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A B S T R A C T

In medicine, digital twins (DTs) serve as computational models that replicate biological and physiological 
characteristics of a specific individual — whether a patient, an organ, or even a single cell — and simulate virtual 
biomedical experiments. DT-based simulations hold the potential to identify the most beneficial intervention at 
any given moment. A range of technological approaches has been explored across various medical fields, with 
oncology being one of the most suitable areas of application in view of the necessity of timely and personalized 
treatment decisions. Medical imaging, and especially nuclear medicine, might have a central role in the devel
opment of DTs. In this review we define digital twins, examine current evidence, and discuss opportunities that 
digital twins can offer in computational nuclear oncology. We also briefly summarize the state-of-the-art of DTs 
in other fields.

1. Introduction

Digital twin (DT) technology has a long history in engineering and 
industrial domains, where it has been used for more than a decade to 
support asset management, manufacturing processes, and aerospace 
systems [1,2]. Building on these foundations, the concept has increas
ingly migrated into the biomedical and healthcare fields, where it is 
undergoing a significant conceptual expansion [3]. While rooted in 
engineering paradigms, DTs in medicine must account for the unique 
complexity, variability, and multiscale nature of biological systems, thus 
requiring a broader interpretive framework that integrates computa
tional modeling, clinical data, and physiological principles.

In biomedicine, traditional population-based approaches rely on 
representative cohorts that share certain characteristics yet exhibit 
substantial heterogeneity in genotype, phenotype, and disease progres
sion [4]. However, the shift toward precision and personalized medicine 
has revealed the limitations of cohort-driven inference and underscored 

the need for individualized predictive tools. In this context, DTs serve as 
computational models designed to replicate the biological and physio
logical characteristics of a specific individual—whether a patient, organ, 
or even a single cell [5]. Beyond static data-driven analysis, DTs operate 
as dynamic, mechanistic-informed systems capable of generating bio
logically realistic synthetic data, simulating virtual biomedical experi
ments, and forecasting potential clinical trajectories.

A key innovation in medical DTs is the ability to generate digital twin 
cohorts: ensembles of individualized virtual models that simulate 
different therapeutic strategies, thereby approximating the outcomes of 
personalized “in-silico trials” [6]. At a given clinical timepoint, each 
twin represents a distinct intervention scenario—such as a surgical plan, 
medication regimen, or radiotherapy protocol—allowing clinicians to 
evaluate and compare treatment options before implementing them in 
the real world.

The DT paradigm can be extended into a Digital Twin System (DTS), 
defined as an adaptive and iterative framework that integrates real-time 
experimental or clinical data with synthetic data generated by the DT to 
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continuously refine predictions and optimize decision-making [5–8]. As 
illustrated in Fig. 1, the physical entity (e.g., patient, organ, tissue) 
generates empirical observations that inform inference models, while 
the virtual entity simulates prospective outcomes under different in
terventions. The feedback loop between real and synthetic data distin
guishes a DTS from conventional modeling approaches, transforming it 
into a continuously evolving predictive system.

Within this evolving landscape, the concept of the Virtual Human 
Twin (VHT) has emerged as a related and more specific application, 
focusing on multiscale digital representations of human physiology—
from cells to organs to whole-body systems. VHTs aim to replicate bio
logical, behavioral, and environmental factors to support personalized 
prevention, diagnosis, treatment planning, and medical training. While 
our manuscript adopts the broader DT terminology to encompass 
physiological, device-related, and workflow-oriented medical models, 
VHTs represent a clinically oriented subclass with a patient-centric focus 
that aligns closely with the goals of precision medicine [7].

Medical imaging demonstrates a central role in the development of 
DTSs. Indeed, imaging techniques provide high-dimensional, multi- 
modal, and continuously updating data. In the nuclear medicine thera
nostic paradigm, digital twins might be particularly useful. Combining 
general knowledge of the physical properties of the isotopes, pharma
cokinetics of radiopharmaceuticals, tumor heterogeneity-related bio
distribution, and patient-specific variables including systemic immune 
perturbations, lesion/healthy tissue size, and comorbidities, DT might 
ultimately overcome the limitations of the current practice and improve 
treatment outcomes, quality of life, and, ultimately, of the healthcare 
costs allocation [8–11].

This review provides an overview of medical DT applications, with a 
particular focus on AI-driven, imaging-based DT models and their role in 
supporting clinical decision-making and improving patient outcomes in 
oncology.

2. Methods

Given the evolving and interdisciplinary nature of DT research in 
healthcare, this work adopts a narrative review approach rather than a 
formal systematic review format. The objective of this section is not to 
exhaustively catalogue all publications but to provide a conceptual 
synthesis of the evolution and current landscape of DTs in medicine, 
with emphasis on imaging-based and oncology-related applications.

Relevant studies were identified through targeted searches using key 
terms associated with digital twins and computational nuclear medicine 
across major biomedical databases, with no start-date restrictions and 
coverage through December 31st, 2024. Initial exploratory searches 
employed broad terms (e.g., “digital twin”), which provided an over
view of the conceptual landscape but also retrieved many non-imaging 
and non-clinical applications. To refine the scope and ensure balanced 
and relevant coverage, additional focused queries were implemented by 
combining digital-twin terminology with imaging-specific terms such as 

PET, SPECT, nuclear medicine, theranostics, and dosimetry. Titles and 
abstracts were screened independently by multiple reviewers, followed 
by full-text evaluation for eligible articles. Studies outside the scope of 
medical DTs, non-original publications (e.g., reviews, commentaries, 
conference abstracts), and non-English articles were excluded. Refer
ence lists of included articles were examined to identify additional 
pertinent work. Included studies were analyzed based on clinical 
domain, imaging modality, radiopharmaceutical use, methodological 
approach, and primary objectives, and subsequently grouped into the
matic categories (oncology, cardiovascular, neuroscience, and surgery), 
with multidisciplinary studies reviewed separately.

Our selection and interpretation of the literature were additionally 
informed by the authors’ experience in the development and application 
of DT-related modeling frameworks in healthcare research, including 
work in imaging-based modeling, computational oncology, and 
theranostics-driven precision medicine. This perspective allowed us to 
critically interpret the terminology variability and conceptual frag
mentation still present in the field, and to highlight methodological and 
translational challenges relevant to future clinical deployment.

The resulting synthesis provides a structured narrative on. 

(i) the concept of DT in medical imaging with focus on
(ii) cardiovascular applications

(iii) neuroscience applications
(iv) surgical applications
(v) the concept of DT in computational nuclear oncology with focus 

on
(vi) diagnosis and staging

(vii) theranostic and dosimetry

3. Digital twin and medical imaging

DTs have been proposed to address problems in a wide variety of 
diseases. They can make use of non-imaging data, which include clinical 
history, laboratory test results, or data collected via wearable devices 
reporting on, for example, blood pressure, temperature, physical activ
ity, and oxygen saturation. These DTs have been proposed, for instance, 
for diabetes, infection, and inflammation management, as well as 
neuroscience [12–17]. DTs can also integrate data obtained from im
aging modalities, like computed tomography (CT), magnetic resonance 
imaging (MRI), positron emission tomography (PET), and single photon 
emission computed tomography (SPECT), which can provide (semi-) 
quantitative biomarkers. They can capture the underlying physiological 
and pathological molecular characteristics of cells, tissues, and organs. 
Vascular perfusion and permeability can be assessed by 
contrast-enhanced CT and MRI [18]. The motion of water in tissue and 
cellularity can be evaluated by diffusion-weighted MRI [19]. In PET, 
metabolism of glucose, amino acids, and lipids can be assessed using 
2-deoxy-2-[18F]fluoroglucose ([18F]FDG), [18F]F-tyrosine or [11C] 
methionine, and 11C- or 18F-labelled choline, respectively. Expression of 

Abbreviations:

artificial intelligence (AI)
Computed tomography (CT)
2-deoxy-2-[18F]fluoroglucose ([18F]FDG)
Digital Twin System (DTS)
Enzyme hexokinase (HK)
electrocardiogram (ECG)
Extended cardiac torso (XCAT)
1-(2Nitro-imidazolyl)-3-[18F]fluoro-2-propanol ([18F]FMISO)
Fibroblast activation protein (FAP)
Flow-limited oxygen-dependent (FLOD)

[18F]fluorothymidine ([18F]FLT)
Gastrin-releasing peptide receptor (GRPR)
Magnetic resonance imaging (MRI)
Positron emission tomography (PET)
Prostate specific membrane antigen (PSMA)
Physiologically based pharmacokinetic (PBPK)
Radioligand therapy (RLT)
Single photon emission computed tomography (SPECT)
Time activity curves (TACs)
Theranostic DTs laboratory (TDTLab)
Virtual Human Twin (VHT)
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various cell surface receptors on cancer cells and cancer microenviron
ment (e.g., somatostatin receptor, prostate specific membrane antigen 
[PSMA], fibroblast activation protein [FAP]) can be assessed by PET and 
SPECT [20]. PET radiopharmaceuticals can also be employed to mea
sure hypoxia and apoptosis [21]. Thanks to highly resolved spatial in
formation, anatomical and molecular imaging, based on radiological 
and nuclear medicine modalities, PET is increasingly used to develop 
image-aided digital twins. Image-derived quantitative parameters can 
be used as inputs to mathematical models that describe biological and 
physical dynamics. Consequently, image-guided digital twins have the 
inherent feature to provide spatiotemporal characteristics of the tissues 
and tumors [22], potentially improving the accuracy of diagnosis and 

prognosis, as well as provide opportunities to personally optimize 
treatment.

3.1. Imaging-based DT applications in cardiovascular system

A recent review summarized literature on cardiovascular system 
models illustrating various approaches to address specific diseases [23]. 
The reviewed models include those capturing biomechanical and elec
trophysiological characteristics of the heart, simulating the start of 
thrombus formation in the veins, planning of targeted ablation of 
tachycardia foci, mimicking heart failure, modelling arterial hemody
namics, developing models of the cardiovascular-respiratory system, 

Fig. 1. Digital Twin System definition. DTS is an integrated framework that combines real-world experimental data with a Digital Twin (DT) through analytical and 
inference methods, supported by a decision-making component (panel a). The DTS dynamically adapts its parameters, denoted as α(t), based on continuous input 
from both the physical experiment and decision-making processes. The time dependency (t) highlights the iterative nature of this system, allowing for real-time 
updates to experimental data and continuous refinement of predictions p(t) generated by analytical models. A key feature of the DTS is its bidirectional feedback 
loop: data flow not only from the experiment to the DT but also from the decision-making unit back to the experiment. This feedback mechanism enables opti
mization of the experimental process, guiding which scenarios to test and improving predictive accuracy. The figure illustrates a schematic representation of a DTS, 
showing how physical entities (experiments) and virtual entities (digital twins) interact. Both experimental and synthetic data are processed through analysis and 
inference methods, leading to actionable decisions and dynamically updated parameters α(t) for further refinement. This iterative cycle ensures continuous system 
learning and enhanced predictive insights, as demonstrated in various healthcare and medical applications. Panels b–e illustrate particular cases of DTs.
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and replicating the interactions between the cardiovascular and renal 
systems. In these works, MRI and CT imaging are the most common 
input data. In Ref. [24], automatic segmentation package for aortic 
valve stenosis has been proposed to model patient-specific anatomies 
and, in the long run, to be used to simulate virtual interventional pro
cedures. The authors used CT imaging as input and developed a fully 
automatic AI tool capable of reconstructing the DT geometry and 
analyzing the calcification distribution on the aortic valve. Dubs et al. 
[25] aimed to predict fractional flow reserve in extracranial internal 
carotid artery using CT angiography as input. Besides good performance 
in predicting peak systolic velocity, they discussed hyperemic simula
tions in a physiological range. In Ref. [26], authors estimated key ven
tricular activation properties, integrating electrocardiography and 
cardiac MRI as inference method. The results showed successful esti
mation of the ventricular speeds and earliest activation sites. Further
more, Azzolin et al. [27] assessed arrhythmia vulnerability via an 
automated framework, tested on 29 patients on MRI and 
electro-anatomical maps. The authors demonstrated that the proposed 
tool generated the fiber orientation and found local conduction veloc
ities. Lastly, Li et al. [28] proposed a platform integrating multi-modal 
data, such as cardiac MRI and electrocardiogram (ECG), for the infer
ence of tissue properties in myocardial infarction. The authors demon
strated that the model could capture complex relationship between 
infarct characteristics and electrophysiological features.

3.2. Imaging-based DT applications in neuroscience

DTs in neuroscience might allow the in-silico modeling of functions 
and pathology. In Ref. [29], a DT application was demonstrated for 
estimating the age of onset of disease-specific brain atrophy in patients 
affected by multiple sclerosis using brain MRI. The authors found the 
onset age of progressive brain tissue loss occurred, on average, 5–6 years 
earlier than the clinical symptom onset and discovered two patient 
clusters: earlier vs simultaneous onset of brain atrophy. In Ref. [30], 
Sampson et al. tested the ability of an algorithm using MR diffusion 
tensor imaging to predict patient-specific drug distributions by 
convection-enhanced drug delivery. This simulation algorithm was 
considered clinically useful in 85 % of cases to select catheter trajec
tories and thereby improve the efficacy of drugs. To generate DTs and 
virtual patient cohorts of cerebrovascular anatomy for in-silico studies 
and trials, Xia et al. [31] proposed an end-to-end generative adversarial 
network that can produce high-resolution 3D MR angiography using T1, 
T2, and proton density-weighted MR images. The results showed 
promise for use of the proposed approach to synthetize DT cohorts of 
cerebrovascular anatomy at scale.

3.3. Imaging-based DT applications in surgery

In neurosurgery, DTs, including neuronavigational methods, ro
botics, and image-guided surgical methods, showed great promise in 
reducing surgical complications and improving outcomes. Image-guided 
neuronavigation has been applied in the operative treatment of various 
neurological disorders, such as foraminal stenosis, intra-axial brain le
sions, arteriovenous malformations, and spinal stenosis. DTs have 
shown the potential to be more effective than conventional neurosur
gical approaches [32]. Recently, Shu et al. [33] evaluated a DT frame
work designed specifically for skull base surgeries. The framework 
combines optical tracking and real-time simulation, making it possible 
to integrate it into image-guided interventions. The system provided 
augmented surgical views and, during the drilling process, demon
strated an average error of 1.39 mm. Also, the system updates the virtual 
model in real time. In Ref. [34], the authors constructed MRI-based 3D 
biophysical DTs to plan microwave ablation for treatment of primary 
and secondary liver cancers. The system predicted ablation delivery in 
the livers (with 5 levels of fat content) in the presence of a tumor. The 
authors found that the account for patient-specific tumor tissue 

properties significantly influences the prediction of ablation zone 
coverage. Moreover, a case study of tibia fracture [35] demonstrated 
that a patient-specific finite element model approach using a post
operative 3D X-ray image can simulate fracture risk and guide post
surgical management.

4. Imaging-based DT for computational nuclear oncology

In oncology, DT can potentially improve the accuracy of diagnosis 
and prognosis, as well as provide opportunities to optimize treatment. 
Medical imaging, which is widely used for the purpose of screening, 
diagnosing, staging, therapy guiding, monitoring, and assessing 
response, represents one of the main sources of patient-specific infor
mation on tumor progression and response. Moreover, medical imaging 
provides serial assessments of the physical state of the patient and 
characteristics of the tumor. These can be used as the observational 
update data for a DT.

4.1. Imaging-based DT applications in diagnosis and staging

Initial experiences have demonstrated that mathematical models can 
estimate tumor-specific parameters of proliferation and invasion in pa
tients with glioblastoma [36], identify patient-specific and spatially 
varying net-proliferation rates and tumor cell diffusion in breast cancer 
patients [37], and identify alternative therapeutic regimens that were 
hypothesized to outperform the standard-of-care for each individual 
patient affected by breast cancer [38].

Nuclear medicine offers the advantage to explore different biological 
mechanisms, pathways, and targets, using specific radiopharmaceuti
cals. However, the selection of the most appropriate radiopharmaceu
tical is dictated by guidelines and availability [20], with logistics 
frequently playing a significant role in decision-making. DTs provide an 
alternative characterization approach at patient-level (i.e. 
physiology-based pharmacokinetic modeling). In the context of solid 
tumors, Wang et al. [39] have established a framework to model the 
pathways of glucose metabolism and lactate oxidation in order to 
establish the quantitative relationship between the expression of several 
transporters (GLUT, MCT1, and MCT4), the expression of the enzyme 
hexokinase (HK), the microvasculature and the metabolism of glucose or 
lactate, and extracellular pH distribution. Based on this in silico 
modeling, they simulated the spatiotemporal uptake of [18F]FDG during 
PET imaging [40]. Similarly, Shi et al. [41] used experimental data to 
optimize the reaction-diffusion modeling of 1-(2Nitro-
imidazolyl)-3-[18F]fluoro-2-propanol ([18F]FMISO) PET imaging to 
highlight hypoxia. Based on the comparison between the simulated 
dynamic uptake of tracer and the actual dynamic PET scan of nude mice 
with xenograft tumor models, a flow-limited oxygen-dependent (FLOD) 
model [42] was developed to improve the matching between measure
ments and simulations as an extension to the Kelly & Brady model [43]. 
For the development of precise physiological quantification to improve 
dosimetry-guided treatment planning for radioligand therapy, Segars 
et al. [44] developed a computational simulation work of virtual patient 
based on 4D extended cardiac torso (XCAT) human phantoms and 
physiologically based pharmacokinetic (PBPK)-based reaction-diffusion 
modelling. A recent study [45] extended the histology-driven simulation 
framework to consider the opposing effects of fibrosis on tracer delivery, 
by considering the different diffusivity properties in the tissue. For proof 
of concept, they simulated the [18F]fluorothymidine ([18F]FLT) time 
activity curves (TACs) of lesions from patients with pancreatic ductal 
adenocarcinoma and intraductal papillary mucinous neoplasm. The 
preliminary results confirmed that the simulation can capture the 
phenotype differences and generate different characteristic TACs 
reflecting the underlying delivery and uptake situations. This simulation 
further enhanced the investigation of the detection on 4D imaging 
approach, suggesting the prognostic power of time-varying biomarkers. 
Towards the exploitation of DT for early diagnosis, Cavinato et al. [46] 
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recently proposed an innovative end-to-end in-silico framework linking 
[18F]FLT PET-derived biomarkers to biological tissue properties in 
healthy pancreas, pancreatic intraductal papillary mucinous neoplasm, 
and pancreatic adenocarcinoma. Their in-silico framework modeled 
patient-specific PET images by simulating tissue parameters like fibrosis 
and perfusion and allowed to extract biomarkers to be validated against 
simulated biological properties to evaluate their predictive value. 
High-resolution tissue maps of each sample revealed distinct tissue 
characteristics, with corresponding differences in [18F]FLT uptake pat
terns. This approach underscored the significant impact of individual 
biological properties on PET imaging findings. It allowed identifying 
biological underpinnings of radiomics features, paving the way for 
better patient stratification and personalized treatment oncology, 
particularly in cancers with complex microenvironments like pancreatic 
ductal adenocarcinoma.

4.2. Imaging-based DT applications in theranostics and dosimetry

Nuclear medicine therapy relies on the administration of pharma
ceuticals labelled with radionuclides (radiopharmaceuticals) that, tar
geting specific molecules, deliver radiation to cells expressing the target. 
In recent years, theranostics, which combines diagnostic imaging and 
therapy employing paired radiopharmaceuticals (i.e., the same 
biochemical core labelled to a radionuclide, respectively, for imaging 
and for treatment), has been proved effective and well tolerated. Pre- 
treatment imaging assesses tumor burden and confirms treatment 
eligibility demonstrating in-vivo expression of the target. Despite the 
efforts to develop treatment response prediction or prognostication 
models, the lack of ready-to-use tools has hindered the implementation 
of quantitative assessment and personalization prior to therapeutic 
radiopharmaceutical administration. Individualized dosimetry conver
sion through Monte Carlo simulation factors of radioactive emission 
counts of therapeutic radiotracer in a region of interest imaged at 
different time points, integrated with pharmacokinetic modeling, to 
absorbed dose at the tissue/lesion [47] has been proposed to tailor pa
tient treatment; however, it is not standard practice.

Challenges commonly associated with modeling radiation dosimetry 
include, among others, variability in calculation methodology, as
sumptions based on historical data, possible inconsistency between the 
biodistribution and kinetics of therapeutic and diagnostic radiophar
maceuticals, and limited knowledge on radiobiology [11]. Indeed, sig
nificant differences in absorbed dose results have been reported when 
stylized and voxel-based models (i.e., models containing 
simplified-geometries organs and anatomically realistic voxel-based 
models obtained from tomographic or digital cryosections, respec
tively) [48–51].

Preclinical dosimetry using small animals has become increasingly 
common for developing new theranostic agents and linking absorbed 
doses to biological effects in preclinical theranostic models [52,53]. The 
generation of digital animal models, optimizing the calculation of 
organ-absorbed doses, has significantly enhanced the accuracy and 
utility of preclinical applications of dosimetry in the theranostic setting 
[54].

The ability of DT to quantitatively assess and monitor variations in 
the nonuniform distribution of radiopharmaceuticals, absorbed doses, 
and radiobiology might predict treatment response and toxicity at the 
patient level. To this aim, the theranostic DTs laboratory (TDTLab), an 
open-source, user-friendly software platform has been developed and 
released [55]. TDTLab allows users to access ready-to-use published 
models or implement new custom models. It also includes a library of 
realistic parameters from the literature and patient data, streamlining 
the model development and analysis process. Abdollahi et al. [56,57] 
recently proposed a DTs theranostic multi-steps model. It included three 
main components: i) a radiopharmacokinetic engine (to predict the 
physical dose and secondary risk, and also control the pharmacokinetic 
and injection profile through analyzing patient data, including imaging, 

lab tests, and other clinical measurements), ii) a radiobiological opti
mizer (this module with improved biological dose and clinical outcomes 
prediction adding radiobiological data such as radiosensitivity, repair, 
and proliferation capacities using lab tests or other measurements), and 
iii) an immunological modulator (considering immune factors derived 
from lab tests and other measurements aimed at evaluating tumor 
microenvironment characteristics, immunological cell death, antigen, 
and cytokine expression to improve and personalize the model). The 
simulations revealed that Lutetium-177 provides more uniform dose 
distributions than Actinium225 due to the broader range of β particles 
with respect to α particles. However, the dose distribution for both α and 
β emitters in poorly vascularized domains is heterogeneous and the 
resulting dose delivered to the hypoxic tissues is suboptimal for both 
[177Lu]-PSMA-ligands and [225Ac]-PSMA-ligands. For both α and β 
emitters, a higher degree of oxygenation corresponds to a lower cell 
survival probability, being the efficacy of the [225Ac]-PSMA-ligands 
therapy higher than that of [177Lu]-PSMA-ligands. The findings high
light that tumor vascularization significantly impacts the dose distri
bution and effectiveness of PSMA radioligand therapy (RLT), 
particularly in hypoxic areas. Very recently, Hong et al. [58] tackled a 
similar problem and described their in-silico experience with spatial 
transcriptomics, modeling—at the cellular level—a method for dosim
etry and biological effects of RLT in prostate cancer. They applied spatial 
transcriptomics to prostate cancer tissue samples to map the expression 
of hypoxia-related genes, malignant and endothelial cells, as well as key 
targets for RLT, including PSMA, FAP, and gastrin-releasing peptide 
receptor (GRPR). These data were used to model the spatiotemporal 
biodistribution of radiopharmaceuticals, generate absorbed dose maps, 
and analyze dose-volume histograms, ultimately estimating cell survival 
probabilities while accounting for dose and hypoxia information. In this 
study, [225Ac]-PSMA RLT demonstrated greater efficacy than 
[177Lu]-PSMA, highlighting its potential to overcome hypoxic micro
environments. The strong negative correlation between PSMA density 
and cell survival rate, particularly pronounced with Actinium-225, un
derscores the complexity of RLT and the need to consider ligand-specific 
responses for optimal therapeutic outcomes. When the in-silico 
PSMA-based RLT model was compared with those targeting FAP and 
GRPR, Actinium-225 consistently outperformed Lutetium-177 across 
targets, though FAP and GRPR displayed distinct spatial response pat
terns. Notably, tumor cell-rich regions exhibited lower FAP expression, 
leading to resistance to RLT in those areas. Overall, PSMA-targeted RLT 
showed superior therapeutic efficacy compared to those targeting FAP 
and GRPR. These findings highlight the diverse responses to radionu
clides and targets, emphasizing the importance of tailored strategies in 
theranostics.

5. Discussion

Applications of DTs span over all medical fields in cardiovascular 
diseases, neuroscience, surgery, and nuclear medicine. DTs enable 
modeling various scenarios, such as drug administration or surgical 
procedures, or simulation of hypothetical molecular, cellular, and clin
ical states over time. Multiple simulations can explore different condi
tions, resulting in a DT cohort in which each twin represents a specific 
experimental condition. These simulations provide a powerful means to 
predict outcomes and improve personalized medicine, by exploring all 
possible solutions in silico [59]. A key application of DTS emerges in 
oncological treatments, where patient-specific decision making is crit
ical to optimize therapy selection and improve outcomes.

From the literature review, numerous gaps in knowledge, method
ological limitations, and barriers to clinical translation emerge. Many of 
the DTs described in the literature adopt a structure without the 
connection between the experimental data and the analysis method, or 
without the feedback loop between the decision-making unit and the 
experiment. In this streamlined form, the DTS functions as a linear 
sequence: starting with the experiment, progressing through the DT and 
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the analysis method, and culminating in decision-making. The absence 
of feedback is often attributed to factors such as the prolonged time
scales required for data collection, which can be challenging to access, 
or the high costs of managing huge unstructured datasets, leading to 
partial observations. These structures should be referred to as digital 
shadows rather than digital twins.

Unlike conventional simulations, the interactions between the 
components of a DTS are necessary to enable iterative data integration 
for informed decision-making, positioning the DTS as a system funda
mentally designed for decision-making. In this context, feedback loop
s—i.e., bidirectional integration of real-world clinical or experimental 
data into the DT—are essential to refine predictions and ensure the twin 
evolves in synchrony with the patient's status. Moreover, an often 
overlooked but equally important aspect is the quantification of uncer
tainty in the outputs of the DTS, particularly when these are derived 
from data-rich but variable sources such as imaging modalities. Given 
the heterogeneity in image acquisition protocols, resolution, and seg
mentation algorithms, it becomes crucial to explicitly model and 
communicate the uncertainty associated with imaging-derived inputs 
and inferences. Doing so not only enhances the reliability and robustness 
of the DTS but also increases clinical trust in the system's 
recommendations.

Due to limitations in biological knowledge, DTs are not perfect 
replicas; however, they hold the promise to progressively approach a 
real system as we integrate data from different and multi-scale sources. 

Indeed, a DTS has the potential to integrate population-level oncology 
data with patient-specific dynamic data to refine treatment strategies 
over time. Population-level data, including genomics, histopathology, 
imaging, and survival models, serve as a digital template to build the DT 
of an individual patient. The patient's dynamic clinical data, such as 
molecular biomarkers, imaging findings, and treatment responses, are 
continuously fed into the DT model. The DTS runs iterative inference 
cycles, using updated patient data to simulate different treatment sce
narios. These simulations help predict tumor progression, response to 
therapy, and potential side effects. At each clinical decision point, the 
DTS supports informed decision-making, helping oncologists person
alize treatment plans by selecting the most effective interventions based 
on predicted patient-specific outcomes. This workflow is illustrated in 
Fig. 2. This dynamic and adaptive approach ensures that oncological 
treatments are continuously optimized as new data become available, 
allowing for a more personalized and precise path in cancer care. DTS 
models in oncology hold particular promise in radiotherapy planning, 
chemotherapy response prediction, and nuclear medicine applications, 
where imaging-based DT models can provide non-invasive insights into 
tumor biology and treatment response.

A critical challenge in developing reliable image-based DTs lies in 
the sparsity of imaging data, both in the longitudinal domain—where 
imaging is often acquired at irregular intervals or only at key clinical 
milestones—and in the spatial domain, where resolution limitations or 
incomplete anatomical coverage may lead to partial observations. This 

Fig. 2. Conceptual framework of a Digital Twin in computational nuclear oncology for personalized cancer care: this figure illustrates a computational framework 
leveraging Digital Twin technology to support personalized decision-making throughout the cancer care pathway. The process flows from left to right, beginning with 
population-level data and culminating in individualized, dynamic clinical decisions. Left Panel – Foundational Data Integration: the pipeline starts with the ag
gregation of population data, including genomic information, medical imaging, clinical guidelines, molecular diagnostics, and historical treatment outcomes. These 
diverse data sources inform the construction of a digital template — a generalized, modular model representing anatomical and physiological structures and typical 
disease progressions. Middle Left – Personalization through Dynamic Patient Data: this digital template is customized with dynamic patient-specific data such as 
individual imaging, histopathology, omics data (genomics, proteomics), and electronic health records (EHRs). The integration of these data layers results in the 
generation of a Digital Twin — a virtual replica of the patient that evolves in real-time as new data are acquired. Right Panel – Inference and Clinical Decision 
Support: the Digital Twin undergoes iterative inference cycles, where advanced computational modeling, machine learning, and data assimilation techniques 
continuously update predictions regarding disease evolution, therapy response, and toxicity risks. At each key decision point in the cancer care continuum — 
including diagnosis, treatment planning, therapy monitoring, and follow-up — the model informs informed decision-making, enabling clinicians to simulate in
terventions and evaluate personalized treatment strategies virtually before applying them in real life. As care progresses, clinical outcomes are fed back into the 
Digital Twin, enhancing the accuracy of future predictions through continuous learning. This feedback-enabled adaptive system transforms the static standard-of-care 
approach into a dynamic, patient-specific model that supports precision oncology. The iterative refinement of the Digital Twin ensures that therapeutic interventions 
are both personalized and optimized over time.
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data sparsity can significantly impair the ability of the DT to capture 
disease progression with sufficient granularity or spatial fidelity, 
particularly in applications such as tumor growth modeling or treatment 
response assessment. To address these limitations, machine learning and 
statistical modeling approaches offer powerful tools for enhancing 
image-based DTs. For instance, generative models (e.g., variational 
autoencoders, GANs) can be used to infer missing spatial information or 
simulate intermediate time points, effectively densifying sparse imaging 
series. Similarly, probabilistic models can propagate uncertainty and 
impute unobserved regions or time points while maintaining physio
logical plausibility. These techniques not only help mitigate the impact 
of sparse data but also improve the robustness and continuity of the DT's 
evolution over time [60].

Although current medical DTs primarily function as high-fidelity 
predictive models calibrated to individual patients, the field is rapidly 
evolving toward systems with more autonomous and proactive capa
bilities. As digital twins become increasingly integrated with real-time 
clinical data streams, multimodal imaging, and advanced AI architec
tures, they are expected to transition from passive simulators into 
interactive and agentic digital companions that support medical 
decision-making [61].

Emerging developments such as VHTs exemplify this shift, empha
sizing multiscale physiological representation, patient-specific learning, 
and integration across biological, behavioral, and environmental layers. 
Parallel advances in agentic AI and clinical decision-support systems 
indicate that future DTs may not only anticipate disease trajectories, but 
also evaluate treatment strategies, propose optimized interventions, and 
engage in continuous dialogue with clinicians and patients. This reflects 
a broader paradigm transition in medicine—from AI as a diagnostic tool 
to AI as a co-adaptive clinical partner.

Realizing this vision will require rigorous validation, transparency in 
algorithmic reasoning, and ethical frameworks that ensure safety, 
explainability, accountability, and patient trust. Nonetheless, these 
emerging directions underscore the transformative potential of DTs and 
VHTs to evolve into dynamic and intelligent entities capable of sup
porting high-precision, personalized, and anticipatory healthcare.

The success of digital twin technology depends on a robust data 
infrastructure, advanced computational models, clinical validation, and 
regulatory compliance. Multi-modal data — including genomics, imag
ing, health records, histopathology, biomarkers, and liquid biopsy — 
must be collected in a structured and standardized manner to ensure 
interoperability and scalability. To reliably approximate biophysical 
processes, gaps in knowledge regarding tumor growth, evolution 
models, and cellular and molecular pathways must be addressed. 
Additionally, pharmacokinetic and pharmacodynamic models need to 
be further elucidated to build robust and accurate predictions for drug 
response. The processing power required for large-scale simulations may 
emerge as a key challenge. Consequently, its impact on energy sus
tainability could become a critical concern in the future. Therefore, joint 
efforts among all stakeholders —including policymakers, industry 
leaders, academia, patients, and regulatory bodies — must be coordi
nated to ensure technological competitiveness and long-term societal 
well-being. As AI and computing technologies continue to evolve, DTs 
will play a crucial role in the future of precision oncology.
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