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Abstract

Artificial intelligence (Al) is transforming cancer management and theranostics by improving the accuracy, efficiency, and
personalization of diagnostic and therapeutic workflows. Routine and accurate clinical implementation of theranostics remains
limited by complex dosimetry procedures, demanding imaging protocols, and challenges in quantitative image analysis. This
review critically evaluates the role of Al throughout the cancer theranostic workflow, with a focus on its potential to address
the key clinical and technical challenges that continue to limit the routine implementation of personalized radiopharma-
ceutical therapy. It examines the current maturity of Al applications, their readiness for clinical translation, and the future
prospects. Recent advances in machine learning and deep learning have enabled automated image interpretation, enhanced
quantitative imaging, accelerated acquisition protocols, single-time-point dosimetry, and supported radiomics and multi-
omics analyses. Emerging concepts, such as theranostic digital twins, physics- and biology-informed neural networks, and
explainable Al are also discussed as future directions for precision medicine. Despite substantial progress, challenges related
to data quality, interpretability, ethics, privacy, standardization, and clinical validation continue to hinder widespread clinical
adoption. Nevertheless, Al-driven technologies are expected to play a central role in advancing personalized radiopharma-
ceutical therapy and facilitating routine dosimetry-guided treatment in clinical practice.

Keywords Theranostic - Artificial intelligence (Al) - Deep learning - Radiopharmaceutical therapy (RPT) - Patient-specific
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Introduction

Over the past two decades, there has been a remarkable
transformation in artificial intelligence (AI), seamlessly inte-
grating it into our daily lives. Recently, Al has also found
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its place in the field of medicine, thereby enhancing the
healthcare system, and promoting individualized care [1].
Theranostics, a combination of diagnostic and therapeutic
procedures aimed at maximizing treatment efficacy while
sparing normal tissues [2], has benefited from the incorpora-
tion of AI [3]. This integration has and will continue to bring
about significant changes in early detection and treatment
protocols for various cancer types.

Although numerous studies have demonstrated the poten-
tial of AI across different aspects of cancer theranostics, its
integration into routine clinical practice remains limited,
with only a small number of applications having reached
clinical use. This review looks at how Al is useful to tackle
the clinical and technical problems that keep holding back
implementation of personalized cancer theranostics. The dis-
cussion follows the theranostic workflow from patient selec-
tion, quantitative imaging, dosimetry, treatment planning,
response assessment, and emerging concept of digital twins.

The review is organized according to the clinical work-
flow. Each section introduces the relevant clinical challenge
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before discussing how Al has been applied and the extent
to which these approaches have progressed toward clinical
implementation.

The Need for Al in Cancer Theranostics

Theranostics, which aims to deliver effective and safe per-
sonalized treatments, is a field in its early but rapid stages
of development. Dual-labeling approaches in theranostics
enable clinicians to first visualize the disease site of high
specificity and further deliver therapeutic radiation directly
to the specified target. Radiopharmaceutical therapy has
proven effective against a wide range of cancers, especially
metastatic malignancies. Radioiodine treatment (using '*'T)
has been a cornerstone of nuclear medicine for over sixty
years. More recently, theranostic pairs targeting somatosta-
tin receptors in neuroendocrine tumors (NETSs), and those
targeting prostate-specific membrane antigen (PSMA) for
metastatic castration-resistant prostate cancer, have become
effective options in modern oncology. However, integrat-
ing personalized therapies into routine clinical practice
remains a significant challenge. The clinical workflow of
cancer theranostics consists of several interconnected steps,
including [4]:

1) System calibration and quantitative imaging,

2) Patient image acquisition,

3) Image reconstruction and quantitative corrections,

4) Patient selection and treatment planning,

5) Tumor/organ Segmentation, image registration, and fea-
ture extraction,

6) Time-activity curve fitting and time integrated activity
assessment,

7) Absorbed dose calculation,

8) Treatment response assessment, prognostication, and
outcome prediction.

Each of these steps presents technical and clinical chal-
lenges that currently limit the routine implementation of per-
sonalized radiopharmaceutical therapy. The major obstacles
within this workflow includes requirement for multiple time
points and long period of imaging, lack of reliable dosimetry
protocol, which requires expertise and resources adding to
an already heavy workload [5], utilizing fixed injected activ-
ity approach instead of personalized dosimetry [6], absence
of a clear dose—response relationship [7], as well as com-
plex, time consuming manual steps in the workflow [8].

Any advancement enhancing the accuracy and practical-
ity of the workflow is highly sought-after. Simplifying, auto-
mating, or expediating the steps could significantly facilitate
the implementation of personalized medicine. Al has the
potential to simplify several steps of theranostics workflow.
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Although the reported findings are encouraging, the maturity
of Al applications varies widely, and many approaches still
require prospective validation before they can be adopted in
routine clinical practice [5, 9].

Potential Applications of Al in Cancer
Theranostics Workflow

Al has emerged as a promising opportunity for addressing
many of the technical and clinical challenges in the thera-
nostics workflow. Al can support multiple interconnected
stages, including image enhancement [10], denoising [11,
12], and reducing image acquisition time [13]. Automation
of image scan range[14] and patient positioning [15], cor-
recting image degrading factors, such as attenuation, scat-
ter, and partial volume effect [16-20]. Moreover, advance-
ments in image reconstruction using DL algorithms for
Single-Photon Emission Computed Tomography (SPECT)
and Positron Emission Tomography (PET) contribute to
improved image quality and quantitative accuracy [21-23].
Furthermore, Al's capabilities extend to assessing therapy
response and predicting treatment outcomes, using feature
identification, radiomics and dosiomics methodologies [24,
25]. Figure 1 illustrates various applications of Al in the
field of theranostics.

Importantly, the maturity of these Al applications varies
considerably. The segmentation of tumors and organs at risk
[26, 27], reconstruction and denoising have demonstrated
encouraging performance and are beginning to enter the
clinical workflow. Whereas a few tasks, such as personal-
ized dosimetry, treatment planning and optimization remain
at the proof-of-concept stage. Such Al-assisted tasks require
multicenter validation with large amount of data before
deployment in the clinic.

Several capabilities of Al have not yet been fully explored
in the field of theranostics. Nevertheless, the greatest chal-
lenge for those that are already explored is no longer demon-
strating technical feasibility, but establishing robust clinical
evidence that Al improves decision-making and patients’
outcome predictions. In the following sections, we dig into
how Al is being applied across the theranostics workflow.
For each stage, we lay out the clinical challenge first, then
look at what Al-based solutions currently exist, take stock
of the evidence and how close these tools are to effective
clinical use.

Al for Image Acquisition

Although the theranostics workflow starts with system
calibration as a prerequisite for quantitative imaging,
this step runs on standardized phantom-based protocols,
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Fig.1 Current and potential applications of Al in the field of theranostics

not Al-driven methods. Therefore, we start with clinical
imaging.

Patient Positioning and Scan Range Definition

Accurate and reproducible image acquisition forms the basis
of quantitative imaging for theranostics. In personalized
dosimetry, serial SPECT/CT or PET/CT scans are acquired
at multiple time points to characterize radiopharmaceutical
kinetics. Variations in patient positioning or scan coverage
during acquisitions can propagate throughout the dosimetry
workflow, from image registration to time-integrated activity
estimation, and absorbed dose calculations. Ensuring con-
sistent image acquisition is therefore a fundamental prereq-
uisite for accurate and reliable personalized RPT.

One of the earliest applications of Al in image acquisition
has been the automation of scan range definition. In rou-
tine clinical practice, scan coverage is typically determined

Image
Registration

Feature
Identifications
and Omics

manually by the technologist, and the process inherently
depends on operator experience, potentially leading to either
incomplete anatomical coverage or unnecessary irradiation
of regions outside the region of interest. Deep learning
models based on CT localizer images have demonstrated
improved consistency compared with manual scan range
selection, while minimizing unnecessary scanning [14, 28].

This issue is important for serial imaging, where all
images should cover the same anatomical volume of inter-
est. Differences in scan range between imaging time points
complicates image registration, ... etc., necessary for
voxel-level dosimetry. During image-to-image registration
between serial acquisitions, slices outside the reference
volume (commonly the 24-h SPECT/CT in '"’Lu thera-
pies) are not useful for personalized dosimetry. To address
this limitation, Salimi et al. [29] proposed a deep learning
framework for scan range selection based on segmenting
multiple anchor organs on the CT localizer image. They
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reported that the deep learning algorithm can remove the
axial scan range mismatch among time-points by offering
reproducible scan range, similar to the reference image
using the localizer image. Figure 2 displays an example
depicting the working principle of the model.

Patient positioning is another important source of vari-
ability in quantitative imaging. Inappropriate patient posi-
tioning may increase patient’s radiation dose from CT of
SPECT/CT or PET/CT and degrade image quality and
quantitative accuracy. Besides as mentioned in the previ-
ous paragraph, reproducible scanning for all time-points
helps the time integrated activity and personalized dosime-
try calculations. Patient positioning within SPECT/CT and
PET/CT gantry is a matter of concern both in right to left
and anterior to posterior (table height) directions. Some
commercial systems introduced a solution using external
visual 3D cameras to help the radiographer during patient
positioning [15, 30]; however, due to the nature of images,
the presence of external objects might impact performance
[31, 32]. Salimi et al. [15] used the localizer image for
automated patient positioning via deep learning estima-
tion of the patient shape and position within the gantry.
Their methodology used X-ray based CT localizer image,
which is immune against external objects blocking visual
3D cameras. Both approaches reported patient position-
ing accuracy significantly better than human performance.

Clinical maturity and remaining challenges: Al appli-
cations for automated scan range definition and patient
positioning are among the most mature developments in
the image acquisition stage. They address well-defined
technical tasks and have demonstrated improvements in
acquisition reproducibility. The current evidence, though,
comes mostly from retrospective, single-center studies,
which makes it difficult to understand how well any of
these hold up across different clinical settings. Larger
prospective multicenter trials are still needed to figure
out whether better acquisition reproducibility actually
translates into meaningful gains in quantitative accuracy,

dosimetric precision, and, ultimately, better outcomes for
patients.

Low-dose/fast Imaging

One of the major challenges in cancer theranostics is the
prolonged acquisition time required for quantitative SPECT/
CT and PET/CT imaging. Typical two or three bed SPECT/
CT imaging requires between 10 and 20 min per bed acquisi-
tion, lasting in up to one-hour total acquisition time. Patients
referred to radiopharmaceutical therapy, usually afflicted
with cancer, commonly experience significant pain and as
such, staying steady during long acquisition time is not con-
venient and, in some cases, not possible. For example, for
SIRT therapy, or imaging phase after P-32 therapy for joint
inflammations, patients undergo invasive procedures, and for
31T and '77Lu radiopharmaceutical therapy, the patient needs
to be scanned multiple times consecutively. Personalized
time activity curve (TAC) calculation is critical for person-
alized dosimetry, which requires multiple time imaging after
administration of the radiotracers, typically till days after.

Although, new technologies, such as solid-state Cadmium
Zinc Telluride (CZT) detectors or multi-pinhole SPECT
cameras and large axial field-of-view total-body PET scan-
ners have reduced these acquisition times using more sensi-
tive detectors and increasing the number of detector mod-
ules, these technologies remain expensive and are not yet
widely available.

Shorter scan times in nuclear medicine result in noisier
images and inaccuracies in quantification, leading to inac-
curacies in TIAs calculations and hence the calculated
radiation doses. Figure 3 shows representative images of
the NEMA image quality phantom filled with '7"Lu and
scanned with multiple scan durations from less than 1 min
to 20 min scan per bed. As can be seen, the image qual-
ity is significantly degraded when using shorter acquisition
times. Reducing the acquisition time also affects quantitative
accuracy in SPECT image. Figure 4 depicts the recovery
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Fig.2 Scan range on theragnostic three time-point images showing that the used Z-axis field of view is limited to 34 cm instead of 40 cm
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Fig.4 Recovery coefficients calculated on spheres of the NEMA
image quality phantom using SPECT images acquired at different
acquisition times varying between 10 s to 20 min

coefficients for spheres in the NEMA phantom showing vari-
ability with the acquisition time.

However, Al proved to have the capability to improve
image quality of low-dose SPECT and PET as well as CT
images to provide the same diagnostic value with faster/low-
dose scans [33]. Contrary to conventional denoising strate-
gies, such as Gaussian or non-local mean filtering that could
reduce diagnostic/dosimetric information, Al enables keep-
ing the image contrast and relevant details while removing
the noise resulting from fast or low-dose scanning.

Several studies reported encouraging results across both
PET and SPECT imaging. For example, the impact of Al-
based denoising on reduced-acquisition '*F-FDG and ® Ga-
PSMA-11 PET/CT imaging has already been evaluated in
a cohort of 282 patients [34]. Using the SubtlePET® deep
learning algorithm, the study demonstrated that shortened
PET acquisitions could preserve overall image quality and
maintain high reproducibility of most radiomic features,
despite reductions in SUV measurements.

Acquiring SPECT and PET data in list mode format
opens the door to interesting research focusing on the gen-
eration of clinically relevant images scanned with reduced

acquisition time. Some studies reported that deep learn-
ing methods could recover diagnostic image quality from
fast PET and bone SPECT acquisitions, producing images
comparable to those obtained using standard clinical pro-
tocols [35, 36].

Whole SPECT acquisition time can be reduced using
two approaches: either by decreasing the time per projec-
tion (azimuth), or the number of projections. Sparse-view
SPECT images with lower number of projections and deep
learning were used to estimate the intermediate projec-
tions [13]. The results demonstrated the capacity of faster
imaging achieved by reducing the number of projections
coupled with deep learning algorithms to reproduce simi-
lar dosimetry results compared to full-projection images,
while the acquisition time is significantly reduced. The
opportunity to introduce fast SEPCT and PET imaging
protocols in theranostics will definitely improve patients’
comfort and workflow and reduce the waiting time for
other patients and patient motion artifacts.

Clinical maturity and remaining challenges: Al-
assisted fast and low-dose imaging is among the most
mature applications of Al in quantitative nuclear medi-
cine. Current evidence demonstrates improvements
in image quality and Al-based denoising software has
already reached clinical deployment for PET imaging.
For example, commercially available solutions such as
SubtlePET™ (Subtle Medical) is an FDA-cleared deep
learning post-processing algorithm designed to improve
image quality from reduced-count PET acquisitions, ena-
bling shorter acquisition times and, in selected applica-
tions, lower administered activities.

Nevertheless, most published studies have focused on
technical image quality rather than on prospective evalu-
ations of clinical outcomes or dosimetric accuracy. Conse-
quently, large prospective multicenter studies are still needed
to determine whether Al-enabled fast imaging can safely
replace conventional acquisition protocols while maintain-
ing the quantitative accuracy required for personalized
dosimetry.
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Al in Quantitative Image Reconstruction
and Processing

Quantitative image reconstruction represents the founda-
tion of personalized cancer theranostics. Accurate absorbed
dose calculations directly depend on accurate activity quan-
tification. Errors during image reconstruction or correction
propagate throughout the dosimetry workflow. Al has there-
fore been increasingly investigated to improve quantitative
accuracy while reducing computational burden. Figure 5
summarizes the applications of Al in image quantification
in theranostics.

Image Reconstruction

Conventional tomographic image reconstruction techniques
include filtered backprojection and statistical iterative recon-
struction, with the latter providing better image quality and

noise characteristics at the cost of heavier computation time.
Iterative reconstructions are inherently limited by the trade-
off between the number of iterations impacting quantifica-
tion accuracy and noise. Deep learning has emerged as an
alternative to conventional iterative reconstruction algo-
rithms by directly learning the mapping between measured
projections and quantitative images. Several Convolutional
neural networks (CNN)-based approaches have demon-
strated improved spatial resolution and noise characteristics
for PET and !”7Lu SPECT imaging [37-40] In particular,
Al-based reconstruction has shown the potential to reduce
computation time while maintaining quantitative accuracy,
although most studies remain limited to simulation or ret-
rospective datasets.

Attenuation and Scatter Corrections

Accurate attenuation and scatter corrections affect image
quality in terms of visual perception and quantitative
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Fig.5 Summary of steps involved in image quantification that can be facilitated by Al

@ Springer



Molecular Imaging and Biology

accuracy. Compensating for the mentioned effects is critical
for generating quantitative SPECT and PET for use in per-
sonalized dosimetry. In hybrid PET/CT systems, CT-based
attenuation correction is routinely performed, whereas scat-
ter correction is incorporated into commercial reconstruc-
tion algorithms. In quantitative SPECT imaging, however,
scatter correction remains considerably more challenging,
particularly for radionuclides, such as 90y where the broad
Bremsstrahlung energy spectrum limits the accuracy of
conventional energy window-based correction methods.
Although Monte Carlo simulation remains the standard of
reference for scatter estimation, its high computational bur-
den limits routine clinical implementation.

To overcome these limitations, deep learning approaches
have recently been investigated as computationally efficient
alternatives for attenuation and scatter correction [41]. Most
methods formulate the problem as an image-to-image trans-
lation task in which uncorrected projections or reconstructed
images are transformed into quantitatively corrected images
learned from Monte Carlo simulations or CT-based recon-
structions. Several deep learning strategies have demon-
strated encouraging results for quantitative SPECT imaging.

Transformer-based deep learning models [18, 19] were
developed based on Swin UNETR architecture for image-
to-image translation tasks for CT-free attenuation correction
and Monte Carlo-based scatter correction in *"Tc-MAA
SPECT as well as °Y-SIRT. Similar deep learning frame-
works have been proposed in the projection domain [16, 17].

Although the network architecture differed, these stud-
ies demonstrated that Al could substantially reduce the
computational burden associated with conventional Monte
Carlo-based scatter correction while maintaining acceptable
quantitative accuracy in phantom and clinical studies.

CT-less attenuation correction has also attracted increas-
ing interest, particularly for radiopharmaceutical therapies
where CT acquisition may be unavailable or undesirable.
A U-Net-based framework for !”7Lu-SPECT successfully
generated attenuation-corrected images directly from uncor-
rected SPECT data, thereby improving quantitative accu-
racy compared with uncorrected reconstructions. [42]. These
findings suggest that AI may reduce dependence on anatomi-
cal imaging while preserving quantitative performance.

Partial Volume Correction

Personalized dosimetry, treatment planning and dose deliv-
ery verification in theranostics is commonly performed using
SPECT and in rare cases using PET imaging for positron
emitters, such as °’Y. The low resolution and resulting par-
tial volume effect (PVE) limit the accuracy of activity con-
centration quantification, especially for small lesion sizes at
least in one dimension, usually leading to underestimation
of tracer uptake [43]. The impact of PVE on quantitative

theranostics has been well documented. In'”’Lu-SPECT
imaging, significant underestimation of tracer uptake
becomes relevant for lesions smaller than 10 cm diameter
and in PET for lesions smaller than 1.8 cm in minor axis
[44].

Conventional partial-volume correction (PVC) techniques
rely on segmented anatomical images, recovery coefficients,
or iterative correction algorithms. These methods can
improve quantitative accuracy; however, their performance
is affected by segmentation errors, lesion size, scanner char-
acteristics, and image reconstruction parameters, which can
limit their accuracy and reproducibility in routine clinical
practice.

More recently, advances in deep learning have led to
the development of data-driven PVC approaches that aim
to directly recover the underlying activity distribution. A
deep learning—based partial-volume correction (DL-PVC)
method has been developed for quantitative '”’Lu SPECT/
CT imaging using Monte Carlo—simulated training data
and U-Net architectures [45]. The proposed approach out-
performed conventional iterative Yang partial-volume cor-
rection by improving voxel-level activity recovery without
requiring segmentation. The impact of partial volume cor-
rection on the reproducibility of SPECT radiomic features is
also investigated, reporting that radiomics reproducibility in
theranostic SPECT imaging is feature- and organ-dependent,
in addition to being influenced by scanner-specific factors
and reconstruction protocols [46].

Clinical maturity and remaining challenges: Al has
shown considerable promise in improving quantitative
image reconstruction and correction. Among these applica-
tions, deep learning—based image reconstruction is the most
clinically mature, with commercial implementation already
available for PET imaging (e.g. GE HealthCare Precision
DL for PET/CT (Omni Legend)) and Canon Advanced intel-
ligent Clear-IQ Engine (AiCE), and Siemens Deep Resolve
use deep neural networks to improve image quality while
reducing image noise and reconstruction artifacts. Also,
consistent evidence demonstrates improvements in image
quality, noise reduction, and computational efficiency. Al-
assisted attenuation and scatter correction has also shown
promising quantitative performance, particularly in chal-
lenging SPECT applications, such as °°Y imaging, where
conventional Monte Carlo-based methods are computa-
tionally demanding. However, these approaches for SPECT
imaging remain largely confined to research settings and
require more extensive validation before they can be adopted
in routine clinical practice. In PET imaging domain CT-
less attenuation correction has recently become available
through “United Imaging CNN-AC” (Convolutional Neural
Network—based attenuation map (p-map) synthesis network),
an FDA-cleared deep learning algorithm that synthesizes
attenuation maps directly from PET images. Comparable
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commercial Al solutions for SPECT attenuation correction,
however, remain unavailable.

By comparison, Al-based partial-volume correction is at
a less advanced stage of development, with the current evi-
dence coming predominantly from simulation studies and
retrospective single-center datasets Although preliminary
results indicate improved quantitative accuracy, prospective
validation and evidence of clinical benefit are still lacking.

Al for Segmentation, and Registration

After quantitative image reconstruction, accurate segmen-
tation of tumors and organs of interest, and spatial image
registration are essential steps for the theranostic workflow.

Image Registration

Information about patient-specific pharmacokinetics of the
radiotracer over time is recorded in serial images. These
images should be spatially aligned for calculating time activ-
ity curves. Registration is particularly important for voxel-
level dosimetry, where even small spatial mismatches may
lead to large errors in quantification, time activity curve fit-
ting, and dose estimations. Also, for treatments, such as 32p
therapy for synovial joint inflammation treatment and SIRT
therapy, the isotope position is assumed to be the same as
the injection site, however lesion segmentation on contrast
enhanced diagnostic CT or MRI needs to be transferred
to emission SPECT/CT images in SIRT through image
registration.

The conventional approach consists in using rigid and
deformable algorithms that maximize image similarity
between the fixed and moving images using metrics, such
as mutual information or cross-correlation [47]. These algo-
rithms perform well in many situations. However, some fac-
tors, such as presence of anatomical deformation, respira-
tory motion, image artifacts, or large intensity differences
between images, may affect their accuracy. Recent deep
learning approaches have been proposed to learn complex
spatial correspondences directly from images. for instance,
model’s encoder can extract and compare a set of features
that better capture the correspondence between fixed and
moving registered images. This new deep metric may be
used to maximize the similarity instead of the usual metrics
of mean absolute error, mutual information or cross-corre-
lation. They are asserted to be better metrics especially in
the presence of artifacts in the images [48].

Image Segmentation

Accurate segmentation of lesions and organs at risk (OARs)
are necessary for image quantification and biomarkers/
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radiomics extraction and treatment planning, dosimetry
and outcome assessment. Manual segmentation is time-con-
suming and suffers from inter/intra-observer variability. The
longest time spent during personalized treatment planning
is on the delineation of lesions and OARs using different
imaging modalities.

Over the past decade, deep learning has been playing
a great role in medical image segmentation [49, 50]. The
main limitations were the availability of annotated manually
delineated segmentation datasets in consensus. Yet recently
several groups made their dataset publicly available [51-56]
to enable active researchers to evaluate the performance of
segmentation pipelines. Publicly available annotated data-
sets and advances in network architectures, such as the
emergence of nnU-Net neural network [57], transformers
and deep supervision [58, 59], and image processing strat-
egies, have significantly improved segmentation accuracy.
Segmentation is now considered one of the most mature
applications of Al in medical imaging [60-62].

Several studies reported on the development of models for
automatic organ and lesion segmentation. Salimi et al. used
nnU-Net to segment multiple healthy organs from total-body
CT images [27]. Wasserthal et al. [63] developed multiple
organ and sub-organ segmentation pipelines from CT images
using nnU-Net, known as “TotalSegmentator”” and made the
models publicly available. Open-source dosimetry software,
such as OpenDose [64], use an automated pipeline for RPT
dosimetry integrating TotalSegmentator models in their soft-
ware. More recently, dedicated segmentation models have
been proposed for PET-only images, and low-dose CT with
robust external validation across independent datasets.

Clinical maturity and remaining challenges: Among all
Al applications in theranostics, segmentation is the most
mature and widely adopted approach. Some commercial
software for personalized RPT, such as MIM software
(“MIM Contour Protégé Al+ ™ for organ segmentation
and “LesionID pro”, for total tumor burden delineation in
PSMA therapy), and other treatment planning and dosim-
etry software, such as Hermia voxel dosimetry, Dosisoft,
Simplicity, etc. integrated deep learning-guided segmen-
tation models into their software. Also, Siemens AI-Rad
Companion offers deep learning—based anatomical organ
segmentation across multiple imaging applications. Moreo-
ver, a number of image segmentation challenges are held
at major imaging conferences, such as MICCAI [63, 65].
Al-based registration has also shown encouraging poten-
tial; however, evidence remains considerably more limited,
and further validation is needed for voxel-level dosimetry
applications. Commercial platforms such as MIM Maes-
tro and DOSIsoft PLANET Dose incorporate Al-assisted
workflow automation and contour propagation to facilitate
serial image registration, although the underlying registra-
tion algorithms remain predominantly conventional. Despite
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advances, challenges regarding anatomical changes during
therapy, respiratory motion, and low-count SPECT imag-
ing, still exist. Future work should focus on the prospective,
multicenter validation.

Al for Patient Selection and Pre-Treatment
Evaluation

Patient Selection, Characterization And Staging

Appropriate patient selection is one of the determinants of
successful therapy. Before initiating the treatment, clinicians
confirm the target expression, disease burden, staging of the
tumor and identify patients who are most likely to benefit
from therapy with minimum toxicity. PET/CT and SPECT/
CT play a key role in this process by providing functional as
well as anatomical imaging. Traditionally, accuracy of this
process mostly relied on the expertise of clinicians, through
invasive pathologic exams, and visual image interpretation,
although this process was subjective, prone to human errors
and time-consuming. Al-assisted algorithms have trans-
formed the extraction of quantitative features from medical
images by enabling the identification of subtle imaging char-
acteristics that may not be readily discernible through con-
ventional visual assessment. In addition to enhancing feature
detection, these algorithms facilitate the rapid and consistent
analysis of large imaging datasets, providing a level of effi-
ciency and reproducibility that is difficult to achieve through
manual interpretation alone.

Several studies have shown that Al can improve lesion
detection, classification and staging of the disease, using
PSMA and somatostatin receptor PET/CT imaging that
are conducted prior to therapy [66—69]. Machine learning
models based on radiomics extracted from ®® Ga-SSTR and
PSMA PET/CT images can be used as a noninvasive tool
for tumor staging. These features also can be used for clas-
sification and discrimination between benign and malignant
lesions [67] as well as tumor-lymph node-metastasis (TNM)
staging/restaging [68].

Al-based Imaging Biomarkers and Multi-omics

Al also enables the extraction of quantitative imaging bio-
markers that may capture tumor phenotype, heterogeneity
and biological characteristics. These biomarkers can provide
complementary information for risk stratification, predic-
tion of treatment outcome, prognostication, and personali-
zation of treatment planning. Image-driven features, called
radiomics, range from first-order features, such as intensity
and shape, to higher-order textural features, such as spa-
tial relationships among voxels. Recently, dosomics con-
cept has also been developed, which is the counterpart of

radiomics-derived from absorbed dose maps. More recently,
the concept of “organomics”, which refers to the extraction
and analysis of radiomic features from healthy organs, in
addition to tumors, to capture whole-body biological infor-
mation has emerged. The hypothesis is that this may improve
Al-based prediction of prognosis and treatment outcomes
[70]. However, its application in theranostics remains largely
unexplored. Moreover, multi-omics approaches, including
genomics, proteomics, and metabolomics, may enhance RPT
by improving the identification of biomarkers associated
with treatment response, resistance, and toxicity.

Al-driven radiomics and dosiomics have shown capability
for absorbed dose prediction, treatment outcome prediction
and prognostication in RPT and SIRT [71-73].

Al-based Personalization of Treatment Planning

The ultimate goal of pre-therapy evaluation is to optimize
the therapeutic strategy for each individual patient. Optimi-
zation of RPT often involves the modulation of treatment
cycles or adjusting the prescribed dose through escalation/
de-escalation strategies. This optimization process aims at
achieving the optimal balance between treatment efficacy
and minimizing potential toxicities. Al can be instrumental
in predicting tumor and normal tissue absorbed doses based
on surrogate imaging data (theranostic pairs) prior to treat-
ment initiation or post-therapy imaging-based dosimetry.

Several investigations have documented the predictive
value of surrogate imaging (diagnostic pair) in the esti-
mation of patient-specific absorbed dose from therapeutic
agents [72, 74-78]. These studies combine radiomics from
PET/CT images and clinical information to estimate tumor
and organ absorbed doses before starting the treatment with
TLu-Dotatate and '7’Lu-PSMA using machine learning.

Clinical maturity and remaining challenges: Al has
shown potential to improve patient selection, and pre-treat-
ment evaluations. Among the applications of Al in these
areas, automatic lesion detection, disease characteriza-
tion and staging are approaching clinical implementation,
particularly for PSMA PET/CT imaging. The Al-based
“aPROMISE®”, an FDA-cleared platform provides auto-
mated segmentation, lesion detection, and quantitative
assessment of PSMA-positive disease burden, and has been
analytically validated using multicenter clinical trial data
[79, 80]. In addition, a dual-center study for automated
PSMA uptake segmentation and lesion classification has
been externally validated [81].

Radiomics has also shown promise for patient stratification
and treatment response prediction, although it is not adopted
in the clinic yet, due to lack of standardization, variability in
segmentation, lack of biological interpretability, and limited
reproducibility and external validation. Al-based prediction
of absorbed dose and personalized treatment planning is still
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Fig.6 Basic workflow in theranostic treatment planning and dosim-
etry. Pre-therapy imaging is first performed to simulate radiotracer
distribution and guide treatment planning. After therapy administra-
tion, serial theragnostic image acquisitions are obtained at multiple-
time-points. Quantitative image processing, including image quantifi-
cation, image registration, and region of interest (ROI) segmentation,

at the early-stage of development and translation, as most evi-
dence is derived from retrospective single center studies. Pro-
spective multicenter studies should be conducted in the future.

Al in Personalized Time-activity Curve
Estimation and Dosimetry

Radiopharmaceutical therapy, a cornerstone of radio-thera-
nostics, exploits the power of internal radiation to image and
treat specific targets. In RPT, the primary objective and the
course of action is to deliver a cytotoxic radiation dose to
target tumor cells. Through advancements in RPT, clinicians
strive to personalize the treatment by optimizing the thera-
peutic index, maximizing tumor absorbed dose while mini-
mizing adverse effects on healthy tissues, known as OARs.

The primary step in optimizing RPT involves establishing
a reliable tumor dose—response relationship. Furthermore, the
existing dose-toxicity limits need to be re-defined according
to the specific characteristics of RPTs to better align with the
safety profiles and therapeutic objectives of these treatments.
This process relies solely on personalized dosimetry utilizing

@ Springer

is then applied to generate patient-specific biokinetic models enabling
time-integrated activity (TIA) calculations. These data are subse-
quently used in a dose engine simulator to calculate absorbed radia-
tion dose distributions and generate post-RPT dosimetry maps for
treatment evaluation and personalization

post-therapy imaging of theranostic agents. Patient-specific
dosimetry in RPT is a multifaceted and time-intensive proce-
dure. The workflow for post-therapy image-based dosimetry
requires several processing steps:

1. Serial post-therapy imaging for the calculation of
patient’s time-dependent biodistribution,

2. Quantification of theranostic images,

3. Segmentation of regions of interest (ROIs) using high-
resolution anatomical imaging,

4. Derivation of time-dependent activity concentration
(pharmacokinetic) by registration of serial post-therapy
images,

5. Integration of time-activity data to yield cumulated
activities in ROIs,

6. Absorbed dose calculation utilizing radiation transport
algorithms using the given radiation source (TTAs) and
the medium of interaction (ROISs).

Figure 6 illustrates the workflow of personalized treat-
ment planning, dosimetry, and optimization strategies tai-
lored to individual patients.
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While the dosimetry paradigm demands significant time
and effort, the integration of Al holds considerable promise
in enhancing accuracy and expediting the implementation
of personalized dosimetry, streamlining routine practices
in RPT. As explained in the previous sections, Al can be
implemented for image quantification, segmentation and
registration of serial images in the dosimetry workflow [5].

In current clinical practice, there are two bottlenecks for
the routine implementation of dosimetry; firstly, the need
for serial post-therapy imaging, which requires patients to
visit the clinic multiple times, sometimes up to four times
or more; and secondly, the computational cost associated
with Monte Carlo (MC)-based dosimetry, which serves as
gold standard in clinical dosimetry. These two bottlenecks
and related Al potentials are presented in the next following
subsections.

Al based Time-activity Curve Estimation

Time activity curve estimation is essential for time inte-
grated activity (TIA) calculations, which forms the basis of
the personalized absorbed dose calculations. One practical
and simplified solution for RPT dosimetry in clinical rou-
tine is to utilize reduced timepoint post-therapy imaging or
even single-time-point imaging for the calculation of TIAs
[48]. Analytical methods were proposed by Hénscheid et al.
[49] and Madsen et al. [50] for single-time-point dosim-
etry using prior knowledge of the population averages of
kinetic parameters. However, recent Al-based approaches
for single-time-point dosimetry have demonstrated superior
performance compared to previous methods. Several studies
have developed ML algorithms to calculate TIA or param-
eters required for such calculations from single-time-point
post-RPT imaging, aiming to enhance the sensitivity and
specificity of simplified methods [51-54].

Al-assisted Dosimetry in Radiopharmaceutical
Therapy

Following TIA estimation, absorbed dose distributions
are calculated using radiation transport models. The gold
standard for clinical dosimetry relies on MC-based radiation
transport algorithms, renowned for their capability to model
complex problems with high accuracy, albeit at the expense
of computational time. Practical internal dosimetry calcula-
tion algorithms used in the clinic based on the MIRD (Medi-
cal Internal radiation Dose) formalism, though effective,
involve numerous simplifications compared to MC-based
dosimetry. To address the limitations of simplified methods,
Al-based fast MC dosimetry algorithms have been proposed.
These approaches have shown promising results in provid-
ing more accurate and efficient radiation dose calculations,

bridging the gap between the practicality of the MIRD for-
malism and the accuracy of MC dosimetry [55-59].
Clinical maturity and remaining challenges: Al has the
potential to transform personalized dosimetry by address-
ing the two aforementioned major bottlenecks. Al-based
single time-point or reduced time points dosimetry showed
potential to improve accuracy compared with analytical
approaches. Likewise, DL-based dose engines have shown
the ability to generate Monte Carlo-equivalent dose dis-
tributions while substantially reducing computation time.
However, Al-based personalized dosimetry is still at the
early stage of clinical translation. Commercial dosimetry
platforms, including MIM SurePlan MRT, Hermia Voxel
Dosimetry, and DOSIsoft PLANET Dose, already incorpo-
rate Al-assisted organ segmentation to reduce contouring
time. However, absorbed dose estimation itself continues
to rely primarily on conventional physics-based algorithms
rather than AI. Retrospective single center or simulation
studies have been conducted so far. Future research should
therefore prioritize prospective multicenter validation, and
then integration of Al within clinical dosimetry software.

Al for Prognostications and Outcome
Prediction

Theranostic pairs enable visualizing the disease status prior
to treatment, interim, post therapy and continuous disease
monitoring. This capability helps clinicians to evaluate
therapeutic response and adapt management accordingly.
Al further improves accuracy or makes early predictions
(even before starting the therapy) by extracting quantitative
imaging biomarkers. Figure 7 shows the capability of Al to
discover essential biomarkers for the prediction of treatment
outcome. Moreover, there is massive potential in applying
radiomics and multi-omics analysis in molecular imaging to
extract valuable biological insight.

Radiomics, dosiomics, organomics and multi-omics are
promising approaches for monitoring treatment response and
survival prediction. Several studies have shown that quan-
titative features extracted from ®® Ga-PSMA PET images,
9mTe-MAA and *°Y SPECT/CT can improve the predic-
tion of therapeutic response and overall and progression-free
survival when combined with machine learning algorithms
[24, 63-65, 82].

Another vital role of theranostic agents is facilitating
continuous disease monitoring. Al-based quantification of
pre- and post-therapy theranostic images enables clinicians
to monitor treatment response and disease progression in
real-time, by evaluating changes in tracer uptake and dis-
tribution and detecting residual disease. For example, Al-
based analysis of serial PSMA PET/CT studies has shown
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Fig.7 Application of Al in opti-
mization of diagnosis, treatment
monitoring and outcome predic-
tion. Theranostic imaging and
multi-omics data are integrated
using Al techniques for target
detection, segmentation, quanti-
tative staging, radiomics feature
extraction, and delta-radiomics
analysis. These quantitative bio-
markers support diagnosis and
screening, treatment monitor-
ing, quantitative restaging, and
outcome prediction in precision
medicine

Theranostic

Multi-Omic:
Data

that PSMA-avid tumor volume reduction during and after
the course of treatment correlates with prolonged survival
[80, 83].

More recently, delta-radiomics has been proposed to
quantify temporal changes in imaging features during treat-
ment. Few studies have explored the correlation between
quantitative features derived from pre-therapy, interim (dur-
ing treatment cycles), and post-therapy theranostic images
and their relationship to therapeutic outcomes using delta
radiomics [84, 85]. However, the full potential of delta radi-
omics in the theranostic domain with specific capability in
phenotyping biological alterations remains largely untapped.

Clinical maturity and remaining challenges: Commercial
workflow solutions, including MIM Symphony® LDR™
and longitudinal analysis within aPROMISE®, facilitate
Al-assisted quantitative assessment of serial PET studies
(mostly PSMA-PET). However, Al-based response assess-
ment for SPECT imaging, and Al-driven prognostic pre-
diction remain largely investigational, despite encouraging
preliminary results in treatment response and survival pre-
diction studies. Most published models have been developed
using relatively small single-center cohorts, thereby lacking
external multicenter validation, and employ heterogeneous
imaging protocols and feature extraction pipelines. Pro-
spective multicenter validation on harmonized datasets is
required to make the Al-based prediction reliable.

Future Directions Toward Clinical Translation

Although Al has demonstrated promising potential in every
stage of the theranostics workflow, most applications remain
at different stages of clinical maturity and translation. Future
progress would be possible with not only developing more
sophisticated algorithms but more importantly, with devel-
oping robust models that are already validated on external,
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Staging
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Detection
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Feature
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Delta
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prospective and multicenter cohorts, and are explainable and
trustworthy and gone through regulatory approval.

Emerging Al Technologies

Emerging Al architectures are expected to overcome sev-
eral limitations of current machine/deep learning meth-
ods. Transformers and diffusion models have already
shown superior performance in !”’Lu-DOTATATE and
7"Lu-PSMA personalized dosimetry, respectively [58,
59]. However, they might also be applicable to other
contexts.

In addition, physics-informed and biology-informed neu-
ral networks, integrate prior scientific knowledge into model
training, improving prediction accuracy, interpretability,
and generalization while reducing data requirements [86,
87]. Temporal learning models, such as Long Short-Term
Memory (LSTM) [88] or extended LSTM (xLSTM) [89]
networks may have particular valuable potential in thera-
nostics applications, such as TAC analysis, patient outcome
prediction, treatment-response monitoring, and delta radi-
omics analysis, etc., because they are specifically designed
to analyze sequential data.

Theranostic Digital Twins, and Virtual Clinical Trials

Theranostic digital twins (TDTs) are perhaps one of the
most promising future directions in personalized medicine.
A theranostic digital twin is a patient-specific computational
model that simulates RPT using all available data from the
actual patient to optimize treatment cycles, dosing strategies,
and radiation delivery while minimizing toxicity [90-92].
Figure 8 illustrates schematically the concept of a digital
twin in medicine.

However, digital twins are not yet a clinical reality and
still represent a long-term vision. Recent perspectives
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Actity (MBa)

Fig.8 Representation of a digital twin. Population-based knowledge
combined with patient-specific information, such as imaging, tumor
genomics, pathophysiological information from biopsies, therapies
etc. are encapsulated in an avatar patient and continuously being

suggest that, rather than creating complete virtual repli-
cas of patients, near-term digital twins should focus on
specific clinical tasks, such as absorbed dose prediction,
treatment adaptation, and toxicity estimation, functioning
as continuously updated clinical decision-support sys-
tems [94]. Current digital twins remain at an early stage
of development, and suffer from limited perspective vali-
dation, fragmented datasets, uncertainty and lack of work-
flow integration [94]. The development of digital twins

updated. The various versions of digital twins undergo multiple inter-
ventions, and outcomes are leveraged to forecast the response to each
specific intervention. Figure inspired from [93]

will be supported by complementary technologies, includ-
ing computational phantoms, physiologically based phar-
macokinetic (PBPK) models, and virtual clinical trials. In
each case, Al offers a unique opportunity to improve every
step in developing a reliable TDT from data extraction to
inverse methods for personalization of TDTs. Table 1 sum-
marizes the clinical maturity, commercial implementation,
and remaining challenges of Al applications across the
cancer theranostic workflow.
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Table 1 (continued)

Main remaining challenges

FDA/Regulatory status

Commercial Al implementa-

tion

Clinical maturity

Al application

Theranostic workflow step

Regulatory approval, clinical

None

Low

Al-based Monte Carlo dose

validation, integration into

clinical workflow

calculation

Response assessment and Prognostication (Low) MIM Symphony® LDR™, FDA cleared Large prospective multicenter

Treatment monitoring and

studies, harmonization of

aPROMISE® longitudinal

analysis

Response assessment (moder-

ate)

prognostication

prognosis

imaging protocols, demon-

stration of clinical benefit

Integration of multimodal

None

Theranostic digital twins and ~ Conceptual/early research

Future directions

data, prospective validation,
regulatory framework

virtual clinical trials

Trustworthy Al and Clinical Translation

The successful adoption of Al in clinical practice also raises
important concerns [95, 96]. Operating as’black boxes’
makes its reasoning logic difficult to understand despite
their high predictive accuracy [95, 97, 98]. The Al should
be transparent, robust, fair, and safe to receive the clinician’s
trust. explainable Al (XAI) has therefore emerged as a key
research area focusing on improving transparency, trust, and
acceptance of Al in healthcare [98, 99].

XAI approaches include both inherently interpretable
models and post hoc explanation methods, such as Gradient
Weighted Class Activation Map (Grad-CAM) for visualizing
relevant image regions [100], and feature-importance tech-
niques like SHapley Additive exPlanations (SHAP) [101] and
Local Interpretable Model-agnostic Explanations (LIME)
[102]. However, the clinical value of XAl alone is still being
debated, as some researchers argue that rigorous validation
and risk assessment may be more important than explana-
tions alone [97]. In addition, clinical deployment also has
to protect patient privacy and hold up to ethical and regula-
tory scrutiny. External validation, prospective studies, and
ongoing quality checks matter, especially when the aim is to
achieve consistent performance across different hospitals and
patient groups. Finally, Al plays a supporting role. It should
be helping clinicians think, not replacing their judgment in
cancer theranostics.

Conclusion

AT has the potential to transform every stage of the cancer
theranostic workflow, from data acquisition and quantita-
tive image reconstruction to patient selection, personalized
dosimetry, treatment planning, and response assessment.
By addressing many of the current clinical and technical
bottlenecks, Al offers new opportunities to improve work-
flow efficiency, quantitative accuracy, and personalization
of radiopharmaceutical therapy. While several applica-
tions, particularly image reconstruction, segmentation,
and quantitative image analysis, are approaching clinical
implementation, many others remain at an early stage of
clinical translation. Future progress will depend not only on
advances in Al algorithms but also on standardized method-
ologies, prospective multicenter validation, explainable and
trustworthy Al, and seamless integration into routine clini-
cal workflows. Through continued collaboration between
clinicians, medical physicists, computer scientists, and
regulatory bodies, Al has the potential to enable truly per-
sonalized cancer theranostics and improve patient outcomes
and to form the foundation of the emerging discipline of
Computational Nuclear Oncology (CNO).
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