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Abstract

Background As global cancer incidence and mortality rise, digital twin technology in precision medicine offers new
opportunities for cancer treatment.

Objective This study aims to systematically analyze the current applications, research trends, and challenges of digi-
tal twin technology in tumor therapy, while exploring future directions.

Methods Relevant literature up to 2024 was retrieved from PubMed, Web of Science, and other databases. Data
visualization was performed using R and VOSviewer software. The analysis includes the research initiation and trends,
funding models, global research distribution, sample size analysis, and data processing and artificial intelligence
applications. Furthermore, the study investigates the specific applications and effectiveness of digital twin technology
in tumor diagnosis, treatment decision-making, prognosis prediction, and personalized management.

Results Since 2020, research on digital twin technology in oncology has surged, with significant contributions

from the United States, Germany, Switzerland, and China. Funding primarily comes from government agencies, par-
ticularly the National Institutes of Health in the U.S. Sample size analysis reveals that large-sample studies have greater
clinical reliability, while small-sample studies emphasize technology validation. In data processing and artificial intelli-
gence applications, the integration of medical imaging, multi-omics data, and Al algorithms is key. By combining mul-
timodal data integration with dynamic modeling, the accuracy of digital twin models has been significantly improved.
However, the integration of different data types still faces challenges related to tool interoperability and limited stand-
ardization. Specific applications of digital twin technology have shown significant advantages in diagnosis, treatment
decision-making, prognosis prediction, and surgical planning.

Conclusion Digital twin technology holds substantial promise in tumor therapy by optimizing personalized treat-
ment plans through integrated multimodal data and dynamic modeling. However, the study is limited by factors

such as language restrictions, potential selection bias, and the relatively small number of published studies in this
emerging field, which may affect the comprehensiveness and generalizability of our findings. Moreover, issues related
to data heterogeneity, technical integration, and data privacy and ethics continue to impede its broader clinical
application. Future research should promote international collaboration, establish unified interdisciplinary standards,
and strengthen ethical regulations to accelerate the clinical translation of digital twin technology in cancer treatment.
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Introduction
Cancer is the second leading cause of death worldwide,
accounting for approximately one-sixth of all deaths
[1]. This statistic is primarily due to the complexity of
cancer and its high heterogeneity as a multi-cellular
ecosystem [2, 3]. Such heterogeneity is evident not
only between different cancer types but also in how a
single cancer type affects different patients [4]. Under-
standing the interactions between various cell types
within tumors and their roles in tumor evolution is key
to effective treatment [5, 6]. Despite recent advance-
ments in cancer treatment, existing therapies still fail
to deliver satisfactory outcomes for different patients,
particularly within the context of precision oncology
and molecular phenotyping (such as genomics and pro-
teomics), underscoring the need for continued research
and development [7]. Additionally, current treatment
strategies often follow a “one-size-fits-all” approach,
lacking truly personalized therapeutic options [8].
Against this backdrop, the emerging concept of digi-
tal twin (DT) technology has garnered widespread
attention in oncology [9]. Initially applied in aerospace
and manufacturing, a digital twin refers to a math-
ematical model constructed using real-time data that
provides a virtual representation of a specific physical
object, enabling the prediction of its behavior under
various external conditions and optimizing future
decision-making [10-14]. When applied to healthcare,
the comprehensive report Foundational Research Gaps
and Future Directions for Digital Twins by the National
Academies defines digital twins as ’‘computational
models created for the human body or its parts, which
establish a bidirectional connection with the patient’s
system and are calibrated through periodic data col-
lection to dynamically predict the patient’s health sta-
tus’ [15]. The application of this technology in cancer
treatment is particularly notable [16]. Its advantages
lie not only in integrating genetic information, clini-
cal history, and imaging data to create highly person-
alized cancer digital twin models but also in its ability
to precisely simulate tumor molecular dynamics and
treatment responses through multiscale models and
advanced machine learning algorithms [17]. Based on
this platform, medical experts can rehearse and opti-
mize treatment plans in a virtual environment, track
patient progress in real time, and significantly enhance
treatment outcomes and quality of life [18].

Although digital twin applications in oncology are
still in their infancy, the integration of digital twin
technology into tumor dynamics and personalized
care is gaining attention as experimental technologies
and advancements in mathematics and computer sci-
ence continue to evolve [19]. For example, the Gilbert-
son team [20] is developing the world’s first computer
model capable of spatially and temporally sensing the
development of both normal and malignant tumors,
aiming to identify efficient and low-toxicity treatment
options for pediatric cancers. Wickramasinghe et al.
[21], based on systems and mathematical modeling the-
ories, proposed three digital twin models—gray-box,
agent-based, and black-box—and explored the potential
application of the black-box model in personalized care
for uterine cancer. Additionally, a collaborative project
initiated by the National Cancer Institute and the U.S.
Department of Energy is focusing on the construction
of patient-specific cancer digital twins, which provides
a robust foundation for personalized cancer treatment
[22].

Meanwhile, an increasing number of empirical stud-
ies have demonstrated the potential application value
of digital twin technology in cancer treatment. For
instance, the model developed by Wu et al. [23] inte-
grates MRI data with biologically-based mathematical
models, not only achieving precise prediction of neo-
adjuvant chemotherapy response in triple-negative
breast cancer (TNBC) patients but also significantly
outperforming traditional tumor volume measurement
methods in predicting pathological complete response
(PCR). Similarly, Kim et al. [24] developed a two-stage
model that combines digital twins with machine learn-
ing, successfully capturing patient-specific, spatiotem-
poral dynamics of TNBC response to neoadjuvant
systemic therapy (NAST), providing highly accurate
predictions of NAST response. These successful cases
not only highlight the immense potential of digital
twins in precision oncology and clinical decision sup-
port systems but also lay a solid practical foundation
for the future development of personalized medicine.

Given the immense potential of digital twins in can-
cer research, it is particularly important to compre-
hensively explore their scope of application. Therefore,
this study aims to synthesize existing knowledge and
analyze the extent of research on digital twins in the
field of oncology. Through bibliometric analysis, we
will examine trends in the total volume of publications,
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the distribution of research funding, active research
countries, and collaborative networks to provide an
overview of the current state and future directions of
digital twin research in oncology. Furthermore, within
the framework of a scoping review, this paper will eval-
uate the specific applications of digital twin technol-
ogy in cancer treatment and explore the challenges and
future research opportunities by analyzing emerging
real-world cases.

As an emerging personalized medical technology, digi-
tal twin technology shows great promise in oncology. To
provide a thorough analysis of its application status, tech-
nical challenges, and future directions, this paper focuses
on the following key questions:

1. What are the research trends, active countries, col-
laborative networks, and funding distributions for
digital twins in the oncology field?

2. What are the characteristics of sample size distribu-
tion in current studies, and how does it relate to data
sources and clinical applications? Is there a signifi-
cant difference in sample sizes across different cancer
types?

3. How does digital twin technology utilize multi-
source data (such as imaging data and omics data) in
tumor therapy? What is the role of Al algorithms in
this process?

4. What are the main application scenarios and effec-
tiveness of digital twin technology in oncology?

5. What are the key challenges faced by digital twin
technology in oncology, and what are the future
research directions?

Furthermore, to visually present the core logic and
working mechanism of digital twins in oncology, a con-
ceptual framework diagram of tumor digital twins (see
Fig. 1) has been designed. This diagram systematically
illustrates the process from multi-modal data collection
to personalized treatment feedback optimization.

Methods

This study employs a combination of bibliometric analy-
sis and a scoping review to comprehensively assess the
research status of digital twin technology in tumor ther-
apy. In the bibliometric section, the framework proposed
by Cobo et al. [25] was followed. The scoping review was
designed and conducted according to the PRISMA-ScR
guidelines [26]. Specific research methods include litera-
ture retrieval, screening, and analysis, as well as data pro-
cessing and visualization.
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Data sources and search strategy

To ensure comprehensive retrieval and account for the
interdisciplinary nature of tumor digital twins, we con-
ducted a literature search across five major databases:
PubMed, Web of Science, Scopus, Embase, and IEEE
Xplore. Prior to the official search, all research team
members participated in professional training based on
the "Medical Literature Information Retrieval [27]” text-
book. In collaboration with librarians, oncologists, and
medical informaticians, we developed the search strat-
egy. The search strategy was based on the definitions
provided in the BEST [28] vocabulary, with core search
terms including "digital twin" and "tumor,” combined
using Boolean operators (such as AND, OR). To ensure
comprehensiveness, we also reviewed the reference lists
and cited articles of relevant literature. Furthermore,
to avoid bias due to data updates, the cutoff date for all
search results was set to October 13, 2024. Literature
management and duplicate removal were performed
using EndNote software. For the detailed search strategy,
please refer to Supplementary Material 1.

Inclusion and exclusion criteria
Inclusion criteria

+ The literature must clearly research the application
of digital twin technology in the tumor field (e.g.,
diagnosis, treatment, prognosis prediction), covering
technical development or real-life cases.

+ The included literature must focus on the technical
framework, data integration methods, or algorithm
optimization processes of digital twins, with at least
one tumor-related experimental or clinical applica-
tion.

+ The literature must be peer-reviewed articles pub-
lished in English.

Exclusion criteria

+ Studies that cannot be accessed in full.

+ Duplicate publications.

« Studies unrelated to tumors, such as those limited to
engineering or industrial applications of digital twin
technology.

« Literature that does not clearly provide research
methods or data sources, particularly models or algo-
rithms that cannot be reproduced.

Screening strategy
Prior to the formal inclusion or exclusion of studies,
three reviewers (SS, WQ, and XL) randomly selected 30
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Fig. 1 Tumor Digital Twin. The entire system forms a dynamic closed-loop, ensuring that each stage of tumor treatment is updated and optimized
based on real-time data. Each arrow represents the flow and feedback of information, helping clinicians continuously adjust treatment plans
through the virtual model to provide more precise, personalized therapy. This closed-loop system enables clinicians to make the most appropriate
adjustments during the treatment process based on the latest data, improving treatment efficacy and minimizing side effects

studies for preliminary screening to assess the reliability
of the screening process. The final Cohen’s kappa value
was 0.89, indicating high consistency, and no adjust-
ments were made to the inclusion/exclusion criteria or
the reviewers. During the formal independent screening
process, any discrepancies were ultimately resolved by
SL, who intervened in the decision-making. The screen-
ing and verification process was completed on November
2, 2024, with 68 studies ultimately included. The detailed
screening process is shown in Fig. 2, and the detailed
information of the included literature can be found in
Supplementary Material 2.

Data processing and analytical framework

To systematically analyze the research status and future
prospects of digital twin technology in oncology, this
study established the following analytical framework to
ensure comprehensiveness and systematic coverage:

Bibliometric analysis

This section employs bibliometric methods, involv-
ing data cleaning and analysis, to examine the research
trends and development of digital twin technology in
the oncology field. As digital twin technology is still in
the early stages of exploration in oncology, the number
of relevant publications is limited. Therefore, the analy-
sis focuses on the following aspects:

 Research Initiation and Trends The number of pub-
lications from 2020 to 2024 was analyzed, exploring
the characteristics and early development trajec-
tory of digital twin technology as it extends from
general fields to oncology.

+ Geographical Distribution By analyzing the geo-
graphical information of authors and institutions,
the primary research centers and active countries
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in the early stages of digital twin technology in

oncology were identified.

+ Funding distribution The funding sources reported
in the literature were analyzed, particularly the

funding support from governments and multi-
national research organizations during the early
stages of the technology.
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Scoping review

This section synthesizes existing literature to discuss the
application and development trends of digital twin tech-
nology in tumor therapy. Unlike the bibliometric analy-
sis, this section does not involve complex data analysis or
statistical methods but focuses on the following aspects:

+ Sample Size Analysis Based on existing literature
and the specific needs of oncology [29, 30], the stud-
ies were classified into small sample size (<50 cases),
medium sample size (50-500 cases), and large sam-
ple size (>500 cases). Sample size directly affects the
reliability and generalizability of digital twin research
in oncology [31, 32].

+ Data Processing and Al Application Analysis Digi-
tal twin applications rely heavily on multi-source,
multi-modal data integration and AI algorithms [17].
This section systematically analyzes the use of medi-
cal imaging, omics data, and Al algorithms in digital
twin technology.

o Theme Classification Analysis Based on the specific
application scenarios of digital twins, the research
was categorized into seven major areas: diagnosis,
treatment decision-making, prognosis prediction,
surgical planning, drug development and virtual tri-
als, tumor microenvironment analysis, and personal-
ized management.

Analysis tools

Given the large volume of data, human error in statisti-
cal calculations may occur, and manual analysis often
faces challenges. Furthermore, traditional single-tool
analysis often suffers from low granularity [33, 34]. To
ensure completeness and high granularity, a multi-tool
bibliometric analysis strategy was employed. Specifically,
the analysis utilized tools such as VOSviewer [35] (Ver-
sion 1.6.19), Gephi (Version 0.10.1), and Cortext (Gus-
tave Eiffel University). In terms of layout and enhanced
visualization, ScimagoGraphica [36] (Version 1.0.16) was
used. Data processing, analysis, and visualization were
performed using Origin2024, networkD3, and ggplot2 R
software packages. Detailed analysis strategies and data
cleaning methods are provided in Supplementary Mate-
rial 1.

Results

Annual publication trends

The temporal distribution of the literature reflects the
research trend of digital twin technology in the oncol-
ogy field. The number of publications increased annu-
ally from one in 2020 to 27 in 2024, with a significant rise
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after 2022. This trend indicates that with the advance-
ment of technology and policy support, digital twin
technology in oncology is receiving increasing attention
and investment. In terms of research topics, early stud-
ies were more focused on concepts and theoretical explo-
ration. For example, Zhang et al. (2020) [37] proposed a
framework for applying digital twins in lung cancer diag-
nosis, combining physical rendering technology and deep
learning models to provide dynamic simulation and pre-
diction tools for precision medicine. Béthencourt et al.
[38] designed a digital twin-based connected device to
monitor the occurrence and development of post-oper-
ative lymphedema in breast cancer patients, providing
a technical reference for early detection and dynamic
monitoring in oncology. Later studies, however, have
been more focused on practical applications and clini-
cal validation. For example, Wang et al. [39] integrated
patient data and interview information to develop a digi-
tal twin for ovarian cancer patients and caregivers, opti-
mizing the health information recommendation system
and addressing the issue of insufficient clinical data in the
early stages. Obergfell et al. [40] used a target trial simu-
lation framework to compare planned and unplanned
resections and their effects on recurrence and survival in
sarcoma patients, providing a real-life example of digital
twin application in surgical decision-making.

Country analysis

Figure 3A shows the geographical distribution of digital
twin technology publications in oncology, with 27 coun-
tries publishing related research. The size of the circles
in the figure represents the publication volume of each
country, while the colors differentiate the publication
quantities. The map illustrates that, despite being in its
early stages, the field exhibits a certain degree of global
distribution. The United States (n=28) leads the field,
indicating its dominant role in combining digital twin
technology with oncology research. Germany (n=14),
Switzerland (n=10), and China (n=10) have also con-
tributed significantly, reflecting the research strength
and interest in this emerging field within these countries.
From a regional perspective, North America, Europe, and
Asia are the primary research hubs. While the United
States remains dominant in international research, Euro-
pean countries such as the United Kingdom and Ger-
many have formed a robust research cluster that supports
the widespread development of this technology.

Figure 3B shows the network diagram of international
cooperation, further revealing the distribution of col-
laborative relationships. The thickness of the lines repre-
sents the strength of collaboration. The diagram indicates
that the U.S. is not only the leading country in publica-
tion volume but also a central hub in the global research
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Fig. 3 Productivity and International Cooperation in Digital Twin Research in Oncology. A Geographical distribution map of publications
by country. B International cooperation network diagram between countries

cooperation network, with strong ties to Italy, the United
Kingdom, Germany, China, and several other countries.
European nations (such as the UK, Germany, and Italy)
also exhibit close collaboration, forming stable research
networks. China’s collaborations with major Western
countries (such as the U.S. and Germany) are prominent,
showing China’s increasing integration into the global
research landscape.

Funding analysis

A total of 49 studies (49/69, 71.01%) received fund-
ing, with a total of 104 instances of funding. On aver-
age, each funded project received 2.12 funding sources.
These funds came from 66 different sources. As shown in
Table 1, the major funding source was the U.S. National
Institutes of Health (NIH), which provided 10 fund-
ing instances (10.4%), followed by the OPO Foundation,
Margrit Weisheit Foundation, and Parrotia Foundation
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Table 1 Top 8 funding sources in digital twin research in oncology

Rank Funding source Frequency Country

1 National Institutes of Health 10 United States
2 OPO Foundation 4 Switzerland
2 Margrit Weisheit Foundation 4 Switzerland

2 Parrotia Foundation 4 Switzerland
5 MD Anderson Cancer Center 3 United States
5 Cancer Prevention and Research Institute of Texas 3 United States
5 National Science Foundation 3 United States
5 National Natural Science Foundation of China 3 China

from Switzerland, each contributing four funding
instances. Among the top eight funding agencies, four
are U.S. government departments, such as the NIH and
National Science Foundation, indicating the prominent
role of U.S. government funding in this field.

Additionally, we categorize all funding sources into
government grants, funding from non-profit organiza-
tions and foundations, corporate funding, support from
international organizations, funding from universi-
ties and research institutions, and individual contribu-
tions. As shown in Fig. 4A and 4B, government funding
is the primary source of financial support, accounting
for 52.88% of the total funding instances. University and
research institution funding accounted for 18.27%, while
corporate and private funding represented a smaller por-
tion of the total funding.

Sample size analysis

To comprehensively evaluate the scope, representative-
ness, and application trends of digital twin technology
in oncology, we conducted a sample size analysis of the
included studies and visualized the correlation between
sample sizes, data sources, and clinical application

A Individual funding B

2(3.03%
Corporate funding

3 (4.55%)
International organization funding

3(4.55%)

Nonprofit organization and
foundation funding
8(12.12%)

36 (54.55%)

University and research
instition funding
14 (21.21%)

International organization funding

Nonprofit organization and

Government funding

scenarios using a Sankey bubble chart (Fig. 5). Detailed
sample size information for each study can be found in
Supplementary Material 2.

Sample size distribution and classification

The included studies showed significant variation in
sample sizes, ranging from individual cases to tens of
thousands of patients. We classified studies into small
sample sizes (<50 cases, 20.59%), medium sample size
(50-500 cases, 23.53%), and large sample sizes (>500
cases, 27.94%). Additionally, about 27.94% of the litera-
ture did not clearly report sample sizes, often relying on
non-traditional data sources such as virtual patient data
or experimental data, or due to data privacy restrictions.
This phenomenon reflects the need for improved report-
ing standards and transparency in current research.

o Small Sample Size Studies (<50 cases) Small sample
size studies are primarily used for technology devel-
opment and preliminary validation, relying mainly
on clinical trial data [38, 39, 41], medical imaging
data [42-44], and animal model data [45, 46]. These
studies typically focus on personalized diagnosis and

Individual funding

2(1.92%

Corporate funding
4 (3.85%)

6(5.77%)

foundation funding
18 (17.31%)

Government funding

55 (52.88%)

University and research
instition funding
19 (18.27%)

Fig. 4 Types and Numbers of Funding Sources in Digital Twin Research in Oncology. A Distribution of funding types. B Number of funding sources

by type
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etc.) and clinical applications (such as diagnosis, treatment decision-making, and personalized management), clearly illustrating the correlation

between data types and application scenarios

treatment [38, 41, 47, 48] and technical precision
testing [45, 46, 49, 50]. For example, a study involv-
ing 20 breast cancer patients developed a digital
twin-assisted health device measurement method for
lymphedema prevention [38].

o Medium Sample Size Studies (50-500 cases) Medium
sample size studies often integrate multi-dimensional
data, such as genomic, metabolomic, and medical
imaging data [51-53], to support model validation
and early clinical testing. As shown in Fig. 5, these
studies are primarily focused on diagnosis (25%),
prognosis prediction (25%), and treatment decision-
making (approximately 25%), reflecting the wide
applicability of medium sample sizes in relevant clin-
ical fields. For instance, a study involving 116 breast
cancer patients integrated multi-omics data to con-
struct a digital twin model, which was used to opti-
mize personalized treatment strategies [54].

+ Large Sample Size Studies (>500 cases) Large sample
size studies often rely on public databases or compre-
hensive tumor datasets, covering broad application
scenarios, especially in diagnosis [55-59] and per-
sonalized management [41, 60, 61]. The primary data
sources are medical imaging data (50%) and clinical
data (30%).For example, a study involving 887 lung
cancer patients utilized generative adversarial net-
works (GANs) to generate synthetic data, enabling

clinical applications and data sharing while preserv-
ing patient privacy [55].

Data sources and application scenarios

The Sankey bubble chart (Fig. 5) illustrates the flow rela-
tionship between data sources and clinical application
scenarios, revealing the patterns of data usage in tumor
research. Among the data types, medical imaging and
clinical data are the most common sources, primar-
ily directed towards diagnosis and treatment decision-
making. Virtual patient data and laboratory data are
more commonly used for technology validation and per-
sonalized management, reflecting the significant role of
non-traditional data sources in early-stage technology
development. The major application scenarios of digi-
tal twin technology include diagnosis, treatment deci-
sion-making, and prognosis prediction, where diagnosis
heavily relies on large sample sizes, while personalized
management and surgical planning tend to utilize small
and medium sample size studies. Notably, only eight
studies utilized public datasets, suggesting that despite
the increasing application of digital twin technology in
oncology, the use of publicly available datasets remains
limited, likely due to concerns over data privacy and
quality.
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Sample size distribution by cancer type

The studies included in this research cover common can-
cer types such as breast cancer [23, 38, 58, 62—-64], head
and neck cancer [65—68], brain tumors [59, 69-71], lung
cancer [37, 55, 72, 73], as well as specific subtypes and
experimental cell-level data, such as high-grade gliomas
[74] and triple-negative breast cancer [75]. Among these,
breast cancer research represents the largest proportion,
with sample size distributions ranging from small case
numbers (e.g., 20 cases [38]) to large-scale cohorts (e.g.,
80,000 cases [76]), indicating a strong clinical demand for
digital twin applications in this cancer type. In contrast,
brain tumors and other specific cancer subtypes are pre-
dominantly studied with smaller sample sizes, focusing
on precision medicine or exploring underlying mecha-
nisms, such as the study of high-grade gliomas with
about 100 cases [74].

Data processing and integration in tumor treatment
Digital twin technology in tumor treatment relies on the
integration and processing of multi-source, multi-modal
data [17]. These data provide essential support for con-
structing precise patient models.

Medical imaging data

Among the literature included, imaging data accounted
for 36.76% (25 studies). MRI and CT imaging were the
most commonly used, with 17 studies applying them
for tumor segmentation, 3D modeling, and treatment
optimization. For instance, Tai et al. [73] used radiologi-
cal images for tumor segmentation and treatment opti-
mization, while Sainz-DeMena et al. [4] reconstructed a
3D mesh model of neuroblastoma based on CT images,
aiding personalized treatment and surgical planning.
Additionally, 15 studies involved dynamic imaging data,
covering dynamic contrast-enhanced MRI (DCE-MRI),
time-series CT, PET, and SPECT imaging. DCE-MRI
was the most frequently used dynamic data source (n=4,
26.67%), employed to monitor tumor size changes and
therapeutic response modeling [23, 74, 75, 77].

Multi-omics data integration

The integration of multi-omics data (including genom-
ics, proteomics, metabolomics, etc.) has provided strong
data support for digital twin models, enhancing their
ability to adapt to individual differences [78]. Among the
included studies, over 15% focused on the application of
multi-omics data, aiming to enhance the model’s ability
to analyze the tumor microenvironment, predict treat-
ment responses, and optimize decision-making. Specifi-
cally, the applications are as follows:
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+ Genomic Data Genomic data accounted for more
than 14.29% of all relevant studies, primarily used
to identify tumor-driving gene mutations, support
personalized treatment decisions, and precision-
targeted strategies, as well as provide a basis for
personalized vaccine design [51, 79]. By identifying
cancer-driving genes, digital twin models can predict
the response of different genotypes to specific treat-
ments.

+ Proteomics and Metabolomics Data Seven studies
explicitly mentioned the application of proteomics
and metabolomics data. Proteomics data are mainly
used to analyze intracellular signaling pathways and
protein interactions in tumor cells, while metabo-
lomics data reveal the phenomenon of metabolic
reprogramming in tumor cells. Both play key roles in
tumor microenvironment analysis [80] and treatment
response evaluation [77].

+ Single-Cell Omics Data Single-cell omics data were
applied in approximately 5.71% of studies, primar-
ily to uncover tumor cellular heterogeneity and the
dynamic changes in the immune microenviron-
ment. Single-cell analysis can capture cellular differ-
ences within the tumor and their response to treat-
ment, particularly with regard to temporal changes
in immune therapy. Through single-cell-level data,
researchers can obtain more precise tumor dynamic
information, which aids in advancing personalized
and refined immune therapy [81].

Although the integration of multi-omics data and
dynamic modeling is on the rise, only six studies have
achieved comprehensive integration of multiple omics
data types [38, 51, 62, 77, 82, 83], with a primary focus on
the combination of genomics and proteomics data. The
integration of metabolomics and single-cell omics data
remains relatively low, indicating that the integration of
these data faces certain technical challenges.

Additional data sources

In addition to imaging data, various other data types have
been progressively integrated into digital twin models.
Specifically, physiological data were widely applied in 16
studies, primarily used to dynamically adjust personal-
ized treatment strategies [47, 61, 84]. Pathological slide
data were mentioned in eight studies, mainly for enhanc-
ing the precision of diagnosis and treatment decisions
by combining genomic information [51, 84]. Three stud-
ies involved animal model data, providing experimental
support for tumor surgical planning, optimizing surgical
approaches, and predicting treatment outcomes [45, 46,
50]. Additionally, unstructured data were mentioned in
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two studies, further enriching the input for digital twin
models [39, 47].

Role of artificial intelligence in digital twin technology
Artificial intelligence (AI) plays a central role in digital
twin technology, enhancing data processing, model con-
struction, and predictive analysis through advanced algo-
rithms and models [85].

Widespread use of core algorithms

Among the 68 studies included, 64 involved the use of
algorithms. Deep learning was mentioned in seven stud-
ies, mainly for image segmentation and feature extrac-
tion. For instance, Islam et al. [56] applied several deep
learning algorithms to classify kidney CT images, while
Batchden et al. [57] used convolutional neural networks
(CNNis), attention-enhanced CNNSs, and recurrent neu-
ral networks (RNNSs) to detect metastatic diseases from
continuous radiological reports and generate metasta-
sis maps. Generative adversarial networks (GANs) were
applied in six studies to generate high-resolution imaging
data [86, 87], addressing the issue of insufficient rare can-
cer data [38, 56] and supporting dynamic image genera-
tion [88] and surgical navigation [73]. Additionally, four
studies used support vector machines (SVMs) for disease
classification tasks [54, 58, 89, 90]. Hybrid models inte-
grating cross-domain algorithms provided key support
for tumor dynamic simulation and personalized treat-
ment optimization [44, 83, 91].

Multimodal data fusion application

In terms of multimodal data integration for digital twin
tumor treatment, 22 studies explored the fusion of mul-
timodal data. For example, Chaudhuri et al. [74] and Gil-
bertson et al. [20] successfully enhanced tumor treatment
model accuracy by combining imaging and physiological
data. Wang et al. [84] further combined imaging, omics,
and patient characteristic data for virtual patient mod-
eling in immunotherapy. Furthermore, six studies [4, 61,
77, 83, 84, 92]discussed the comprehensive integration
of multimodal data, covering a wide range of data fusion
methods, though overall research in this area remains
limited, indicating that the field is still in the exploratory
stage.

Digital twin applications in oncology

Digital twin technology in tumor therapy exhibits
multi-layered and synergistic characteristics, covering
key application scenarios such as diagnosis, treatment
decision-making, prognosis prediction, surgical plan-
ning, drug development, virtual trials, tumor microenvi-
ronment analysis, and personalized management. Each
application scenario incorporates advanced modeling
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methods and techniques to optimize precise and person-
alized medical plans. The following sections analyze the
functionality, technical features, and specific examples of
each application scenario.

To clearly demonstrate the hierarchical structure and
functions of these scenarios, Fig. 6 uses a hybrid pyramid
diagram and a central radiating mind map to intuitively
present the seven application scenarios and their respec-
tive functions. The pyramid is divided into three layers:
the top layer includes prognosis prediction and treatment
decision-making, which directly serve to optimize patient
treatment plans through multimodal data integration and
dynamic modeling; the middle layer includes diagnosis,
surgical planning, and personalized management, which
provide support for tumor detection, treatment plan-
ning, and patient care across the entire treatment cycle;
the bottom layer includes drug development, virtual
trials, and tumor microenvironment analysis, reinforc-
ing the overall system with technical support and data
foundations.

Diagnosis

In the field of tumor diagnosis, digital twin technol-
ogy significantly enhances diagnostic accuracy through
the integration of multimodal data and deep learn-
ing methods, particularly in imaging analysis and early
screening. Generative adversarial networks (GANs), as
a powerful tool, have shown great potential in medical
image processing. Through its generative and discrimi-
native mechanisms, GANs can generate high-quality
synthetic medical images, effectively denoising images
and reconstructing low-resolution images, especially in
tumor early detection. In cervical cancer screening, for
instance, GANs achieved an accuracy of 98.91% in clas-
sification [88], demonstrating their potential for early
tumor detection.

In terms of improving diagnostic accuracy, three-
dimensional acoustic modeling technology has also
demonstrated unique advantages. Based on the Navier—
Stokes equation, this modeling method precisely simu-
lates the propagation behavior of sound waves in soft
tissues, providing important evidence for accurate diag-
nosis and surgical planning of liver diseases [93]. This
technology not only enhances diagnostic accuracy but
also offers new pathways for early liver disease detection.
However, due to its high computational demand, further
optimization is required for its clinical application.

The Vision Transformer (ViT) model, a recent
advancement, has significantly improved the efficiency
of CT image feature extraction due to its attention-
based mechanism. In automated detection of kid-
ney tumors and stones, ViT demonstrated superior
performance compared to traditional convolutional
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prognosis prediction and treatment decision-making; the middle layer

includes diagnosis, surgical planning, and personalized management; and the bottom layer addresses drug development, virtual trials, and tumor
microenvironment analysis. These layers integrate data and leverage technological support to collaboratively drive personalized treatment

and optimize decision-making processes. These applications rely on advanced technologies such as artificial intelligence, machine learning,

and virtual reality (VR) to enhance the precision of cancer treatment. By utilizing digital twin models, they enable the prediction of patient
responses, accelerate drug development, and ultimately improve survival rates and quality of life

neural networks, especially in optimizing global infor-
mation capture and data dependence [56]. However,
the complexity of training the ViT model and its high
computational resource requirements may pose chal-
lenges in real-time applications. Table 2 summarizes
the main models, data sources, and research findings
in digital twin-based tumor diagnosis, highlighting key
advancements.

Personalized management
In tumor personalized management, digital twin tech-
nology drives the development of virtual patient models

through multimodal data integration and advanced mod-
eling methods. These models precisely simulate patients’
physiological characteristics, genomic data, and treat-
ment responses, enabling dynamic adjustments to per-
sonalized treatment plans. For instance, a physics-based
digital twin model, integrating pharmacokinetics (PK)
and pharmacodynamics (PD) models, successfully pre-
dicted patients’ drug responses under different physi-
ological conditions [41, 61, 96]. This model provided
scientific support for optimizing drug treatments, signifi-
cantly improving individualized treatment outcomes.
Additionally, digital twin technology has shown
potential in managing cancer-related chronic pain. By
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Table 2 Digital twin models and research progress in tumor diagnosis

Model methods Data source

Evaluation Referencess

Deep neural networks Lung cancer clinical data

Generative adversarial network

Semi-supervised support vector machine Brain tumor MRI data
Brain tumor MRI data
Kidney tumor CT data

Radiology reports

Fuzzy logic system
Vision transformer
Natural language processing

KNN-weighted dual support vector machine Breast cancer imaging

3D Mesh reconstruction algorithm Neuroblastoma MRI data

K-Means clustering algorithm Brain tumor MRI data

Knowledge graph and digital twin model
Classical machine learning models

CervixNet Cervical cancer cell images

Navier-Stokes equation modeling

U-Net network and enhanced deep super-  Glioblastoma tissue slices

resolution network

Hypergraph convolutional network Kidney tumor CT data

Synthetic lung cancer imaging data

Multiple myeloma clinical data

Breast cancer patient clinical data

Ultrasound propagation data

Outperformed existing deep learning fault detec- [371
tion models in accuracy and robustness

Effectively differentiates disease stages (e.g., survival  [55]
vs. death) and meets medical standards

Accuracy: 92.52%, Dice Similarity Coefficient: 75.58% [90]
Dice Similarity Coefficient: 0.936, Jaccard: 0.845, [69]
Accuracy: 99.3%, F1 Score superior to other models  [56]
Multi-report model’s Accuracy, Recall, F1 Score [57]
higher than single report analysis

Outperformed comparison models in Accuracy, [58]

Recall, and F1 Score across different datasets

Substantially reduced reconstruction time, provid- [4]
ing accurate modeling for neuroblastoma

High efficiency in 3D modeling based on MRI [70]

Simulated potential treatment strategies, aiding [94]
physician treatment assessments

Real-time diagnosis and prediction of breast cancer- [54]
related indicators

Classification Accuracy: 98.91% [89]
Precise simulation of wave propagation, detecting ~ [93]
liver lesions

Peak Signal-to-Noise Ratio (PSNR): 31.6 dB, Compu-  [59]
tation speed: 14 fps

Classification Accuracy: 99.71%, high F1 score [95]

combining Markov Chain Monte Carlo (MCMC) meth-
ods, researchers generated virtual patient populations
and simulated the impact of variables like age and gender
on fentanyl absorption and efficacy. This approach sig-
nificantly enhanced the precision of drug dose regulation,
avoiding the shortcomings of traditional trial-and-error
dosing methods [61]. Furthermore, a physics-driven ther-
mal control model was used to optimize the transdermal
fentanyl delivery process, reducing the standard devia-
tion of blood drug concentration by 37.5% [97]. Real-time
data analysis platforms, such as Sarconnector®, seam-
lessly integrate multi-modal data to support continuous
optimization of personalized treatment paths, ensuring
flexibility in treatment plans [98].

However, one of the main challenges in personalized
management is the high complexity of patient physi-
ological and genetic differences, which leads to varying
treatment effects among different patients [61, 99]. Fur-
thermore, ensuring the computational efficiency of real-
time drug dose adjustments remains a challenge in the
practical implementation of these technologies [41, 61,
96]. Table 3 summarizes the main models, data sources,
and research findings on digital twin technology in tumor
personalized management, showcasing key progress. Fig-
ure 7 illustrates the application framework of digital twin
technology in tumor personalized management.

Surgical planning and training
In tumor surgical planning and training, digital twin
technology leverages various modeling methods and
techniques to achieve high-precision surgical simulation
and dynamic support. For example, deep convolutional
generative adversarial networks (DCGANSs) are applied
to generate 3D anatomical structures. By combining
high-resolution image reconstruction with finite element
analysis (FEA), DCGANSs simulate the physical responses
of bones and soft tissues, especially useful in surger-
ies like vertebroplasty that require high precision for
bone tissue manipulation [86]. This technology not only
improves pre-surgical preparation but also offers strong
support for intraoperative dynamic adjustments.

Augmented reality (AR) technology combined with
dynamic navigation models has further enhanced surgi-
cal planning accuracy. By overlaying virtual images onto
surgical fields in real time, AR supports dynamic calibra-
tion and path planning during surgery, reducing risks and
increasing precision [45, 67]. Additionally, advancements
in 5G and Internet of Things (IoT) technology have ena-
bled breakthroughs in remote surgical simulation. High-
bandwidth, low-latency connections allow real-time
remote guidance and training [73].

Virtual reality (VR) combined with 3D modeling has
provided innovative tools for surgical training. This
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Table 3 Digital twin models and research progress in tumor personalized management
Model Method Data Source Evaluation References
Physics-based Digital Twin Modeling Virtual patient physiological data and litera-  Reduced average pain intensity by 16%, [61]
ture data increased pain-free hours by 23 h over 72 h,
significantly improving pain management
outcomes
Multi-purpose Medical Digital Twin (DMT)  Head and neck cancer patient clinical data Multi-stage patient pathway support system, [66]
enhancing decision-making efficiency
Real-world Time Data Analysis Platform Sarcoma patient clinical data Improved treatment flow and patient [60]
outcomes, reducing medical costs
through multi-disciplinary team comparisons
Biomedical Data-driven Digital Twin Model Breast cancer stakeholder interview data Enhanced personalized treatment, data [47]
efficiency, and research potential
Physiology-driven Digital Twin Model Real patient data and pharmacokinetics/ Stable drug release, reducing treatment [41]
pharmacodynamics models outcome variability
Physics-based Digital Twin Virtual patient physiological data and phar-  Identified the significant impact of patient [96]
macokinetics simulation weight and age on drug efficacy, optimiz-
ing drug delivery strategy to improve pain
control
Thermal Control Drug Release Model Virtual patient and skin model data Improved drug delivery stability, advanced [97]

peak blood drug concentration by 10.3 h,
and reduced pain intensity by 18%
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Fig. 7 Digital Twin Application Framework in Tumor Personalized Management. The framework shows how digital twin technology integrates
multiple modalities of data, such as genomics, blood biomarkers, behavioral data, sensor monitoring, and imaging data, to construct
an individualized virtual model. This model dynamically analyzes how the patient responds to different treatment plans, continuously optimizing

the treatment path in real-time

approach builds virtual anatomical and pathological
models, offering medical students and junior doctors a
risk-free, repeatable environment to practice operations,
enhancing their skills and ability to handle emergencies
[43]. However, the realism and interactivity of VR still
require further research and optimization for different

types of surgeries [100]. Table 4 summarizes the detailed
model types, data sources, and related research metrics
of digital twins in the field of tumor surgical planning
and training, highlighting key achievements in current
studies. Figure 8 illustrates the application framework of
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digital twin technology in tumor surgical planning and
training.

Tumor microenvironment analysis

Digital twin technology in tumor microenvironment
(TME) analysis employs advanced modeling methods to
simulate complex intercellular interactions and dynamic
characteristics, providing deeper insights into tumor
development and treatment. Multiphase reactive poro-
mechanics models, for instance, describe the interactions
among tumor cells, interstitial fluid, and the extracel-
lular matrix. Using such models, Urcun et al. [102] suc-
cessfully replicated the mechanical environment inside
tumors, revealing the relationship between stress distri-
bution and drug diffusion, offering theoretical support
for anti-tumor drug development.

Hybrid models combining partial differential equa-
tions (PDEs) and ordinary differential equations (ODEs)
focus on simulating chemical concentration gradients in
the TME, particularly interactions between immune and
tumor cells. These models dynamically simulate immune
cell migration behaviors, providing critical insights into
tumor immunology and optimizing immunotherapy
strategies [91].

Cellular automata (CA) models, known for their abil-
ity to simulate cell behaviors, are widely used in study-
ing tumor cell migration and metastasis pathways. These
models efficiently simulate the diffusion characteristics of
tumor cells in the microenvironment and have significant
applications in understanding metastasis mechanisms
[103]. However, their capacity to capture complex inter-
cellular interactions and heterogeneity needs improve-
ment [104]. Integrating genomic, proteomic, and
metabolomic data into hypermodels further extends the
application of digital twin technology in TME analysis,
providing more accurate support for developing person-
alized treatment strategies [83]. Table 5 provides a sum-
mary of the primary models, data sources, and research
outcomes of digital twin applications in tumor micro-
environment analysis, highlighting key advancements in
the field. Figure 9 illustrates the multi-level application
framework of digital twin technology in tumor microen-
vironment analysis. Relevant references are indicated in

the figure legend.

Drug development and virtual trials

In tumor drug development and clinical trials, digital
twin (DT) technology enhances personalized treatment
by precisely simulating individual biological processes
and therapeutic responses. This optimization of drug
screening, dose adjustment, and efficacy evaluation
accelerates the advancement of tailored therapies. For

Page 15 of 31

instance, quantitative systems pharmacology (QSP)
models are renowned for their precise prediction of
dose-response relationships. By integrating pharma-
cokinetics with tumor biology, QSP provides a mech-
anism-driven tool for dose optimization and biomarker
identification [77].

Unlike the mechanism-driven nature of QSP models,
multi-omics integration models expand the capabilities
of tumor microenvironment (TME) modeling by incor-
porating genomic, proteomic, and metabolomic data.
These models are particularly suited for assessing the
complex efficacy of immunotherapies [80]. Meanwhile,
cellular dynamics simulations explore the behavior of
immune cells (e.g., T cells) within the TME, dynami-
cally describing processes such as cell proliferation, dif-
ferentiation, and apoptosis. This provides valuable data
and mechanistic support for optimizing cell therapies
[107].

However, individual variability among patients pre-
sents challenges to model generalization and per-
sonalized dose adjustments [80, 108]. Furthermore,
constructing virtual cohorts and ensuring data consist-
ency pose obstacles to the implementation of virtual
trials. Variations in efficacy metrics and observation
periods across studies can render some data incom-
patible with virtual trial frameworks, hindering drug
development progress [109]. Table 6 summarizes the
main models, data sources, and research outcomes of
DT technology in tumor drug development and virtual
trials, highlighting recent key advancements.

Prognosis prediction
In prognosis prediction, digital twin (DT) technology
models individual patient characteristics, dynamically
simulating tumor growth and treatment response to
forecast therapeutic outcomes and long-term survival
rates. Biomathematical models, such as reaction—diffu-
sion equations or partial differential equations (PDEs),
are widely used to simulate tumor spread, proliferation,
and treatment response [23, 75]. Given the high compu-
tational demands of such models, reduced-order mode-
ling (ROM) has been introduced to create representative
subsets in low-dimensional spaces, significantly reducing
computational requirements and making these models
more feasible in resource-limited environments [75].
Simultaneously, machine learning methods have
enhanced the accuracy of survival and disease progres-
sion predictions by integrating imaging, biomarkers, and
clinical data [24, 110]. For example, Salimi et al. intro-
duced the concept of "Organomics,” which incorporates
radiomic features of healthy organs into prognosis mod-
els for non-small cell lung cancer. The study found that
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Fig. 8 Digital Twin Application Framework in Tumor Surgical Planning and Training. The framework integrates lesion data, anatomical data,
physiological data, and surgical tool parameters to construct 3D virtual models. Surgeons use virtual reality devices for surgical planning
and training, receiving system-optimized cutting lines and performance scores to improve precision and skill level

integrating healthy organ data significantly improved the
predictive accuracy of machine learning models com-
pared to using tumor data alone [110]. This approach
provides a more holistic perspective on tumor prognosis
prediction and highlights the advantages of DT technol-
ogy in multi-modal data integration.

Additionally, network science models, such as Syn-
Twin, leverage graph structures to connect data from
similar patients, generating virtual patient profiles. This
enhances the applicability and generalizability of models

across diverse clinical scenarios [76]. Table 7 summarizes
the main models, data sources, and research outcomes of
DT technology in tumor prognosis prediction, showcas-
ing recent key advancements.

Treatment decision-making

Digital twin (DT) technology in tumor treatment deci-
sion-making focuses on dynamic modeling and per-
sonalized optimization. A key approach is the Deep
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Fig. 9 Multi-Layer Framework of Digital Twin Technology in Tumor Microenvironment Analysis. This framework integrates data types such

as genomics, single-cell analysis, proteomics, and biomechanics into models like CA, PDE-ODE, and hypermodels. Applications include signal
pathway reconstruction, stress simulation, and treatment outcome prediction. References: Arrow (D is derived from reference [103]. Arrow @

is derived from references [91, 106]. Arrow Qis derived from references [83, 102]. Arrow @ is derived from reference [83]. Arrow &) is derived

from reference [103]. Arrow ®) is derived from reference [91]. Arrow (@ is derived from references [83, 102]. Arrow @) is derived from reference [83]

Table 6 Digital twin models and research progress in tumor drug development and virtual trials

Model method Data source Effect evaluation References
GAN-based synthetic data model  Clinical data of lung cancer patients Validated with statistical hypothesis testing [72]
(goodness-of-fit) and expert oncologist reviews
QSP digital twin system Clinical trial data for NHL patients treated Exposure-response predictions and identi- [771
with mosunetuzumab fication of predictive biomarkers; validated
against clinical observations
Digital twin for cGvHD patients Real-world clinical trial data from Phesi’s Trial Validation of SOC arm efficacy against literature ~ [109]
Accelerator™ database benchmarks for response rates
Multi-omics QSP model Multi-omics datasets of tumor microenviron- QSP model accuracy validated using clinical trial ~ [80]
ment outcomes and biomarker predictions
NeoAgDT for vaccine optimization ~ RNA sequencing and mutation data from public  Improved recall of necantigen selection com- [79]
datasets pared to traditional ranking-based approaches
TCR-engineered cell therapy model  Clinical trial data for HPV-associated cancer Kinetics predictions matched clinical data, [107]
patients with Tscm enrichment shown to improve thera-
peutic persistence
QSP-IO with agent-based models ~ Multi-omics and clinical trial data Validated using retrospective analyses and pre-  [84]

dictions for response to immune checkpoint
inhibitors
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Table 7 Digital twin models and research progress in tumor prognosis prediction
Model method Data source Effect evaluation References
MRI-based digital model MRI'and dynamic contrast-enhanced MRI data Achieved AUC of 0.89 for predicting therapy [23]

from triple-negative breast cancer patients response, superior to standard metrics
ML-based digital twin system Clinical data warehouse for prostate cancer Biochemical recurrence prediction accuracy [24]

patients

Virtual clinical trial simulator
brolizumab therapy

Graph-based SynTwin model

Reduced order PDE model
cancer

PET/CT organomics model
lung cancer patients

Target trial emulation framework  Real-world sarcoma patient data

UMAP-based digital twin workflow
Atlas (TCGA-BRCA)

Non-small cell lung cancer patients with pem-
Cancer registry data from SEER (n=87,674)
MRI-based tumor data for triple-negative breast

Radiomics from PET/CT imaging of non-small cell

Breast cancer data from The Cancer Genome

up to 96.25% using machine learning

Predicted progression-free survival effectively, [111]

suggesting treatment beyond progression

Improved AUROC from 0.791 to 0.864 using [76]
synthetic patient data for mortality prediction

Reduced computational time by 378 x with high  [75]
concordance in predictive accuracy

Integration of healthy organ data improved [110]

survival prediction (C-index=0.68)

Highlighted risks of unplanned resections affect-  [40]
ing recurrence-free survival

Identified patient subgroups with high similarity; [52]
improved survival prediction and treatment
stratification

Q-Learning (DQL) model, which uses a reinforcement
learning framework to simulate multi-step interactions
between physicians and patients, predicting optimal
treatment pathways. By inputting extensive historical
treatment data, the DQL model creates a learning system
that dynamically optimizes chemo-radiotherapy regi-
mens to meet the specific treatment needs of individual
patients [65]. Notably, Bayesian optimization frameworks
excel in handling uncertainties, particularly in design-
ing personalized radiotherapy plans for high-grade glio-
mas. By probabilistically modeling longitudinal MRI
data, Bayesian optimization generates tailored treatment
plans while balancing efficacy and toxicity. This approach
not only enhances treatment outcomes but also reduces
damage to normal tissues [11].

Mathematical models have also played a critical role
in optimizing chemotherapy regimens for acute myeloid
leukemia (AML). By analyzing white blood cell counts,
drug metabolism parameters, and patient toxicity thresh-
olds, these models simulate the physiological impact of
different treatment strategies. Through systems of equa-
tions describing pharmacokinetics (PK) and pharmaco-
dynamics (PD), mathematical models provide scientific
evidence for optimizing chemotherapy doses and timing
[53].

Furthermore, multi-modal data integration is indis-
pensable in treatment decision-making with DT tech-
nology. For instance, DT-enabled visualization platforms
such as the myCMIE system integrate patients’ molecular
profiles, genomic data, and clinical records to generate
personalized treatment recommendations in real time.
Compared to traditional methods, the myCMIE system
offers a comprehensive perspective by deeply integrating

various data types, enabling treatment plans that better
align with individual patient needs [61]. Table 8 the pri-
mary models, data sources, and research outcomes of DT
technology in tumor treatment decision-making, show-
casing recent advances.

Discussion

This study systematically explores the innovative appli-
cations of digital twin (DT) technology in tumor ther-
apy, analyzing its current state, research trends, and key
challenges while proposing future directions. Using bib-
liometric analysis and a scoping review, the rapid growth
of DT applications in oncology since 2020 was revealed,
particularly in leading countries such as the United
States, Germany, Switzerland, and China.

The United States’ prominent publication output
underscores its pivotal role in advancing the integration
of digital twin technology with cancer treatment. Ger-
many and Switzerland follow closely, reflecting Europe’s
robust growth in this area. Notably, large-scale initiatives
such as the European Union—funded Ecosystem Digital
Twins in Health (EDITH) project [112] and the Swed-
ish Digital Twin Consortium [113] are driving significant
progress in the application and innovation of digital twin
technology across Europe. China has made substantial
research contributions, highlighting its sustained focus
and active participation in this field.

Moreover, international collaboration has become
increasingly close, particularly between the United
States, European countries, and China. This cross-border
cooperation has facilitated the rapid development of the
technology, especially through synergies in data sharing,
standardization of technologies, and global clinical trials,



Page 21 of 31

(2025) 23:348

Shen et al. Journal of Translational Medicine

AjIqIpaid [ed
-|ul]> pue Ajigeiasdiaiul bupueyus 1oddns uoisiDap paziw

pujules)

[89]  -ndo pue juawissaSSe YSI JUSUIIRaI} pazljeuosiad papircld Syualied J9DURD ¥D3U pue peay Woi) elep JuaLiesl| JUSWIDDIOHUIDI YLM [SPOW Ul [e)BIp paziensia OL11d
G€ 1-DY 01 pasedwod ysi asde|al eluyNI|
BulseaIDUl INOYLM (SUOIIRINWIS JO 969°66 Ul PaACIdWII) S}
[€6] KI9A0D31 ||92 POO|] 21YM PadNpal uawibal £71-DV YL sjualied Ny WOl e1ep [eDIUlD Bujjapow [edl1ewayIeW YIMm Uim] [e1bIg
|9A3] |011UOD SWeS 3yt 1e (A9 01)
%/°91 Aq 950p UONBIPEI PIdNPaIL JO SABP 9 AQ SWI1 9314-UOIS sjuaied
[11] -sa1boud sJowiny pasealnul sue|d Adeiayiolipel pazijeuosiad ewiol|6 speib-ybiy wouy erep [esiul)d pue buibew [y |9pow uimy [eubip aAndIpaid paseqg-Aluteniasun
JUaWIeaJ} Pazieuosiad JO UOISSNISIp pue bulpuels
-19pUn PadueYUS J0j AHUNUIWIOD UlMm) [elbip Jejndsjoul e
[LS] Bulp|ing ‘uoieULIOJUI JejNd3joW JO UonEeIbIUl 94l pa1e|iDe e1ep (4dIN) 2|Y0old 1e|nd3jO 1Ualed W15AS 9BUBYDXD UOIIBWIOJUI JB|Nd3joW JINDAW
wndo buioddns ‘95570 AqQ sa1e4 AYnduip
BUIMO|[BMS PIDNPaI pUR ‘04¢ / ¢ AQ S91BI [BAIAINS PaACId Wl euIouldIed |92
[s9] '96G€°/8 JO AoeINdR UONDIPaId 9brI9AR UB PIASIYDY snowlenbs |eabuieydoio yum suualied woly eiep [esiuld [opou uimy [enbip usned yim (1) buiutea]-p desg
FERITEYETEN uonen|eAs 1293 92Ino0s ejeq poyiaw [9po

Buryew-uoisidap Juaweas) Jouny Ul ssaiboid yoieasal pue sippow uimy eybiq g ajqel



Shen et al. Journal of Translational Medicine (2025) 23:348

which will accelerate the application of digital twin tech-
nology in cancer treatment. As international cooperation
deepens, the global prospects for the application of digi-
tal twin technology in oncology continue to expand.

The analysis of funding sources reveals that govern-
ment agencies, particularly the U.S. National Institutes of
Health (NIH), play a leading role in advancing research
on digital twin technology in the oncology field. Among
the top eight funding institutions, apart from those in
the United States and Switzerland, only China’s National
Natural Science Foundation provided three instances of
funding. This highlights a certain degree of imbalance
in the global funding landscape for digital twin research
in oncology. Additionally, in October 2024, the National
Science Foundation (NSF), the National Institutes of
Health (NIH), and the U.S. Food and Drug Administra-
tion (FDA) jointly launched the Biomedical Digital Twin
Technology Innovation Program (FDT-BioTech), pro-
viding over $6 million in funding for 7 projects, further
demonstrating the U.S. government’s leading role in the
field of digital twin technology and its continued support
in advancing technological development [114].

In terms of funding structure, government support
accounts for 52.88% of the total funding instances, fol-
lowed by universities and research institutions at 18.27%,
while corporate and private funding represent a relatively
small share. This indicates that current research heavily
relies on public funding, with government support ensur-
ing a degree of independence and the sustained devel-
opment of fundamental science. However, the limited
contributions from corporations and private sponsors
may hinder the commercialization and clinical transla-
tion of research outcomes [115]. Future efforts should
focus on strengthening public—private partnerships,
attracting more corporate investment, and fostering
deeper integration between research and application.

Additionally, the average number of funding sources
per study is 2.12, but government-funded projects aver-
age only 1.53 sources, slightly below the overall mean.
This suggests that current research funding is relatively
dispersed, potentially requiring higher levels of coor-
dination and focused investment to address key chal-
lenges in digital twin technology for oncology, such as
data standardization and interdisciplinary collaboration
[116]. Swiss foundations (e.g., OPO Foundation, Mar-
grit Weisheit Foundation) have shown consistent sup-
port in this field, providing critical backing for long-term
research and innovative exploration. This model offers a
valuable reference for other countries and regions: estab-
lishing dedicated funds to encourage free exploration and
high-risk, high-reward research may be a viable strategy.

Overall, although the funding landscape is diverse, it
remains predominantly driven by government support.

Page 22 of 31

Issues of regional disparity and insufficient investment in
applied research remain significant. Future progress may
depend on fostering international collaboration, integrat-
ing academia and industry, and establishing dedicated
funds to accelerate the global development and clinical
translation of digital twin technology.

Key findings and significance

This study reveals the diversity and application trends
of digital twin (DT) technology in the oncology field
through an analysis of sample size distribution. The
results demonstrate significant variation in sample sizes
across studies, ranging from a few cases to tens of thou-
sands of patients. This phenomenon reflects the dual
development trajectory of DT technology in oncology:
While emphasizing robustness and universality in large-
scale clinical applications, equal importance is placed on
achieving technological innovation and breakthroughs in
specialized fields.

Firstly, studies with small sample sizes (<50 cases) pri-
marily focus on technology validation and early devel-
opment stages, relying on clinical trial data, medical
imaging data, and animal model data. These studies lay
the foundation for personalized treatment and precision
testing of DT technology. However, the limited sample
size may constrain the generalizability of these findings,
failing to fully address the clinical needs of broader pop-
ulations. Future research should aim to expand sample
sizes and conduct multi-center, long-term clinical trials
to validate the widespread applicability of DT technology.

Secondly, studies with large sample sizes (>500 cases)
showcase the broad potential of DT technology in areas
such as tumor diagnosis and personalized management.
These studies leverage multi-center databases and large-
scale datasets, ensuring the representativeness of results
and the generalizability of clinical applications. The high
clinical translation potential of large-sample studies
makes them pivotal in DT research, particularly in widely
studied tumor types like lung and breast cancer.

From the perspective of data sources and application
scenarios, medical imaging and clinical data dominate
in diagnostic and treatment decision-making contexts,
while virtual patient data and laboratory data are pre-
dominantly used for technology validation and person-
alized management. The Sankey bubble chart illustrates
the flow and role of these data types in tumor research,
providing a clear direction for future studies. Addition-
ally, the relationship between sample size and tumor type
is noteworthy. Breast and lung cancers feature promi-
nently in DT research with large sample sizes, reflecting
the broad clinical demand and research focus on these
tumors. Conversely, brain tumors and certain specific
subtypes are more often studied with small sample sizes,
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focusing on precision medicine and micro-mechanism
exploration. This differentiation highlights the tailored
application of DT technology across various tumor types.

In summary, the diversity in sample size distribu-
tion and data sources underscores the broad application
potential and ongoing challenges of DT technology in
oncology. Future research should prioritize the integra-
tion of large-sample, multi-center data while improv-
ing reporting standards and transparency to advance
the clinical application and widespread adoption of DT
technology.

Furthermore, this study systematically analyzes the
data processing and artificial intelligence (AI) applica-
tions in tumor treatment using DT technology. Clinical
and genomic multi-source data provide a realistic foun-
dation for model construction, while Al algorithms play
a core role in data processing, dynamic modeling, and
multimodal integration. Multi-omics analysis enhances
the models’ adaptability to individual differences. This
synergy between technologies not only facilitates inno-
vative applications but also establishes a solid founda-
tion for achieving precision oncology [17]. For example, a
DT-based classification system grounded in systems and
mathematical modeling theories [21] and a DT frame-
work for predicting cancer progression in prostate cancer
patients [24] both demonstrate the critical significance
of data-driven approaches and algorithmic integration in
improving model performance and clinical applications.

Our study demonstrates that multi-omics data play
an indispensable role in constructing digital twin tumor
models while simultaneously exposing several pressing
challenges. Specifically, genomic data play a pivotal role
in relevant applications by capturing driver gene muta-
tions, which provide a robust foundation for personal-
ized treatment and targeted therapies [117]. Meanwhile,
although proteomic and metabolomic data have been
explored in seven studies to elucidate signaling pathways
and metabolic reprogramming within tumor cells, their
integration remains insufficient. The heterogeneity of the
data and the lack of standardized protocols limit their
potential in the detailed analysis of the tumor microen-
vironment and treatment response predictions [118].
Therefore, improving data preprocessing and integration
methods will be a key focus for future work.

Additionally, although single-cell omics currently rep-
resent only about 5.71% of the field, they offer unique
advantages in revealing tumor cell heterogeneity and
dynamic changes in the immune microenvironment
[119]. For example, the single-cell electrophysiological
model developed by Baumgartner et al. [81] provides a
novel perspective for capturing micro immune responses,
suggesting that this data type could be further expanded
for clinical evaluation in the future.
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Overall, multi-omics data offer multidimensional sup-
port for digital twin models, enhancing their ability to
simulate tumor biological characteristics and guide per-
sonalized treatment. However, challenges such as data
standardization, heterogeneity handling, and integra-
tion algorithms remain urgent issues that need to be
addressed.

Comparison with existing studies

As a scoping review, this study systematically examines
the current applications, research trends, and major chal-
lenges of digital twin (DT) technology in tumor therapy.
Compared with existing review articles, this study pre-
sents several notable innovations and advantages:

Firstly, Most existing reviews focus on the broad appli-
cation of DT technology in healthcare or specific tumor
types. For instance, Katsoulakis et al. reviewed the poten-
tial and challenges of DT technology in healthcare [120],
while Fuchs et al. discussed how digital health technolo-
gies and Al promote value-based precision sarcoma care
[121]. However, reviews specifically addressing the over-
all application of DT technology in oncology, encom-
passing multiple tumor types and application scenarios,
remain limited. This study fills that gap by providing a
comprehensive overview of DT applications across a
wide range of tumor types and scenarios.

Secondly, This study offers an in-depth analysis of sam-
ple sizes and data sources, revealing application trends,
research disparities, and future development directions
for DT technology in oncology. Existing reviews often
lack such detailed examinations, particularly concerning
the relationship between sample size distribution, data
sources, and application scenarios.

Additionally, Through a systematic review of medical
imaging data, multi-omics data integration, and advanced
Al algorithms, this study highlights the precise applica-
tions of DT technology in tumor therapy. We summa-
rizes the models, technical challenges, and advancements
across various application scenarios, including diagnosis,
treatment decision-making, prognosis prediction, sur-
gical planning, drug development, virtual trials, tumor
microenvironment analysis, and personalized manage-
ment. This multi-layered and multidimensional analytical
perspective provides a richer understanding of DT appli-
cations in oncology compared to existing reviews.

Finally, by incorporating bibliometric analysis, this
study uncovers the global research distribution and fund-
ing models of DT technology in oncology. It identifies the
rapid growth of DT research and highlights differences in
funding support and international collaboration among
countries and regions. This global perspective offers new
insights into the dynamics of DT technology develop-
ment. In contrast, existing reviews often lack systematic
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analyses of global research distribution and funding
models, limiting their ability to reflect the role of interna-
tional collaboration and funding in driving technological
advancements.

In conclusion, Through the exploration of sample size
distribution, data processing and integration, and global
research dynamics, this study addresses the limitations in
comprehensiveness and detail found in existing reviews.
It provides a more systematic and complete picture of
the applications of DT technology in tumor therapy.
This contribution not only helps the academic commu-
nity better understand the current state and future trends
of DT technology but also offers scientific evidence and
guidance for implementing precision oncology in clinical
practice.

Challenges

Global challenges of data diversity and sample size
insufficiency

Current status and issues Current research indicates
that the development of digital twin (DT) technology
heavily depends on the diversity and adequacy of data
samples [122]. However, sample size analysis in this study
reveals significant imbalances in tumor-related datasets.
Large sample data are primarily concentrated in common
cancers such as lung and breast cancer, while rare tumors
(e.g., high-grade gliomas) suffer from severe data scarcity.
Furthermore, discrepancies in distribution and quality
among different data sources (e.g., imaging, omics, and
clinical records) limit the generalizability and reliability of
DT models [17].

Analysis and recommendations To address the limita-
tions in model generalization caused by insufficient sam-
ple sizes, previous studies have proposed expanding data
representativeness through multi-center collaborations.
For example, some studies integrated data from multi-
center clinical trials and real-world datasets to construct
virtual patient cohorts, successfully simulating disease
diversity and the effects of various treatments [39, 109].
Other research has utilized generative adversarial net-
works (GANs) and DT models to merge heterogeneous
data from multiple medical centers, thereby enhancing
model robustness and predictive capability [24, 73].
Notably, Virtual patient technology has also emerged
as a promising approach to extend real patient datasets.
This method evaluates the effectiveness of complex treat-
ment strategies by simulating diverse clinical scenarios,
significantly improving model validation efficiency. How-
ever, uncertainties in input parameters and potential dif-
ferences between simulated physiological responses and
real patients may affect result reliability [123]. To address
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this, an increasing number of studies have combined real
patient data with multi-omics information (e.g., genomic
and imaging data) to calibrate virtual patient models,
improving their credibility and clinical relevance [80,
84]. Additionally, multi-modal data integration based
on DT technology has proven effective in overcom-
ing challenges associated with data heterogeneity and
diversity. For instance, Moztarzadeh et al. [64] proposed
a DT framework that integrates machine learning and
metaverse technologies to construct real-time digital
replicas of patients, improving diagnostic and treatment
precision and providing new avenues for rare disease
research. Similarly, Keller et al. [66] developed a Digital
Medical Twin (DMT) platform that supports personal-
ized treatment for complex diseases by integrating and
dynamically invoking multi-modal data, offering a fea-
sible framework for multi-center collaboration in rare
disease research. At a higher level, the American Society
of Clinical Oncology’s subsidiary, CancerLinQ, devel-
oped a global large-scale data integration platform that
aggregates extensive cancer patient data to guide optimal
treatment and improve clinical outcomes [124]. Cancer-
LinQ’s success highlights the critical role of large-scale
data integration in enhancing DT model performance
and the profound impact of institution-driven data utili-
zation models on the industry.

Barriers to technical integration

Current Status and Issues While DT technology dem-
onstrates significant potential in data processing and Al
applications for tumor therapy, the comprehensive inte-
gration of multi-modal data remains a major challenge
[66, 94, 125]. Only a limited number of studies [4, 61, 77,
83, 84, 92] have achieved full integration of multi-modal
data, primarily due to two major challenges in interdisci-
plinary collaboration:

1. Insufficient standardization of different data types
(e.g., imaging, genomics, and biomechanical infor-
mation), which severely restricts cross-platform col-
laboration [126].

2. The scarcity and incompleteness of available multi-
modal data, further hindering the efficient integra-
tion of patient-specific information [127].

Moreover, current research tends to focus on genomic
and proteomic analyses, while metabolomics and single-
cell omics integration remain underutilized. This not only
limits the biological depth of modeling but also restricts
the full potential of multi-modal integration. Addition-
ally, most studies prioritize optimization within single
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domains, lacking a comprehensive cross-domain integra-
tion framework.

Analysis and recommendations To overcome these bar-
riers, future research should prioritize the integration
of metabolomics and single-cell omics data to enhance
the biological depth of models, providing multi-dimen-
sional support for precise modeling in tumor therapy.
Several innovative tools and frameworks have already
demonstrated the potential for technical integration. For
example, Xu and Kowalski [51] developed an interactive
platform that integrates known and unknown genetic var-
iations to create a comprehensive “total molecular profile,
significantly improving data-sharing efficiency and opti-
mizing multi-modal data integration processes. Similarly,
Sainz-DeMena et al. [4] developed the im2mesh tool,
which combines medical imaging, Al, and engineering
modeling to automatically generate personalized 3D net-
work meshes. This tool not only enhances the efficiency
of transitioning from imaging to DT model construction
but also offers a modular design with high interoperabil-
ity, providing a concrete solution for complex diseases
such as tumor microenvironment modeling. Merchant
et al. [105] proposed a framework to address delays and
synchronization issues in large-scale parallel simulations,
enabling dynamic behavior modeling and real-time inter-
active exploration of complex systems.

Beyond these technical advances, addressing integra-
tion challenges requires robust public—private partner-
ships and international research alliances to promote
standardization. In the near future, global digital twin
alliances—bringing together industry, government, aca-
demia, and practitioners—will be essential for stand-
ardizing digital twin methodologies and establishing
interoperability protocols. Initiatives such as the Swedish
Digital Twin Alliance [113], the DigitWins Alliance [128],
and the broader Digital Twin Alliance® [129] exemplify
how collaborative networks can foster shared standards
and accelerate cross-domain integration.

Moreover, developing a universal digital twin design
and development platform is crucial. Early steps in this
direction are evidenced by initiatives like Boeing’s vir-
tual shared workspace, which creates a global collabora-
tive environment to harmonize practices among industry
partners [116].

Privacy and ethical challenges

Current status and issues The application of DT tech-
nology in oncology involves highly sensitive patient data,
such as genomic and imaging data [130], making privacy
protection and the lawful use of data critical ethical chal-
lenges [131]. Furthermore, the fairness and transparency
of existing algorithms across different populations remain
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unresolved [132]. Hernandez-Boussard et al. [9] noted
that Cancer Patient Digital Twins (CPDT) are susceptible
to biases when learning from skewed datasets, reflecting
systemic inequities in existing healthcare systems.

Analysis and recommendations Existing studies indicate
that GANs can effectively anonymize sensitive patient
data by generating synthetic datasets, which not only
protect privacy but also expand data availability in data-
scarce areas [55, 72, 73]. Similarly, federated learning-
based models improve algorithm performance by mitigat-
ing risks associated with centralized data sharing [133].
In addition to these techniques, adopting robust privacy-
by-design practices—such as strong encryption, secure
transmission protocols (e.g., HT'TPS or VPN), and regu-
lar anomaly detection—can further safeguard sensitive
information [134]. Integrating blockchain technology into
DT systems also offers a promising means of enhancing
data integrity and transparency by enabling decentralized
consent management and efficient auditing. Moreover,
addressing system-level vulnerabilities, as demonstrated
by Zhang et al. [37] with models that capture bidirectional
contextual relationships in IoT environments, can miti-
gate risks like model manipulation. On the ethical front,
frameworks such as that proposed by Moztarzadeh et al.
[64], which build real-time, reliable cancer DT models,
not only optimize diagnostic and treatment decisions but
also reduce inherent biases in clinical applications. For
a broader regulatory context, readers may also consult
initiatives like the EDITH project’s Strategic Plan, which
outlines comprehensive guidelines on data collection, pri-
vacy, and ethical standards for deploying DT technology
in healthcare [112].

Challenges in clinical translation and applicability

Current status and issues Although DT technology
shows remarkable potential in experimental studies, its
translation from lab to clinic faces numerous challenges.
High computational complexity and hardware require-
ments hinder its adoption in small and medium-sized
healthcare institutions [135-137]. Additionally, the tran-
sition of complex models to clinical applications demands
extremely high reliability and robustness [138, 139]. The
lack of interpretability in current models undermines
trust from clinicians and patients, impacting their prac-
tical application in clinical decision-making [140, 141].
Most research remains in experimental stages, with insuf-
ficient external validation and cross-institutional applica-
tion, raising concerns about the reliability and generaliz-
ability of models in real-world clinical settings [23, 40].

Analysis and recommendations To address resource
constraints in clinical settings, Merchant et al. [61] pro-
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posed the use of high-performance computing (HPC) for
large-scale agent-based simulations, optimizing distrib-
uted computation for real-time interaction. Christenson
et al. [75] demonstrated that simplified modeling tech-
niques, such as proper orthogonal decomposition (POD),
reduce computational demands, offering solutions for
low-resource environments. Lorenzo et al. [138] empha-
sized the need to quantify numerical approximations
and uncertainties in tumor growth modeling to enhance
model robustness and generalizability. Wentzel et al. [68]
developed the DITTO platform to improve model inter-
pretability. By incorporating visual tools such as time-risk
curves, feature contribution analysis, and patient com-
parisons, DITTO significantly enhances the transparency
of model predictions and clinical trust. This approach
provides valuable references for promoting DT technol-
ogy in clinical practice, particularly in building trust and
improving model applicability.

Limitations of the study

Despite providing a comprehensive analysis, this study
has several limitations. First, the exclusive use of English-
language sources may have underestimated the breadth
of relevant literature in this field. Second, the inclusion
of studies relied on subjective judgment by the research-
ers, which could introduce selection bias. Additionally, as
the application of digital twin (DT) technology in tumor
therapy remains in its early stages, the limited number
of related studies may affect the comprehensiveness and
representativeness of the analysis. Lastly, the pragmatic
approach to identifying studies explicitly labeled as “digi-
tal twin” might have excluded relevant papers describ-
ing predictive models without explicitly using this term,
potentially underestimating the scope of published litera-
ture on DT applications in oncology.

Future research directions
Based on the findings of this study, future research
should prioritize the following areas:

1. Data Diversity and Shared Platforms

Through international multi-center collaboration, a
diverse and high-quality tumor data-sharing platform
can be established to ensure the representativeness
and adaptability of sample distributions. This not only
enhances the generalization capability of digital twin
models but also fosters technological exchange and col-
laboration between different countries and regions [142].
For example, a global tumor data repository could be
developed to integrate clinical trial data and real-world
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data from various countries, supporting broader model
training and validation.

2. Standardization of Tools and Frameworks

To address the challenges of technical integration,
future research should focus on driving the standardiza-
tion of technical tools and data frameworks, particularly
in unifying data formats, interface standards, and valida-
tion methods. This will improve the efficiency of multi-
modal data integration, provide more accurate support
for model validation, and resolve the fragmentation of
imaging, omics, and dynamic physiological data, thereby
enhancing the applicability and comparability of digital
twin technology. Furthermore, developing highly inter-
operable platforms is critical for promoting interdisci-
plinary and cross-institutional collaboration, as it will
help accelerate the development of standardized techni-
cal methods and interoperability protocols, especially
for the global implementation of digital twin technol-
ogy. Strengthening public—private partnerships will not
only drive the implementation of these standards but also
foster cross-domain collaboration, ensuring the effec-
tive integration of technical tools in complex issues like
tumor treatment.

3. Data Privacy and Ethical Standards

Strengthen research on data privacy protection and
ethical standards to ensure the lawful use and privacy
protection of patient data during the application of digi-
tal twin technology. Building on current practices, future
efforts should focus on refining privacy-by-design strat-
egies, including robust encryption, secure transmission,
and blockchain-enabled consent management. Addi-
tionally, developing mechanisms to address data biases,
enhance algorithmic transparency, and ensure equitable
representation across diverse patient populations will be
essential. Research should also explore ways to integrate
real-time ethical decision-making frameworks into DT
systems to further align with evolving healthcare regula-
tions and maintain patient trust.

4. Clinical translation and validation

Accelerating the clinical translation of DT technology
requires multi-center clinical trials to validate the appli-
cability and reliability of models. Large-scale trials should
test the efficacy and utility of DT models across different
tumor types and treatment stages. Enhancing the train-
ing of clinicians and technical staff will improve their
ability to integrate DT technology into clinical practice
[143]. Meanwhile, developing user-friendly tools with
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intuitive interfaces will enable non-technical users (e.g.,
clinicians) to adopt these technologies more easily. Addi-
tionally, Regulatory bodies such as the FDA (U.S.) and
EMA (Europe) must also establish clear guidelines for
using DT technology in clinical trials [144].

5. Optimization of virtual patient modeling

Future advancements should focus on developing vir-
tual patient modeling technologies with higher biological
fidelity to better reflect the complex physiological states
of patients. Meanwhile, optimize multimodal data inte-
gration methods to enhance the accuracy and real-time
performance of the model.

Conclusion

Digital twin technology demonstrates immense potential
in tumor therapy by optimizing personalized treatment
plans through multi-modal data integration and dynamic
modeling. However, challenges such as insufficient data
diversity, imbalanced sample sizes, limited interoperabil-
ity of technical frameworks, and issues related to data pri-
vacy and ethics remain unresolved. Future efforts should
focus on fostering international collaboration, building
data-sharing platforms, standardizing cross-disciplinary
frameworks, and strengthening ethical guidelines to pro-
mote the widespread application of DT technology in
precision oncology. These measures will improve treat-
ment outcomes and the quality of life for patients.

As technology advances and research deepens, DT
technology has the potential to transition from the “vir-
tual” to the “real,” becoming a critical tool in precision
medicine and contributing to the global fight against
cancer. This study provides a systematic analysis of DT
applications in tumor therapy, offering a comprehensive
perspective and outlining directions for future research.
It is hoped that this study will attract academic atten-
tion and facilitate the further development and applica-
tion of DT technology in precision oncology.
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