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ABSTRACT
Background/Objectives: Breast cancer remains a major global health challenge, with significant 
variability in patient outcomes necessitating personalized diagnostic and treatment approaches. 
The present study aimed to develop an artificial intelligence-powered digital twin framework 
for personalized breast cancer diagnosis and treatment simulation. Materials and Methods: A 
retrospective computational model was developed using the Wisconsin Breast Cancer Dataset 
comprising 569 samples and 30 radiomic features. The dataset was divided into training (80%) and 
testing (20%) sets, and five-fold cross-validation was performed. A gradient boosting algorithm 
was integrated within a digital twin architecture to enable patient-specific risk prediction and 
treatment pathway simulation. Results: The model achieved high diagnostic performance with 
an accuracy of 97.37%, sensitivity of 97.78%, specificity of 97.10%, precision of 0.976, F1-score 
of 0.975, and AUC-ROC of 0.9945. The framework enabled individualized risk stratification into 
low-, intermediate-, and high-risk categories, along with corresponding treatment pathway 
simulations. Conclusion: The proposed digital twin framework integrates predictive modeling 
with virtual patient simulation, enhancing interpretability and supporting precision oncology 
decision-making. This approach demonstrates strong potential for personalized breast cancer 
diagnosis, risk assessment, and clinical decision support.

Keywords: Artificial Intelligence, Breast Cancer, Digital Twin, Gradient Boosting, Precision 
Oncology.

INTRODUCTION

Breast cancer continues to be a top cause of cancer-related 
deaths among women around the world. Breast cancer has high 
rates of occurrence and death globally, especially in low- and 
middle-income countries. Clinical results vary widely across 
people due to tumour heterogeneity and biological behaviour, 
despite breakthroughs in screening and treatment methods. 
Conventional breast cancer management relies on clinical criteria 
such tumour size, lymph node status, histological grading, and 
receptor expression. Although these variables provide important 
predictive information, they may not fully capture the complex 
link between tumour biology and patient-specific characteristics. 
As a result, therapy choices are often made using broad 
recommendations that might not be ideal for specific patients. 
This limitation has led to increased emphasis on precision 

oncology, which focuses on tailoring diagnosis and treatment 
according to individual patient profiles.1-4

Artificial intelligence is a powerful tool for analysing complex 
biomedical datasets and improving cancer diagnostic accuracy. 
Machine learning algorithms can analyse high-dimensional 
datasets, including imaging, histology, and clinical data.

Machine learning algorithms can find nonlinear relationships and 
reveal hidden patterns. Ensemble learning methods, like gradient 
boosting, provide better predictive performance because they 
combine several weak learners and lower prediction errors. These 
models have been used effectively in clinical decision-support 
systems, risk prediction, and breast cancer classification.5-9 
Digital twin technology represents an advanced application of 
artificial intelligence within the healthcare sector. A digital twin is 
a computational representation that mirrors a physical object by 
integrating dynamic data to simulate its behaviors and results.10-14

Digital twins make it possible to create patient-specific models in 
oncology that can assess treatment options, simulate the course 
of the disease, and aid in clinical decision-making. This method 
enhances individualised treatment planning and permits in silico 
experimentation.11-16
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Breast cancer is a heterogeneous illness, so the adoption of digital 
twin technology is quite promising. Digital twin frameworks 
can produce personalised risk assessments and predict possible 
treatment paths by combining machine learning with virtual 
patient modelling. Clinicians may be able to detect high-risk 
patients, optimise treatment plans, and reduce needless 
treatments with the use of such systems.15,16

Nonetheless, despite increased interest, there is still a scarcity 
of comprehensive frameworks that combine digital twin-based 
simulation and predictive modelling. Many existing studies focus 
either on classification algorithms or conceptual digital twin 
designs, with limited development of unified, clinically applicable 
systems.

Therefore, the present study aimed to develop an artificial 
intelligence-powered digital twin framework for personalized 
breast cancer diagnosis and treatment simulation using a gradient 
boosting machine learning approach. The proposed model 
integrates predictive analytics with virtual patient modeling to 
generate individualized risk stratification and treatment pathway 
simulation, thereby supporting precision oncology and clinical 
decision-making.17-20

MATERIALS AND METHODS

Study Design

The present research was structured as a retrospective 
computational model development study, aimed at establishing 
a digital twin framework utilizing artificial intelligence for 
personalized diagnosis and treatment simulation of breast 
cancer. The methodological workflow included data collection, 
preprocessing, feature engineering, model construction, internal 
validation, and digital twin-based simulation. The approach 
supports precision oncology decision-making by combining 
virtual patient modelling with machine learning-based 
prediction.11,14

The study focused on developing a gradient boosting-based 
predictive model embedded within a digital twin architecture 
capable of generating individualized risk stratification and 
treatment pathway simulation. The computational workflow 
followed standard machine learning practices including 
training-testing split, cross-validation, and performance 
evaluation using clinically relevant metrics.5,17

Dataset Description

The model was built on the Wisconsin Breast Cancer Dataset 
(Diagnostic). The collection includes 569 patient samples 
taken from digital pictures of breast lumps using a fine needle 
aspiration. Each sample is classified as benign or malignant, and 
30 Numerical parameters that describe the morphology of cell 
nuclei.18 The dataset characteristics used for digital twin model 
development are summarized in Table 1.

The features were determined based on ten primary nuclear 
attributes, such as morphology, radius, perimeter, surface area, 
surface smoothness, compactness, concavity, concave regions, 
symmetry, and fractal dimension. Three calculations were made 
for each attribute: the mean value, standard deviation, and worst 
value. These characteristics indicate structural irregularities and 
nuclear morphology associated with malignant transformation.6,9

Data Preprocessing

The dataset was preprocessed to guarantee data consistency 
and quality before the model was developed. The absence of 
incomplete records in the dataset was verified by missing value 
analysis. Since every variable was numerical, machine learning 
analysis could be performed without the need for categorical 
encoding.

Standard normalisation was used for feature scaling in order to 
convert variables to zero mean and unit variance. In addition to 
ensuring that all features contributed equally, this step stopped 
high magnitude variables from controlling model training. 
Additionally, during gradient boosting optimisation, data 
normalisation enhances convergence.7

An 80:20 split was utilised to divide the dataset into training 
and testing sections. To eliminate sample bias and improve 
model generalisability, stratified sampling was utilised to ensure 
proportionate representation of benign and malignant cases in 
both groupings.

Digital Twin Framework Architecture

The proposed artificial intelligence-powered digital twin 
architecture consisted of four interconnected layers:Data 
assimilation layer, Feature processing layer, Predictive modeling 
layer. The overall architecture of the proposed AI-powered digital 
twin framework is illustrated in Figure 1.

Simulation and decision-support layer

The data assimilation layer receives patient-specific input 
features. The feature processing layer performs normalization 

Parameter Description
Dataset Wisconsin Breast Cancer 

Dataset
Total samples 569
Benign cases 357 (62.7%)
Malignant cases 212 (37.3%)
Number of features 30
Training set 455 (80%)
Testing set 114 (20%)
Validation method 5-fold cross-validation

Table 1: Dataset Characteristics Used for Digital Twin Model 
Development.
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and feature selection. The predictive modeling layer applies the 
gradient boosting classifier to generate malignancy predictions 
and probability scores. The simulation layer converts prediction 
outputs into a virtual patient model capable of risk stratification 
and treatment pathway simulation. This architecture enables 
dynamic representation of disease status and supports 
individualized decision-making in precision oncology.10-20

Feature Selection

All 30 features were initially included in model development. 
Feature importance ranking was performed using gradient 
boosting importance scores. Correlation-based filtering 
was applied to identify redundant variables and reduce 
multicollinearity.

Feature selection increases computing efficiency, decreases 
overfitting, and improves model interpretability. The most 
informative predictors contributing to malignancy classification 
were retained in the final model. These features correspond to 
morphological indicators of tumor aggressiveness.17,21

Machine Learning Model Development

Gradient boosting classifiers were chosen as the key prediction 
approach. Gradient boosting is an ensemble learning technique 
that minimises prediction error by gradually integrating weak 
learners. The model was trained using the training dataset 
(n=455). The technique creates decision trees iteratively, with 
each new tree removing residual flaws from the previous tree.8

Cross-validation was utilised to tune hyper parameter settings 
including training rate, count of estimators, and maximum tree 
depth. The algorithm's ability to capture complicated feature 
interactions and nonlinear correlations in structured biological 
datasets influenced its selection.22,23

Training and Validation

A five-fold cross-validation technique was employed to 
assess model stability while minimising overfitting. Five 
subsets were generated from the training dataset. The model 
was trained on four subsets, with the remaining subset 
utilised for validation. Average performance metrics were 
computed after this procedure was carried out five times.  
The independent testing dataset was not used for training; instead, 
it was held aside for the final model assessment. Cross-validation 
guarantees that performance is independent of a single data split 
and enhances reliability. Metrics for Performance Evaluation.5,21

Performance Evaluation Metrics

The following classification measures were used to evaluate model 
performance: accuracy, sensitivity, specificity, precision, F1-score, 
and Area Under Receiver Operational Characteristic Curve 
(AUC-ROC). Overall classification performance is measured by 
accuracy. While specificity assesses the accurate categorisation of 
benign instances, sensitivity assesses the accurate identification of 
malignant case. Positive predictive value is reflected in precision. 
The F1-score provides an accurate measure of recall and precision. 
AUC-ROC evaluates discriminatory power without respect for 
threshold.9,19

Digital Twin Simulation Workflow

Following prediction, the digital twin framework generated 
patient-specific outputs. The workflow included:

Patient data acquisition, Feature preprocessing, Gradient 
boosting prediction, Probability estimation, Risk stratification 
and Treatment pathway simulation.

Clinical decision-support output.

The digital twin translated prediction outputs into individualized 
risk categories.

Figure 1: Architecture of the AI-powered digital twin framework for personalized breast cancer diagnosis and treatment simulation. The framework integrates 
data acquisition, preprocessing, feature engineering, gradient boosting-based prediction, digital twin simulation, and clinical decision-support modules to 

generate individualized risk assessment and treatment pathway recommendations.
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Based on risk classification, the framework simulated conceptual 
treatment pathways including monitoring, diagnostic evaluation, 
surgical planning, and systemic therapy options. This virtual 
modelling supports precision oncology decision-making and 
individualized patient management.11,12

Digital twin framework architecture

The suggested artificial intelligence-powered digital twin system 
was designed to create a virtual depiction of breast cancer 
patients for personalised diagnosis and therapy simulation. 
The architecture integrates machine learning-based prediction 
with patient-specific modeling to support precision oncology 
decision-making. The digital twin operates as a computational 
surrogate that mirrors disease characteristics and produces 
individualized risk assessment and treatment pathway outputs.10-20

The framework consists of four primary layers: data assimilation 
layer, feature processing layer, predictive modeling layer, and 
simulation and decision-support layer. These components 
function sequentially to convert patient-specific input data into 
clinically meaningful outputs.

Data Assimilation Layer

The digital twin framework's input component is the data 
assimilation layer. Digitised fine needle aspiration images are 
used to generate patient-specific characteristics for this layer. 
The dataset includes the input variables include radius, texture, 
circumference, surface area, smoothness, compactness, concavity 
metric (concave points), symmetry, and fractal dimension. Each 
parameter consists of its mean, standard error, and worst values. 
Together, these metrics characterise the cellular morphology 
linked to malignant transformation. The input structure is 
standardised by the data assimilation layer, which also gets the 
dataset ready for further processing.18,6

Feature Processing Layer

Preprocessing, normalisation, and feature selection are carried 
out by the feature processing layer. To guarantee that each 
variable contributes equally during model training, features are 
converted into comparable ranges using standard scaling.This 
technique enhances model stability and avoids bias brought on 
by high-magnitude features.

Feature selection is performed using importance ranking and 
correlation filtering. Redundant and weakly predictive variables 
are minimized to enhance generalization and reduce overfitting. 
The processed feature set is then forwarded to the predictive 
modeling layer. This layer also improves interpretability by 
identifying clinically meaningful predictors contributing to 
malignancy classification.7,17

Predictive Modeling Layer

The predictive modeling layer represents the core computational 
engine of the digital twin framework. A gradient boosting 
classifier is implemented to generate malignancy predictions and 
probability scores. The algorithm sequentially combines multiple 
decision trees to minimize classification error and capture 
nonlinear relationships among features.

The predictive modeling layer produces three outputs:

	 •	 Binary classification (benign or malignant)

	 •	 Probability score

	 •	 Feature importance ranking

These outputs are subsequently utilized by the simulation layer 
to generate personalized virtual patient representations and risk 
stratification results.7,5

Simulation and Decision-Support Layer

The simulation layer transforms predicted outputs into a virtual 
patient model. Patients are classified into low, middle, and high 
risk categories based on their predicted chance.

The digital twin simulates treatment pathways according to risk 
classification. Low-risk patients are assigned to monitoring and 
routine screening. Intermediate-risk patients are recommended 
for additional diagnostic evaluation. High-risk patients are 
mapped to treatment planning pathways including biopsy, 
surgical consultation, and systemic therapy consideration.

The simulation layer generates individualized decision-support 
outputs. These outputs function as clinical guidance rather than 
prescriptive recommendations. The digital twin therefore serves 
as an assistive tool for precision oncology decision-making.10-20

Digital Twin Workflow

The overall digital twin workflow follows a sequential pipeline:

	 •	 Patient feature input.

	 •	 Data preprocessing.

	 •	 Feature selection.

	 •	 Gradient boosting prediction.

	 •	 Probability estimation.

	 •	 Risk stratification.

	 •	 Treatment pathway simulation.

	 •	 Clinical decision output.

This workflow enables transformation of static patient data into 
dynamic virtual patient models. The digital twin continuously 
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represents disease characteristics and supports individualized 
treatment planning.

Clinical Relevance of Digital Twin Architecture

The digital twin framework offers several advantages for breast 
cancer management. First, it enables personalized risk prediction 
using patient-specific data. Second, it supports treatment pathway 
simulation without direct clinical intervention. Third, it enhances 
decision-making through interpretable outputs. Fourth, the 
architecture is scalable and can integrate additional modalities 
including genomics, imaging, and longitudinal clinical data.

The proposed architecture therefore represents a practical 
implementation of digital twin technology for precision oncology 
applications and personalized breast cancer management.10-20

Ethical Approval

This study utilized a publicly available dataset (Wisconsin Breast 
Cancer Dataset) and did not involve human or animal subjects 
directly; therefore, ethical approval was not required.

RESULTS

Model Performance

The gradient boosting-based digital twin framework demonstrated 
strong performance in classifying breast tumors. An independent 
test dataset with 114 samples was used to assess the model. High 
diagnostic accuracy and efficient distinction between benign and 
malignant cases were demonstrated by the predictive model.

The model's overall classification accuracy was 97.37%. While the 
specificity was 97.10%, suggesting a dependable classification of 
benign cases, the sensitivity was 97.78%, indicating an exceptional 
capacity to identify malignant tumours. The Area Under the 
Receiver Operating Characteristic Curve (AUC-ROC), which 

was 0.9945, showed near-perfect discriminative capacity. These 
findings demonstrate that the artificial intelligence-driven digital 
twin structure provides accurate diagnostic predictions and 
balanced categorisation performance. The performance metrics 
of the proposed AI-powered digital twin model are presented in 
Table 2. The Receiver Operating Characteristic (ROC) curve and 
digital twin-based risk stratification workflow are presented in 
Figure 2.

Cross-Validation Results

Five-fold cross-validation was applied on the training dataset 
to evaluate the model's stability and generalisation. The 
cross-validation results showed that all folds performed 
consistently. With little variance between folds, the average 
cross-validation accuracy was roughly 97.5%.

These findings indicate that the model generalized well and was 
not dependent on a single dataset partition. The consistency 
across folds confirms the robustness of the gradient boosting 
algorithm and supports its integration within the digital twin 
framework.

Confusion Matrix Analysis

To thoroughly assess categorisation performance, confusion 
matrix analysis was used. Most samples were correctly identified 

Metric Value
Accuracy 97.37%
Sensitivity 97.78%
Specificity 97.10%
Precision 0.976
F1 Score 0.975
AUC-ROC 0.9945

Table 2: Performance Metrics of the AI-Powered Digital Twin Model.

Figure 2: ROC curve performance and digital twin-based risk stratification framework. The ROC curve demonstrates the predictive performance of the gradient 
boosting model (AUC-ROC = 0.9945). The digital twin framework categorizes patients into low-, intermediate-, and high-risk groups and simulates corresponding 

treatment pathways to support precision oncology decision-making.
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by the model, and just a few misclassifications were noted. The 
confusion matrix results are presented in Table 3.

The confusion matrix demonstrates high sensitivity and specificity. 
The low number of false negative cases is clinically significant 
because missed malignant diagnoses may delay treatment.

Analysis of Feature Importance

Gradient boosting importance scores were used in feature 
importance analysis to find factors influencing malignancy 
categorisation. The worst concave spots, worst area, worst 
perimeter, worst radius, and mean concavity were the most 
significant characteristics. The ranking of important predictive 
features is shown in Table 4.

Concavity-related and morphological features demonstrated the 
highest predictive value, indicating that structural irregularities 
of cell nuclei play a major role in distinguishing malignant from 
benign tumors.

Risk Stratification

The digital twin framework categorized patients into risk groups 
based on predicted probability scores. The risk categories included 
low risk, intermediate risk, and high risk.

Patients classified in the low-risk category demonstrated low 
probability of malignancy and were assigned to monitoring 
pathways. Intermediate-risk patients were recommended for 
additional diagnostic evaluation, whereas high-risk patients were 
mapped to treatment planning pathways. This risk stratification 
capability demonstrates that the digital twin model provides 
individualized patient assessment beyond binary classification.

Treatment Simulation Results

The digital twin framework simulated conceptual treatment 
pathways based on predicted risk categories. Low-risk patients 
were assigned to routine monitoring and follow-up screening. 
Intermediate-risk patients were recommended for diagnostic 
confirmation including imaging and biopsy. High-risk patients 
were mapped to treatment planning pathways including surgical 
consultation and systemic therapy consideration.

These simulation outputs provide individualized guidance 
for clinical decision-making and demonstrate integration of 
predictive modeling with treatment pathway simulation.

Clinical Decision Support Output

The digital twin generated patient-specific decision-support 
outputs including predicted diagnosis, probability score, risk 
category, and suggested clinical pathway. The proposed digital 
twin model demonstrated competitive accuracy and improved 
interpretability through integration of prediction and treatment 
simulation. Overall, the results indicate that the artificial 
intelligence-powered digital twin framework achieved high 

predictive accuracy and successfully generated individualized 
risk stratification and treatment simulation outputs for precision 
oncology applications.

DISCUSSION

The present study developed an artificial intelligence-powered 
digital twin framework for personalized breast cancer diagnosis 
and treatment simulation using a gradient boosting classifier. 
The proposed model demonstrated high diagnostic accuracy, 
strong discriminative capability, and effective risk stratification. 
Integration of machine learning prediction with virtual patient 
modeling represents an important advancement toward precision 
oncology-based clinical decision-support systems.7-11

With an AUC-ROC of 0.9945 and an overall accuracy of 97.37%, 
the model demonstrated exceptional classification performance. 
The model's high sensitivity (97.78%) demonstrates its capacity 
to accurately detect malignant tumours, which is essential for 
prompt diagnosis and treatment. In a similar vein, the specificity 
of 97.10% shows accurate benign case classification, which 
minimises needless diagnostic procedures. These results validate 
that gradient boosting methods may be successfully included 
into digital twin frameworks and are suitable for structured 
biomedical datasets.7-9

The proposed model's performance is on par with or superior to 
previously published machine learning models created with the 
Wisconsin Breast Cancer Dataset. Prior studies that employed 
logistic regression, support vector machines, and random forest 
classifiers found classification accuracy ranging from 93% to 
98%.30,37,45 However, most previous investigations focused only 
on prediction. In contrast, the present study integrates predictive 
modeling with digital twin-based simulation, thereby improving 

Type of tumor Predicted Benign Predicted 
Malignant

Actual Benign 60 1
Actual Malignant 2 51

Table 3: Confusion Matrix.

Rank Feature Importance
1 Worst Concave 

Points
0.42

2 Worst Area 0.18
3 Worst Perimeter 0.12
4 Worst Radius 0.09
5 Mean Concavity 0.07
6 Worst Texture 0.05
7 Mean Radius 0.03
8 Mean Area 0.02

Table 4:  Feature Importance Ranking.
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clinical utility. The combination of prediction and simulation 
transforms a conventional classification model into a personalized 
decision-support system.

Digital twin technology provides several advantages compared 
with traditional artificial intelligence approaches. Conventional 
machine learning models generate static predictions, whereas 
digital twins create dynamic virtual patient representations. These 
virtual models enable simulation of disease progression, risk 
assessment, and treatment pathway evaluation. The digital twin 
framework developed in this study translates prediction outputs 
into individualized risk categories and simulated treatment 
pathways, improving interpretability and supporting precision 
oncology decision-making.10-20

The most significant predictors of malignancy, according to 
feature significance analysis, were nuclear morphological 
parameters and concavity-related traits. These findings are 
consistent with pathological studies that indicate uneven nuclear 
shape and structural distortion are associated with malignant 
transformation.6,9 The agreement between model-derived 
predictors and biological understanding enhances interpretability 
and strengthens the reliability of the digital twin framework.

A crucial element of personalised medicine is risk classification. 
Three groups of patients were created: low-risk, intermediate-risk, 
and high-risk. using the suggested digital twin paradigm. This 
categorisation minimises needless actions for low-risk individuals 
while prioritising high-risk patients in need of immediate exam. 
The ability to stratify risk demonstrates that the digital twin 
extends beyond binary classification and supports individualized 
patient management.9,19

The treatment simulation component further improves clinical 
relevance. Based on predicted risk categories, the digital twin 
simulated conceptual treatment pathways including monitoring, 
diagnostic evaluation, and treatment planning. Although these 
simulations are not intended to replace clinical judgment, they 
provide decision-support guidance aligned with precision 
oncology principles. This capability may assist clinicians in 
evaluating management strategies and improving workflow 
efficiency.24,25,31

The digital twin architecture also demonstrates scalability 
and extensibility. While the present study utilized structured 
radiomic features, the framework can be expanded to incorporate 
multimodal data including genomic profiles, imaging data, 
histopathology findings, and longitudinal clinical records. 
Integration of multimodal data may improve predictive accuracy 
and enable dynamic updating of virtual patient models. Such 
capabilities are essential for real-world implementation of digital 
twins in oncology.15,16,20,41-44

Despite these advantages, there are a few drawbacks to take into 
account. As a benchmark dataset, the Wisconsin Breast Cancer 

Dataset might not accurately reflect clinical populations in the 
real world. To evaluate generalisability, independent datasets 
must be used for external validation.34,38 Furthermore, the lack 
of genetic or longitudinal clinical data in the dataset restricts 
the ability to simulate the course of the disease over time. Before 
being implemented, the treatment simulation component must 
undergo prospective clinical validation.

Future research should focus primarily on integrating multimodal 
data sources, such as genetics, imaging, and electronic health 
records. To assess clinical value, prospective validation studies 
are required. Predictive performance and decision support may 
be further enhanced by real-time updating of digital twin models 
using patient-specific data. These advancements could make it 
possible to implement digital twin systems in standard healthcare 
procedures.32-36,49

Overall, the findings demonstrate that artificial 
intelligence-powered digital twin frameworks have strong 
potential in breast cancer precision oncology. Integration of 
gradient boosting prediction with virtual patient modeling 
enables personalized risk assessment and treatment simulation. 
This strategy is a significant advancement in the development of 
sophisticated clinical decision-support systems for the treatment 
of breast cancer.25,48,49

CLINICAL IMPLICATIONS

The proposed AI-powered digital twin paradigm has important 
implications for breast cancer screening and customised therapy 
planning. Precision oncology can be approached in a new way 
by combining virtual patient modelling with machine learning 
prediction. By creating individualised risk assessments and 
treatment simulations, the digital twin system can assist doctors 
in making well-informed decisions based on patient-specific 
characteristics.10-16,25

Increased diagnostic precision is one of this framework's main 
clinical consequences. The model's high sensitivity and specificity 
suggest that the digital twin can serve as a useful decision-support 
tool for the early identification of malignant tumours. Early 
detection of high-risk individuals is essential for managing 
breast cancer since prompt intervention increases survival 
rates. Therefore, the digital twin model may assist clinicians in 
prioritizing patients requiring urgent diagnostic evaluation.9,19

The risk stratification capability further enhances the clinical 
utility of the framework. Patients categorized as low risk may 
be managed with routine monitoring and follow-up, thereby 
reducing unnecessary invasive procedures. Intermediate-risk 
patients can be directed toward additional diagnostic evaluation 
including imaging and biopsy, whereas high-risk patients can 
be prioritized for treatment planning. This stratified approach 
aligns with personalized medicine principles and may improve 
healthcare resource utilization.24,25
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The treatment simulation component provides an additional 
layer of clinical decision support. By mapping patients to 
conceptual treatment pathways, the framework assists clinicians 
in evaluating management strategies. Although the system does 
not replace clinical judgment, it offers evidence-based guidance 
that may improve workflow efficiency and decision-making.9,19 
This capability may be particularly useful in multidisciplinary 
tumor board discussions where treatment planning requires 
integration of multiple clinical parameters.

The digital twin concept may also be useful in precision 
pharmacology. Breast cancer is frequently treated with systemic 
therapies such as chemotherapy, hormone therapy, and targeted 
therapy.

Using patient-specific data, the digital twin architecture can be 
expanded to model drug response and toxicity risk. This kind 
of simulation capabilities could help minimise side effects and 
promote customised therapy selection. Pharmacogenomic 
data integration could improve treatment customisation even 
more.24,32,33

Another important implication is the use of digital twins in clinical 
education and training. Virtual patient models enable clinicians 
and trainees to simulate treatment scenarios and evaluate 
outcomes without risk to patients. This approach may improve 
understanding of disease progression and treatment response. 
Digital twin platforms may therefore serve as educational tools in 
oncology training programs.34,39,40

Additionally, the platform facilitates integration with healthcare 
systems and scalability. The architecture can be extended to 
include genomic data, imaging data, and electronic health 
records. Real-time updating of digital twin models would enable 
continuous monitoring of disease progression and treatment 
response. Such integration could transform digital twins 
into dynamic clinical decision-support systems for oncology 
practice.20,41-44

Overall, the artificial intelligence-powered digital twin framework 
demonstrates substantial clinical potential in breast cancer 
management. The ability to combine diagnostic prediction, 
risk stratification, and treatment simulation supports precision 
oncology and individualized patient care. To evaluate practical 
efficacy and integration into standard healthcare workflows, 
more clinical validation research is needed.45-49

LIMITATIONS

Although the proposed digital twin framework works well, there 
are a few disadvantages to consider. The work started with the 
Wisconsin Breast Cancer Dataset, a common dataset used in 
machine learning research. This dataset may not fully capture the 
complexity and diversity of real clinical populations, even if it was 
carefully chosen. Independent datasets must be used for external 
validation in order to confirm the model's generalisability.18,6

Second, the dataset contains only morphological features derived 
from fine needle aspiration images. Important clinical variables 
such as patient demographics, tumor staging, receptor status, 
genomic profiles, and treatment outcomes were not available. 
The absence of multimodal data limits the ability of the digital 
twin to simulate comprehensive disease behavior and treatment 
response.41-44

Third, the digital twin treatment simulation is conceptual and 
not intended as direct clinical recommendations. The simulated 
pathways are based on risk stratification rather than real 
treatment outcomes. To validate the simulation component and 
assess its clinical utility, prospective clinical investigations are 
necessary.24,34

The study's retrospective design is another drawback. Without 
a prospective assessment, the model was trained and validated 
using data that already existed.

Real-world deployment would require prospective validation 
and calibration using clinical datasets from multiple institutions. 
Additionally, model performance may vary across different 
populations and healthcare settings.34,38

The current framework also does not incorporate longitudinal 
data. A true digital twin should dynamically update using serial 
patient information, including follow-up imaging, laboratory 
values, and treatment response. The absence of longitudinal data 
limits the ability to simulate disease progression over time.20,41

Finally, interpretability and clinical integration remain 
challenges. Although feature importance analysis provides partial 
interpretability, further development of explainable artificial 
intelligence techniques is necessary. Integration with hospital 
information systems and clinical workflows will also require 
additional validation and regulatory considerations.21,33,34

FUTURE SCOPE

Future studies should concentrate on adding multimodal data 
sources to the suggested digital twin paradigm. Combining 
genetic profiles, radiological imaging, histopathology pictures, 
and clinical factors may increase tumour heterogeneity 
representation and predictive accuracy. Multimodal digital twin 
systems can capture complex disease characteristics and support 
more precise personalized treatment planning in breast cancer 
management.11,41-44

Prospective clinical validation represents an essential next step 
for translation into real-world practice. Evaluation of the digital 
twin framework in clinical settings would help determine its 
impact on diagnostic accuracy, treatment decision-making, 
and patient outcomes. Multicenter validation studies involving 
diverse patient populations may improve model generalizability, 
reliability, and clinical applicability.24,34,38
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Real-time updating of digital twin models is another important 
future direction. Continuous integration of patient-specific data, 
including treatment response, follow-up imaging, and laboratory 
findings, would enable dynamic modeling of disease progression. 
Adaptive digital twins could support longitudinal monitoring, 
early detection of disease progression, and optimization of 
therapeutic strategies over time.10-20

Integration with precision pharmacology also represents a 
promising area for future research. Advanced digital twin models 
may simulate drug response, toxicity risk, and optimal dosing 
strategies based on patient-specific characteristics. Incorporation 
of pharmacogenomic data could further personalize therapy 
selection and minimize adverse drug reactions, thereby improving 
treatment efficacy and patient safety.24,32,33

Scalable clinical implementation may also be made possible 
by the deployment of digital twin systems on cloud-based 
platforms. Integration with electronic health records and 
hospital information systems would make normal clinical 
use easier. Adoption in healthcare settings will depend on 
clinician-interpretable dashboards, explainable AI outputs, and 
user-friendly interfaces.21,33,34

Overall, continued research, clinical validation, and 
technological advancements will enable translation of artificial 
intelligence-powered digital twin systems from computational 
prototypes to real-world precision oncology applications. Future 
advancements in digital twins could drastically change how 
breast cancer is diagnosed, tracked, and treated.15,20,45-50

CONCLUSION

The current work developed an artificial intelligence-powered 
digital twin architecture for personalised breast cancer diagnosis 
and therapy simulation using a gradient boosting machine 
learning technique. The proposed model demonstrated 
outstanding diagnostic performance with an accuracy of 97.37%, 
sensitivity of 97.78%, specificity of 97.10%, and AUC-ROC of 
0.9945. These findings demonstrate that the model accurately 
distinguishes between benign and malignant breast tumours and 
support its application in precision oncology.

Integration of machine learning prediction with digital twin 
architecture enables transformation of patient-specific data into 
virtual representations capable of risk stratification and treatment 
pathway simulation. Unlike conventional classification models, 
the proposed framework generates individualized outputs that 
support personalized decision-making. The ability to categorize 
patients into risk groups and simulate management pathways 
highlights the clinical relevance of the digital twin approach.

The framework also demonstrates scalability and adaptability. 
Although the present study utilized structured radiomic features, 
the architecture can be extended to incorporate multimodal 

data including imaging, genomics, histopathology, and clinical 
records. Such integration may improve predictive accuracy and 
enable dynamic updating of virtual patient models. The digital 
twin approach therefore represents a promising foundation for 
future precision oncology systems.

Despite these benefits, prior to practical deployment, prospective 
clinical testing and external validation are required. The treatment 
simulation component remains conceptual and requires validation 
using real-world clinical outcomes. Future research should focus 
on multimodal data integration, explainable artificial intelligence 
development, and clinical effectiveness evaluation.

All things considered, the digital twin framework driven 
by artificial intelligence shows great promise for enhancing 
breast cancer diagnosis and assisting with individualised 
treatment planning. An essential step toward intelligent clinical 
decision-support systems and precision oncology applications 
is the integration of gradient boosting prediction with virtual 
patient modelling.
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SUMMARY

An AI-powered digital twin framework for breast cancer 
diagnosis and treatment simulation was developed.
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• The gradient boosting model achieved 97.37% accuracy and an 
AUC-ROC of 0.9945.

• The framework enabled individualized risk stratification into 
low-, intermediate-, and high-risk groups.

• Patient-specific treatment pathway simulation supported 
precision oncology decision-making.

• The digital twin architecture demonstrated potential as a future 
clinical decision-support system.
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