalities on SPECT or
PET images. Kusumoto et al. used SPECT MPI images
to develop and validate a DL-based support system to
identify perfusion defects with an AUC of 0.91.% DL has
also been utilized to identify wall motion abnormalities
from SPECT MPL®

Al for Risk Prediction

ML

MPI has a critical role in estimating cardiovascular
risk, an area in which Al may be particularly valuable as
the number of features increases. Hu et al. incorporated
clinical, stress, and imaging features to identify patients
with low risk of major adverse cardiovascular events.®
The addition of DL-based CAC scores can further
improve this risk stratification.” Feher et al. incorporated
clinical, stress test, and imaging parameters to create
an Al model to predict heart failure hospitalizations in
patients undergoing SPECT MPL” The combined ML
model displayed superior prediction performance in
external validation (AUC 0.80) compared to both stress
left ventricular ejection fraction (AUC 0.72) and a clinical
model (AUC 0.72).7°

DL

DL approaches have also demonstrated significant
potential in predicting risks in MPL Singh et al. developed
an explainable DL model that used PET-derived relative
perfusion, myocardial blood flow, and myocardial flow
reserve polar maps to predict mortality. In simulated
prospective testing with 1,135 patients, the DL model
achieved a higher prediction accuracy (AUC 0.82)

compared to myocardial flow reserve (AUC 0.70) and
a comprehensive regression model (AUC 0.75)." A
similar methodology has been applied to predict death
or myocardial infarction using SPECT polar maps, where
the DL model outperformed both logistic regression
(AUCO0.70) and stress TPD (AUC 0.65) in external testing
(n=9,019).”

Explainable AI: Going Beyond a “Black Box”

Clinical implementation of Al remains challenging,
largely due to the limited ability of clinicians and
researchers to evaluate and critique the quality of
predictions.” There have been some attempts at making
AI more explainable as this is key to overcoming
this notion of a “black box”. Otaki et al. integrated
gradient-weighted class activation mapping into a
model for identifying obstructive CAD from polar
maps, highlighting areas of an image contributing most
to predictions.” Physician interpretation diagnostic
accuracy can be improved with the aid of an explainable
DL model.”” ML models can also incorporate methods to
provide patient-specific risk explanations, summarizing
the most important features for a prediction,* as shown in
Figure 2. Alternatively, models can incorporate attention-
based methods with variable importance to provide a
summary of the relative impact of image regions and
clinical features.”

Future Directions and Challenges

Nuclear cardiology is an ever-advancing field,
and Al is at the forefront of these future changes.
One ongoing unmet need is the rigorous evaluation
of the prospective implementation of Al solutions.
This is critical to ensure that the proposed benefits
of the solutions are realized when applied in clinical
practice. While explainable AI models help clinicians
understand Al predictions, dedicated training on the
use of the model is also needed to ensure optimal
results. Another relatively unexplored area is
unsupervised learning, where models are tasked with
understanding data structure instead of classification.
Unsupervised learning has significant potential for
discovering novel phenotypes and uncovering disease
subtypes. Unsupervised learning has been employed to
classify patients with normal myocardial perfusion into
four distinct clusters, revealing a six-fold difference
in risk between the groups,” a risk variation greater
than that seen with traditional clinical factors like
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a history of diabetes. This technique has also been
applied to uncover phenotypes in patients with known
CAD.” More information is needed to ensure that DL
models perform well in under-represented populations.
For example, DL models can overestimate the prevalence
of obstructive CAD in female patients.” Prospective
performance monitoring is needed for DL models when
deployed in new populations, in the same way that
post-marketing efforts for novel therapeutics are needed
to avoid unintentional bias. Lastly, the role of large
language models in providing clinicians and patients
with a source of information is required. Recently it
has been demonstrated that these models can answer
nuclear cardiology board-style questions with increasing
accuracy.® Finding the best way to incorporate this
potentially incredible source of knowledge into clinical
practice requires focused research and guidance from
professional societies.

Summary

Al is establishing key roles in nuclear cardiology. Al-
driven methods have shown improvements in denoising
performance and image reconstruction for SPECT and PET
imaging, facilitating dramatic radiation dose reductions.
DL-based motion correction and Al-driven AC have also
improved image registration and diagnostic accuracy.
Automated segmentation of CT imaging is rapidly
expanding the clinical information provided by hybrid
MPI studies. For disease diagnosis and risk prediction,
Al models combining clinical and imaging data have

References

1. BessonFL, Treglia G, Bucerius J, Anagnostopoulos C, Buechel RR, Dweck
MR, et al. A Systematic Review for the Evidence of Recommendations
and Guidelines in Hybrid Nuclear Cardiovascular Imaging. Eur ] Nucl
Med Mol Imaging. 2024;51(8):2247-59. doi: 10.1007/s00259-024-06597-x.

2. Sperry BW, Bateman TM, Akin EA, Bravo PE, Chen W, Dilsizian V, et al.
Hot Spot Imaging in Cardiovascular Diseases: An Information Statement
from SNMMI, ASNC, and EANM. J Nucl Med. 2022;jnumed.122.264311.
doi: 10.2967/jnumed.122.264311.

3. Mesquita CT. Artificial Intelligence and Machine Learning in Cardiology;
A Change of Paradigm. Int ] Cardiovasc Sci. 2017;30(3):187-8. doi:
10.5935/2359-4802.20170027.

4. Slomka PJ, Miller R], Isgum I, Dey D. Application and Translation of
Artificial Intelligence to Cardiovascular Imaging in Nuclear Medicine
and Noncontrast CT. Semin Nucl Med. 2020;50(4):357-66. doi: 10.1053/j.
semnuclmed.2020.03.004.

5.  Obermeyer Z, Emanuel EJ. Predicting the Future - Big Data, Machine
Learning, and Clinical Medicine. N Engl J Med. 2016;375(13):1216-9. doi:
10.1056/NEJMp1606181.

6. Madakkatel I, Zhou A, McDonnell MD, Hypponen E. Combining
Machine Learning and Conventional Statistical Approaches for Risk

outperformed conventional methods. Explainable Al is
being developed to help clinicians understand predictions,
facilitating implementation. Overall, implementing Al
throughout the workflow of nuclear cardiology will help
ensure the value of SPECT and PET MPI in the future,
securing their ongoing central role in patient care.

Author Contributions

Conception and design of the research, analysis and
interpretation of the data, writing of the manuscript and
critical revision of the manuscript for intellectual content:
Gilbert C, Chunta A, Miller R; acquisition of data: Miller R.

Potential Conflict of Interest

No potential conflict of interest relevant to this article
was reported.

Sources of Funding

There were no external funding sources for this study.

Study Association

This study is not associated with any thesis or
dissertation work.

Ethics Approval and Consent to Participate

This article does not contain any studies with human
participants or animals performed by any of the authors.

Factor Discovery in a Large Cohort Study. Sci Rep. 2021;11(1):22997.
doi: 10.1038/s41598-021-02476-9.

7. Betancur J, Commandeur F, Motlagh M, Sharir T, Einstein AJ, Bokhari
S, et al. Deep Learning for Prediction of Obstructive Disease from Fast
Myocardial Perfusion SPECT: A Multicenter Study. JACC Cardiovasc
Imaging. 2018;11(11):1654-63. doi: 10.1016/j.jcmg.2018.01.020.

8. Betancur ], Hu LH, Commandeur F, Sharir T, Einstein A]J, Fish MB, et
al. Deep Learning Analysis of Upright-Supine High-Efficiency SPECT
Myocardial Perfusion Imaging for Prediction of Obstructive Coronary
Artery Disease: A Multicenter Study. ] Nucl Med. 2019;60(5):664-70.
doi: 10.2967/jnumed.118.213538.

9. Krittanawong C, Tunhasiriwet A, Zhang H, Wang Z, Aydar M, Kitai
T. Deep Learning with Unsupervised Feature in Echocardiographic
Imaging. ] Am Coll Cardiol. 2017;69(16):2100-1. doi: 10.1016/j.
jacc.2016.12.047.

10. Jung Y, Hu J. A K-Fold Averaging Cross-Validation Procedure. J
Nonparametr Stat. 2015;27(2):167-79. doi: 10.1080/10485252.2015.1010532.

11. Cawley GC, Talbot NLC. On Over-Fitting in Model Selection and
Subsequent Selection Bias in Performance Evaluation. ] Machine Learn
Res. 2010;11:2079-107.



Miller et al.

Alin Nuclear Cardiology

Int J Cardiovasc Sci. 2025; 38:220240225

Review Article

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22

23.

24.

25.

26.

27.

Riley RD, Ensor ], Snell KI, Debray TP, Altman DG, Moons KG, et al.
External Validation of Clinical Prediction Models Using Big Datasets from
e-Health Records or IPD Meta-Analysis: Opportunities and Challenges.
BMJ. 2016;353:i3140. doi: 10.1136/bmj.i3140.

Xu Y, Goodacre R. On Splitting Training and Validation Set: A
Comparative Study of Cross-Validation, Bootstrap and Systematic
Sampling for Estimating the Generalization Performance of Supervised
Learning. ] Anal Test. 2018;2(3):249-62. doi: 10.1007/s41664-018-0068-2.

Sun], Jiang H, Du'Y, Li CY, Wu TH, Liu YH, et al. Deep Learning-Based
Denoising in Projection-Domain and Reconstruction-Domain for Low-
Dose Myocardial Perfusion SPECT. ] Nucl Cardiol. 2023;30(3):970-85.
doi: 10.1007/512350-022-03045-x.

Du Y, Sun J, Li CY, Yang BH, Wu TH, Mok GSP. Deep Learning-Based
Multi-Frequency Denoising for Myocardial Perfusion SPECT. EJNMMI
Phys. 2024;11(1):80. doi: 10.1186/s40658-024-00680-w.

Yousefzadeh F, Yazdi M, Entezarmahdi SM, Faghihi R, Ghasempoor
S, Shahamiri N, et al. SPECT-MPI Iterative Denoising During the
Reconstruction Process Using a Two-Phase Learned Convolutional
Neural Network. EJNMMI Phys. 2024;11(1):82. doi: 10.1186/s40658-024-
00687-3.

Wang B, Liu H. FBP-Net for Direct Reconstruction of Dynamic PET
Images. Phys Med Biol. 2020;65(23). doi: 10.1088/1361-6560/abc09d.

Yu Z, Rahman MA, Laforest R, Schindler TH, Gropler R], Wahl RL, et
al. Need for Objective Task-Based Evaluation of Deep Learning-Based
Denoising Methods: A Study in the Context of Myocardial Perfusion
SPECT. Med Phys. 2023;50(7):4122-37. doi: 10.1002/mp.16407.

Zhang X, Yang Y, Pretorius PH, Slomka PJ, King MA. Cardiac Motion
Correction with a Deep Learning Network for Perfusion Defect
Assessment in Single-Photon Emission Computed Tomography
Myocardial Perfusion Imaging. ] Nucl Cardiol. 2024;102071. doi: 10.1016/;.
nuclcard.2024.102071.

Chang H, Kobzarenko V, Mitra D. Inverse Radon Transform with Deep
Learning: An Application in Cardiac Motion Correction. Phys Med Biol.
2024;69(3). doi: 10.1088/1361-6560/ad0eb5.

Chen Y, Pretorius PH, Lindsay C, Yang Y, King MA. Respiratory Signal
Estimation for Cardiac Perfusion SPECT Using Deep Learning. Med
Phys. 2024;51(2):1217-31. doi: 10.1002/mp.16653.

Ko CL, Ko KY, Chen CM. Predicting Respiratory Motion Amplitude
from Static Myocardial Perfusion Imaging Using a Convolutional Neural
Network. ] Nucl Med. 2024;65(2):241386.

Builoff V, Huang C, Kuronuma K, Wei CC, Fujito H, Otaki Y, et al.
Automatic Motion Correction for Myocardial Blood Flow Estimation
Improves Diagnostic Performance for Coronary Artery Disease in
18F-Flurpiridaz Positron Emission Tomography-Myocardial Perfusion
Imaging. ] Nucl Cardiol. 2024;102072. doi: 10.1016/j.nuclcard.2024.102072.

Guo X, Zhou B, Pigg D, Spottiswoode B, Casey ME, Liu C, et al.
Unsupervised Inter-Frame Motion Correction for Whole-Body Dynamic
PET Using Convolutional Long Short-Term Memory in a Convolutional
Neural Network. Med Image Anal. 2022;80:102524. doi: 10.1016/j.
media.2022.102524.

Guo X, ShiL, Chen X, Liu Q, Zhou B, Xie H, et al. TAI-GAN: A Temporally
and Anatomically Informed Generative Adversarial Network for
Early-to-Late Frame Conversion in Dynamic Cardiac PET Inter-Frame
Motion Correction. Med Image Anal. 2024;96:103190. doi: 10.1016/j.
media.2024.103190.

Al-Mallah MH, Bateman TM, Branch KR, Crean A, Gingold EL,
Thompson RC, et al. 2022 ASNC/AAPM/SCCT/SNMMI Guideline for
the Use of CT in Hybrid Nuclear/CT Cardiac Imaging. ] Nucl Cardiol.
2022;29(6):3491-535. doi: 10.1007/s12350-022-03089-z.

Arsanjani R, Xu Y, Hayes SW, Fish M, Lemley M Jr, Gerlach ], et al.
Comparison of Fully Automated Computer Analysis and Visual Scoring
for Detection of Coronary Artery Disease from Myocardial Perfusion
SPECT in a Large Population. ] Nucl Med. 2013;54(2):221-8. doi: 10.2967/
jnumed.112.108969.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Goetze S, Wahl RL. Prevalence of Misregistration between SPECT and CT
for Attenuation-Corrected Myocardial Perfusion SPECT. ] Nucl Cardiol.
2007;14(2):200-6. doi: 10.1016/j.nuclcard.2006.12.325.

Ko CL, Cheng MF, Yen RF, Chen CM, Lee W], Wang TD. Automatic
Alignment of CZT Myocardial Perfusion SPECT and External Non-
Contrast CT by Deep-Learning Model and Dynamic Data Generation. ]
Nucl Med. 2019;60:570-570. doi: 10.1007/978-3-031-00119-2_11.

Canalejo MAP, San Pedro AP, Geronazzo R, Minsky DM, Juarez-
Orozco LE, Namias M. Synthetic Attenuation Correction Maps
for SPECT Imaging Using Deep Learning: A Study on Myocardial
Perfusion Imaging. Diagnostics (Basel). 2023;13(13):2214. doi: 10.3390/
diagnostics13132214.

Chen X, Zhou B, Xie H, Guo X, Zhang J, Duncan JS, et al. DuSFE: Dual-
Channel Squeeze-Fusion-Excitation Co-Attention for Cross-Modality
Registration of Cardiac SPECT and CT. Med Image Anal. 2023;88:102840.
doi: 10.1016/j.media.2023.102840.

Singh A, Kwiecinski ], Cadet S, Killekar A, Tzolos E, Williams MC, et al.
Automated Nonlinear Registration of Coronary PET to CT Angiography
Using Pseudo-CT Generated from PET with Generative Adversarial
Networks. J Nucl Cardiol. 2023;30(2):604-15. doi: 10.1007/s12350-022-
03010-8.

Yu Z, Rahman MA, Katchi FM, Siegel BA, Jha AK. Evaluation of a Deep
Learning-Based Transmission-Less Attenuation Correction Method for
Myocardial Perfusion SPECT. Proceedings of the American Society of
Nuclear Cardiology; 2024 Sep 5-7; Austin, USA. Fairfax: ASNC; 2024.

Chen X, Zhou B, Shi L, Liu H, Pang Y, Wang R, et al. CT-Free Attenuation
Correction for Dedicated Cardiac SPECT Using a 3D Dual Squeeze-and-
Excitation Residual Dense Network. ] Nucl Cardiol. 2022;29(5):2235-50.
doi: 10.1007/s12350-021-02672-0.

Nguyen TT, Chi TN, Hoang MD, Thai HN, Duc TN. 3D Unet Generative
Adversarial Network for Attenuation Correction of SPECT Images.
Proceedings of the 4th International Conference on Recent Advances in
Signal Processing, Telecommunications & Computing; 2020 Aug 28-29;
HaNoi, VN. Piscataway: IEEE; 2020.

Hagio T, Poitrasson-Riviere A, Moody JB, Renaud JM, Arida-Moody
L, Shah RV, et al. "Virtual" Attenuation Correction: Improving Stress
Myocardial Perfusion SPECT Imaging Using Deep Learning. Eur ] Nucl
Med Mol Imaging. 2022;49(9):3140-9. doi: 10.1007/s00259-022-05735-7.

Shanbhag AD, Miller RJH, Pieszko K, Lemley M, Kavanagh P, Feher A,
etal. Deep Learning-Based Attenuation Correction Improves Diagnostic
Accuracy of Cardiac SPECT. ] Nucl Med. 2023;64(3):472-8. doi: 10.2967/
jnumed.122.264429.

Hagio T, Moody B, Poitrasson-Riviere A, Renaud JM, Pierce L, Buckley
C, et al. Multi-Center, Multi-Vendor Validation of Deep Learning-Based
Attenuation Correction in SPECT MPI: Data from the International
Flurpiridaz-301 Trial. Eur ] Nucl Med Mol Imaging. 2023;50(4):1028-33.
doi: 10.1007/s00259-022-06045-8.

Trpkov C, Savtchenko A, Liang Z, Feng P, Southern DA, Wilton SB, et
al. Visually Estimated Coronary Artery Calcium Score Improves SPECT-
MPI Risk Stratification. Int ] Cardiol Heart Vasc. 2021;35:100827. doi:
10.1016/j.ijcha.2021.100827.

Hijazi W, Feng Y, Southern DA, Chew D, Filipchuk N, Har B, et al.
Impact of Myocardial Perfusion and Coronary Calcium on Medical
Management for Coronary Artery Disease. Eur Heart ] Cardiovasc
Imaging. 2024;25(4):482-90. doi: 10.1093/ehjci/jead288.

Pieszko K, Shanbhag AD, Lemley M, Hyun M, Van Kriekinge S, Otaki
Y, et al. Reproducibility of Quantitative Coronary Calcium Scoring from
PET/CT Attenuation Maps: Comparison to ECG-Gated CT Scans. Eur J
Nucl Med Mol Imaging. 2022;49(12):4122-32. doi: 10.1007/s00259-022-
05866-x.

ISgum I, de Vos BD, Wolterink JM, Dey D, Berman DS, Rubeaux M, et
al. Automatic Determination of Cardiovascular Risk by CT Attenuation
Correction Maps in Rb-82 PET/CT. ] Nucl Cardiol. 2018;25(6):2133-42.
doi: 10.1007/s12350-017-0866-3.



Int J Cardiovasc Sci. 2025; 38:€20240225

Review Article

Miller et al.

Alin Nuclear Cardiology

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Miller RJH, Pieszko K, Shanbhag A, Feher A, Lemley M, Killekar A,
et al. Deep Learning Coronary Artery Calcium Scores from SPECT/
CT Attenuation Maps Improve Prediction of Major Adverse Cardiac
Events. ] Nucl Med. 2023;64(4):652-8. doi: 10.2967/jnumed.122.264423.

Pieszko K, Shanbhag A, Killekar A, Miller RJH, Lemley M, Otaki Y, et al.
Deep Learning of Coronary Calcium Scores from PET/CT Attenuation
Maps Accurately Predicts Adverse Cardiovascular Events. JACC
Cardiovasc Imaging. 2023;16(5):675-87. doi: 10.1016/j.jcmg.2022.06.006.

Cho SG, Lee JE, Cho KH, Park KS, Kim J, Moon JB, et al. Coronary
Artery Calcium Measurement on Attenuation Correction Computed
Tomography Using Artificial Intelligence: Correlation with Coronary
Flow Capacity and Prognosis. Eur ] Nucl Med Mol Imaging. 2024. doi:
10.1007/s00259-024-06948-8.

van Velzen SGM, Dobrolinska MM, Knaapen P, van Herten
RLM, Jukema R, Danad I, et al. Automated Cardiovascular Risk
Categorization Through AI-Driven Coronary Calcium Quantification
in Cardiac PET Acquired Attenuation Correction CT. J Nucl Cardiol.
2023;30(3):955-69. doi: 10.1007/s12350-022-03047-9.

éprem J, de Vos BD, Lessmann N, van Hamersvelt RW, Greuter MJW,
de Jong PA, et al. Coronary Calcium Scoring with Partial Volume
Correction in Anthropomorphic Thorax Phantom and Screening Chest
CT Images. PLoS One. 2018;13(12):e0209318. doi: 10.1371/journal.
pone.0209318.

Mahabadi AA, Berg MH, Lehmann N, Kélsch H, Bauer M, Kara K, et
al. Association of Epicardial Fat with Cardiovascular Risk Factors and
Incident Myocardial Infarction in the General Population: The Heinz
Nixdorf Recall Study. ] Am Coll Cardiol. 2013;61(13):1388-95. doi:
10.1016/j.jacc.2012.11.062.

Eisenberg E, McElhinney PA, Commandeur F, Chen X, Cadet S,
Goeller M, et al. Deep Learning-Based Quantification of Epicardial
Adipose Tissue Volume and Attenuation Predicts Major Adverse
Cardiovascular Events in Asymptomatic Subjects. Circ Cardiovasc
Imaging. 2020;13(2):e009829. doi: 10.1161/CIRCIMAGING.119.009829.

Tang KX, Liao XB, Yuan LQ, He SQ, Wang M, Mei XL, et al. An Enhanced
Deep Learning Method for the Quantification of Epicardial Adipose
Tissue. Sci Rep. 2024;14(1):24947. doi: 10.1038/s41598-024-75659-9.

Miller RJH, Shanbhag A, Killekar A, Lemley M, Bednarski B, Van
Kriekinge SD, et al. Al-Derived Epicardial Fat Measurements Improve
Cardiovascular Risk Prediction from Myocardial Perfusion Imaging.
NPJ Digit Med. 2024;7(1):24. doi: 10.1038/s41746-024-01020-z.

Wasserthal J, Breit HC, Meyer MT, Pradella M, Hinck D, Sauter AW,
et. TotalSegmentator: Robust Segmentation of 104 Anatomic Structures
in CT Images. Radiol Artif Intell. 2023;5(5):e230024. doi: 10.1148/
ryai.230024.

Miller RJH, Shanbhag A, Killekar A, Lemley M, Bednarski B, Kavanagh
PB, et al. Al-Defined Cardiac Anatomy Improves Risk Stratification of
Hybrid Perfusion Imaging. JACC Cardiovasc Imaging. 2024;17(7):780-
91. doi: 10.1016/j.jemg.2024.01.006.

Miller RJH, Shanbhag A, Michalowska AM, Kavanagh P, Liang JX,
Builoff V, et al. Deep Learning-Enabled Quantification of 99mTc-
Pyrophosphate SPECT/CT for Cardiac Amyloidosis. ] Nucl Med.
2024;65(7):1144-50. doi: 10.2967/jnumed.124.267542.

Miller R], Shanbhag A, Marcinkiewicz AM, Struble H, Fujito H,
Kransdorf E, et al. AI-Enabled CT-Guided End-to-End Quantification
of Total Cardiac Activity in 18FDG Cardiac PET/CT for Detection of
Cardiac Sarcoidosis. medRxiv [Preprint]. 2024;2024.09.20.24314081.
doi: 10.1101/2024.09.20.24314081.

Koo HJ, Lee JG, Lee JB, Kang JW, Yang DH. Deep Learning Based
Automatic Segmentation of the Thoracic Aorta from Chest Computed
Tomography in Healthy Korean Adults. Eur ] Vasc Endovasc Surg.
2024;51078-5884(24)00642-7. doi: 10.1016/j.ejvs.2024.07.030.

Michalowska AM, Zhang W, Shanbhag A, Miller R], Lemley M, Ramirez
G, et al. Holistic AT Analysis of Hybrid Cardiac Perfusion Images for
Mortality Prediction. medRxiv [Preprint]. 2024; 2024.04.23.24305735.
doi: 10.1101/2024.04.23.24305735.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

Miller RJH, Hauser MT, Sharir T, Einstein AJ, Fish MB, Ruddy TD, et
al. Machine Learning to Predict Abnormal Myocardial Perfusion from
Pre-Test Features. ] Nucl Cardiol. 2022;29(5):2393-403. doi: 10.1007/
512350-022-03012-6.

Megna R, Petretta M, Assante R, Zampella E, Nappi C, Gaudieri
V, 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;2021:3551756.
doi: 10.1155/2021/3551756.

Souza EM Filho, Fernandes FA, Wiefels C, Carvalho LND, Santos TF,
Santos AASMD, et al. Machine Learning Algorithms to Distinguish
Myocardial Perfusion SPECT Polar Maps. Front Cardiovasc Med.
2021;8:741667. doi: 10.3389/fcvm.2021.741667.

Eisenberg E, Miller RJH, Hu LH, Rios R, Betancur J, Azadani P, et al.
Diagnostic Safety of a Machine Learning-Based Automatic Patient
Selection Algorithm for Stress-Only Myocardial Perfusion SPECT. J
Nucl Cardiol. 2022;29(5):2295-307. doi: 10.1007/512350-021-02698-4.

Wang F, Yuan H, Lv J, Han X, Zhou Z, Lu W, 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.
2024;45(1):35-44. doi: 10.1097/MNM.0000000000001782.

van Dalen JA, Koenders SS, Metselaar R], Vendel BN, Slotman
DJ, Mouden M, et al. Machine Learning Based Model to Diagnose
Obstructive Coronary Artery Disease Using Calcium Scoring, PET
Imaging, and Clinical Data. ] Nucl Cardiol. 2023;30(4):1504-13. doi:
10.1007/s12350-022-03166-3.

Fernandes FA, Larsen K, He Z, Nascimento E, Peix A, Sha Q, et al.
A Machine Learning Method Integrating ECG and Gated SPECT for
Cardiac Resynchronization Therapy Decision Support. Eur ] Nucl Med
Mol Imaging. 2023;50(10):3022-33. doi: 10.1007/s00259-023-06259-4.

Delbarre MA, Girardon F, Roquette L, Blanc-Durand P, Hubaut MA,
Hachulla E, et al. Deep Learning on Bone Scintigraphy to Detect
Abnormal Cardiac Uptake at Risk of Cardiac Amyloidosis. JACC
Cardiovasc Imaging. 2023;16(8):1085-95. doi: 10.1016/j.jcmg.2023.01.014.

Kusumoto D, Akiyama T, Hashimoto M, Iwabuchi Y, Katsuki T, Kimura
M, et al. A Deep Learning-Based Automated Diagnosis System for
SPECT Myocardial Perfusion Imaging. Sci Rep. 2024;14(1):13583. doi:
10.1038/s41598-024-64445-2.

Zhang Y, Bos E, Clarkin O, Wilson T, Small GR, Wells RG, et al.
Interpretation of SPECT Wall Motion with Deep Learning. ] Nucl
Cardiol. 2024;37:101881. doi: 10.1016/j.nuclcard.2024.101881.

Hu LH, Miller RJH, Sharir T, Commandeur F, Rios R, Einstein AJ, et
al. Prognostically Safe Stress-Only Single-Photon Emission Computed
Tomography Myocardial Perfusion Imaging Guided by Machine
Learning: Report from REFINE SPECT. Eur Heart ] Cardiovasc Imaging.
2021;22(6):705-14. doi: 10.1093/ehjci/jeaal34.

Feher A, Pieszko K, Miller R, Lemley M, Shanbhag A, Huang C, et al.
Integration of Coronary Artery Calcium Scoring from CT Attenuation
Scans by Machine Learning Improves Prediction of Adverse
Cardiovascular Events in Patients Undergoing SPECT/CT Myocardial
Perfusion Imaging. ] Nucl Cardiol. 2023;30(2):590-603. doi: 10.1007/
512350-022-03099-x.

Feher A, Bednarski B, Miller R], Shanbhag A, Lemley M, Miras L, et al.
Artificial Intelligence Predicts Hospitalization for Acute Heart Failure
Exacerbation in Patients Undergoing Myocardial Perfusion Imaging. |
Nucl Med. 2024;65(5):768-74. doi: 10.2967/jnumed.123.266761.

Singh A, Kwiecinski J, Miller RJH, Otaki Y, Kavanagh PB, Van
Kriekinge SD, et al. Deep Learning for Explainable Estimation of
Mortality Risk from Myocardial Positron Emission Tomography
Images. Circ Cardiovasc Imaging. 2022;15(9):e014526. doi: 10.1161/
CIRCIMAGING.122.014526.

Singh A, Miller RJH, Otaki Y, Kavanagh P, Hauser MT, Tzolos E, et
al. Direct Risk Assessment from Myocardial Perfusion Imaging Using
Explainable Deep Learning. JACC Cardiovasc Imaging. 2023;16(2):209-
20. doi: 10.1016/j.jemg.2022.07.017.

10



1

Miller et al.

Alin Nuclear Cardiology

Int J Cardiovasc Sci. 2025; 38:220240225

Review Article

73.

74.

75.

76.

77.

Bradshaw TJ, McCradden MD, Jha AK, Dutta ], Saboury B, Siegel EL,
et al. Artificial Intelligence Algorithms Need to Be Explainable-or Do
They? ] Nucl Med. 2023;64(6):976-7. doi: 10.2967/jnumed.122.264949.

Otaki Y, Singh A, Kavanagh P, Miller RJH, Parekh T, Tamarappoo
BK, et al. Clinical Deployment of Explainable Artificial Intelligence of
SPECT for Diagnosis of Coronary Artery Disease. JACC Cardiovasc
Imaging. 2022;15(6):1091-102. doi: 10.1016/j.jcmg.2021.04.030.

Miller RJH, Kuronuma K, Singh A, Otaki Y, Hayes S, Chareonthaitawee
P, et al. Explainable Deep Learning Improves Physician Interpretation
of Myocardial Perfusion Imaging. ] Nucl Med. 2022;63(11):1768-74.
doi: 10.2967/jnumed.121.263686.

Teuho J, Schultz J, Klén R, Juarez-Orozco LE, Knuuti J, Saraste A,
et al. Explainable Deep-Learning-Based Ischemia Detection Using
Hybrid O-15 H20 Perfusion Positron Emission Tomography and
Computed Tomography Imaging with Clinical Data. ] Nucl Cardiol.
2024;38:101889. doi: 10.1016/j.nuclcard.2024.101889.

Miller RJH, Bednarski BP, Pieszko K, Kwiecinski J, Williams MC,
Shanbhag A, et al. Clinical Phenotypes Among Patients with Normal

78.

79.

80.

Cardiac Perfusion Using Unsupervised Learning: A Retrospective
Observational Study. EBioMedicine. 2024;99:104930. doi: 10.1016/j.
ebiom.2023.104930.

Williams MC, Bednarski BP, Pieszko K, Miller RJH, Kwiecinski ],
Shanbhag A, et al. Unsupervised Learning to Characterize Patients
with Known Coronary Artery Disease Undergoing Myocardial
Perfusion Imaging. Eur ] Nucl Med Mol Imaging. 2023;50(9):2656-68.
doi: 10.1007/s00259-023-06218-z.

Miller RJH, Singh A, Otaki Y, Tamarappoo BK, Kavanagh P, Parekh
T, et al. Mitigating Bias in Deep Learning for Diagnosis of Coronary
Artery Disease from Myocardial Perfusion SPECT Images. Eur J
Nucl Med Mol Imaging. 2023;50(2):387-97. doi: 10.1007/s00259-022-
05972-w.

Builoff V, Shanbhag A, Miller R], Dey D, Liang JX, Flood K, et al.
Evaluating AI Proficiency in Nuclear Cardiology: Large Language
Models Take on the Board Preparation Exam. ] Nucl Cardiol.
2024;102089. doi: 10.1016/j.nuclcard.2024.102089.

m' This is an open-access article distributed under the terms of the Creative Commons Attribution License


https://creativecommons.org/licenses/by/4.0/

