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Abstract
Precision oncology in breast cancer has improved patient stratification but remains limited by static biomark-
ers that fail to capture tumor heterogeneity and therapy-induced evolution. Tumor twins have emerged as 
patient-specific models designed to mirror tumor behavior and predict treatment response. Two complementary 
approaches have matured: biological tumor twins, including patient-derived organoids and tumor-on-chip sys-
tems, and digital tumor twins integrating clinical, imaging, and multi-omics data into computational models. 
However, these paradigms have largely evolved independently, and current computational tools often function 
merely as one-way enabling technologies rather than dynamically coupled systems. In this Review, we syn-
thesize recent advances in both fields and introduce the conceptual framework of genuine hybrid tumor twins. 
These bidirectionally coupled, closed-loop systems leverage real-time non-destructive biological sensing to 
continuously calibrate computational simulations, which in turn enable predictive digital models to actively 
guide experimental and clinical interventions. We address critical biological and operational bottlenecks, includ-
ing culture-induced experimental bias, validation, data interoperability, and clinical implementation. Finally, we 
outline a practical three-phase translational roadmap spanning technical platform harmonization, retrospective 
uncertainty calibration, and adaptive prospective clinical trials. By bridging continuous biological monitoring 
with dynamic computational forecasting, hybrid tumor twins provide a realistic blueprint to advance adaptive, 
real-time precision oncology in breast cancer.
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Introduction: from stratified to individualized oncology

Breast cancer (BC) remains the most frequently diagnosed malignancy and a leading cause of cancer-related mor-
tality among women worldwide, despite major advances in early detection and treatment [1]. Precision oncology 
has improved patient stratification by aligning therapeutic decisions with molecular features such as hormone 
receptor status, HER2 amplification, and genomic risk signatures. However, current clinical decision-making still 
relies largely on static, population-based biomarkers that insufficiently capture tumor heterogeneity, microenvi-
ronmental influences, and therapy-induced evolutionary dynamics, leading to suboptimal treatment selection and 
the emergence of resistance [2]. These limitations highlight a critical unmet need for dynamic, patient-specific 
models capable of forecasting therapeutic response and tumor evolution in real time. Tumor twins have emerged 
as a promising conceptual framework to address this challenge by generating individualized representations of 
tumor behavior to guide clinical decision-making (Fig. 1) [3, 4]. In BC, tumor twin technologies have devel-
oped along two largely independent trajectories. Biological tumor twins are experimental models derived from 
patient material, including patient-derived organoids (PDOs), organ-on-chip platforms, and bioprinted tissues, 

Fig. 1  Conceptual evolution from stratified precision oncology to tumor twins in breast cancer. (A) Conventional precision 
oncology relies on population-based stratification using static biomarkers (e.g. hormone receptor or HER2 status), resulting 
in heterogeneous clinical outcomes among patients receiving similar treatments. (B) Intratumoral heterogeneity, microen-
vironmental complexity, and drivers of therapy resistance, including subclonal selection, spatial discordance, and receptor 
conversion, limit the predictive value of baseline biopsies and dictate treatment failure. (C) Tumor twins represent patient-
specific models designed to capture dynamic tumor behavior over time. A structured flowchart illustrates how biological 
tumor twins provide functional, experimentally grounded readouts, whereas digital tumor twins integrate longitudinal clini-
cal, imaging, and multi-omics workflows to simulate disease trajectories. Together, these approaches lay the foundation for 
individualized, adaptive cancer care. Created in BioRender. Corbet, C. (2026) https://BioRender.com/9xv5sr7
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which provide functional readouts of drug sensitivity. Digital tumor twins are computational representations that 
integrate longitudinal clinical, imaging, and multi-omics data to simulate tumor growth, treatment response, and 
disease evolution over time.

Despite their individual strengths, these biological and digital approaches remain largely disconnected, func-
tioning as static or one-way analytical tools rather than adaptive systems. We argue that neither approach alone 
is sufficient to guide clinical decision-making, and that their convergence into true hybrid tumor twins, defined 
as closed-loop, bidirectionally coupled systems where biological measurements continuously calibrate compu-
tational models and digital predictions inform adaptive experimental testing, represents a necessary paradigm 
shift toward dynamic precision oncology. BC provides an ideal framework to explore this integration, given the 
extensive development of experimental models, high-resolution imaging modalities, and computational frame-
works in this disease.

However, translating these concepts into clinical practice faces major hurdles: current BC applications rely 
predominantly on retrospective, small-cohort, or isolated enabling technologies, and no prospectively validated, 
closed-loop hybrid twin currently exists in routine oncology. In this Review, we synthesize recent advances in 
biological and digital platforms, establish a rigorous definition of hybrid tumor twins to distinguish genuine 
closed-loop systems from one-way artificial intelligence (AI)/organoid tools, critically assess their translational 
readiness and limitations, and propose a structured roadmap to bridge enabling technologies toward clinical 
implementation in early and advanced BC.

Biological tumor twins: experimental avatars of breast cancer

Biological twins aim to recapitulate patient-specific BC biology ex vivo while preserving clinically relevant fea-
tures such as molecular subtype, cellular heterogeneity, and therapeutic sensitivity. Among available platforms, 
PDOs and tumor-on-chip systems represent highly promising functional modalities, yet delivering actionable 
readouts within urgent clinical decision windows remains a primary operational barrier [5, 6]. Evaluating the 
translational readiness of BC biological models therefore requires strictly distinguishing technical feasibility and 
retrospective concordance from forward-looking validation and proven clinical utility.

Patient-derived organoids: functional relevance and clinical utility

BC organoids have evolved from proof-of-concept systems into large, subtype-spanning biobanks encompass-
ing hormone receptor (HR)-positive, HER2-positive, and triple-negative disease. Advances in tissue processing 
and culture conditions have improved establishment success, particularly from surgical specimens. In contrast, 
biopsy-derived organoids remain significantly more challenging due to low tumor cellularity and normal epithe-
lial outgrowth, with post-treatment or metastatic biopsies presenting additional hurdles related to therapy-induced 
tissue necrosis and reduced cell viability [7–9]. Importantly, compared with conventional two-dimensional cul-
tures, BC organoids better preserve histopathological, mutational landscapes, cell-matrix interactions, and micro-
environmental physico-chemical conditions such as heterogeneous oxygen gradients, making them valuable 
platforms for experimental drug testing [10–12] (Table 1). While retrospective studies have reported observa-
tional concordance between ex vivo organoid drug sensitivity and patient response [13, 14], prospective inter-
ventional evidence demonstrating that organoid-guided treatment selection improves patient clinical outcomes 
(e.g. progression-free or overall survival) in metastatic BC remains extremely limited [15]. Similarly, proof-
of-concept evidence suggests that diagnostic biopsy-derived organoids can reflect neoadjuvant chemotherapy 
(NAC) sensitivity [16], yet these findings must be interpreted cautiously. Indeed, in this key feasibility report, 
matched organoid-patient treatment responses were evaluated in only five patients, with organoids successfully 
derived in fewer than half of the attempted NAC cases, highlighting substantial barriers to routine clinical imple-
mentation. Turnaround time also remains a critical constraint. Integrated patient-derived xenograft and organoid 
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(PDX/PDxO) workflows have demonstrated functional utility in individual advanced triple-negative BC (TNBC) 
cases, but the long timelines required for initial PDX engraftment and subsequent organoid derivation often mean 
actionable data become available only after first-line treatment failure [17], preventing routine alignment with 
standard clinical decision-making windows. Furthermore, while organoid-forming efficiency from post-NAC 
residual tumors correlates with increased recurrence risk and poor clinical outcomes [18], and optical metabolic 
imaging offers rapid non-destructive readouts to visualize metabolic cell states and predict treatment efficiency 
[19], these approaches currently serve as complementary research tools rather than validated clinical diagnostics. 
Additional studies have revealed treatment-induced selection of resistant cell populations and metabolic repro-
gramming associated with relapse [13, 20].

Culture-induced biases, artifacts, and microenvironmental deficits

Despite these strengths, a fundamental limitation of standard organoid cultures is their missing microenviron-
mental complexity and the presence of culture-induced biological biases [32, 33]. Conventional cultures lack 

Table 1  Comparative features of biological, digital, and hybrid tumor twins in breast cancer
Tumor 
twin type

Study 
platforms

Primary 
inputs

Key outputs / 
applications

Time-to-result Throughput Clinical 
readiness

Study design Refs

Biological Patient-
derived 
organoids 
(PDOs); 
bioprinted 
structures; 
tumor-on-
chip systems

Tumor 
tissue; 
limited 
clinical 
annotation

Functional drug 
response; resis-
tance profiling; 
biomarker 
discovery

Several weeks 
(PDOs); days 
(tumor-on-chip)

Low-moderate Early clini-
cal pilots; 
limited 
routine use

Multicentric
USA, 2020)

[12]

Monocentric
(USA, 2022)

[17]

Monocentric
(Germany, 2024)

[21]

Monocentric
(The Netherlands, 2022)

[22]

Monocentric
(France, 2024)

[23]

Monocentric
(Spain, 2024)

[24]

Digital 
(static)

Retrospec-
tive ML 
models; 
imaging- or 
omics-based 
predictors

Baseline 
clinical, 
imaging, 
and/or 
multi-omic 
data

Risk stratifica-
tion; response 
prediction; 
subtype 
classification

Minutes-hours High Retro-
spective 
validation; 
limited 
adaptivity

Multicentric
(USA, Sweden, Taiwan, 
2021)

[25]

Multicentric
(UK, 2026)

[26]

Multicentric
(USA, 2026)

[27]

Digital 
(adaptive)

Longitudinal 
mecha-
nistic or 
data-driven 
models

Serial 
imaging; 
clinical 
follow-up; 
molecular 
monitoring

Dynamic pre-
diction; therapy 
rehearsal; dis-
ease trajectory 
simulation

Near real time 
(data-dependent)

High Emerging 
clinical 
feasibility 
studies

Monocentric
(USA, 2025)

[28]

Monocentric
(USA,2025)

[29]

Monocentric
(France, 2025)

[30]

Multicentric
(UK, 2026)

[31]

Hybrid AI-
integrated 
organoids; 
organ-on-
chip-digital 
frameworks

Functional 
biological 
data + lon-
gitudinal 
clinical and 
molecular 
data

Iterative 
therapy 
optimization; 
uncertainty-
aware predic-
tions; trial 
simulation

Days-weeks 
(iterative cycles)

Moderate Conceptual 
to early 
transla-
tional stage

Not reported N/A

The overview highlights primary data inputs, typical applications, time-to-result, scalability, and current level of clinical readiness for each 
approach
N/A: not applicable
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vascular structures, stromal components, and infiltrating immune cells, particularly T lymphocytes, which pre-
cludes functional evaluation of standard-of-care immune checkpoint inhibitors in BC. Additionally, reliance on 
non-physiological extracellular matrices (e.g., Matrigel) and synthetic growth factor cocktails can drive sub-
clonal selection, alter cellular proliferation rates, and induce receptor conversion (such as loss or downregula-
tion of estrogen and/or progesterone receptor expression during passage). These culture artifacts may lead to the 
decoupling of organoid’s functional behaviors from the original patient tumor. Crucially, if such biased experi-
mental readouts are subsequently used to calibrate computational models, these systematic experimental errors 
may be propagated or even amplified within the digital component of a hybrid twin framework. To address these 
deficits, co-culture systems incorporating cancer-associated fibroblasts, macrophages, adipocytes, and immune 
cells have revealed microenvironment-driven resistance mechanisms that are not captured by tumor-intrinsic 
profiling alone [34–36]. Autologous co-culture approaches preserve patient-specific microenvironmental con-
text and demonstrate how stromal and immune interactions reshape tumor phenotypes and therapeutic response 
[37–41]. However, donor-dependent variability, limited standardization, and incomplete integration of vascular, 
stromal and immune compartments currently constrain routine clinical deployment.

Organ-on-chip, bioprinting, and advanced 3D culture platforms

Microengineered tumor-on-chip and bioprinting technologies extend biological tumor twins by enabling con-
trolled manipulation of extracellular matrix (ECM) composition, mechanical properties, spatial organization, and 
perfusion [6, 21–47]. These features are particularly relevant in BC, where ECM remodeling and tissue stiffening 
critically influence invasion, immune infiltration, drug delivery, and therapeutic resistance [48, 49]. Microfluidic 
BC-on-chip systems commonly incorporate three-dimensional ECM environments and perfused architectures 
that support long-term culture and dynamic cell-cell interactions. Embedding PDOs or tumor slices within micro-
fluidic devices has revealed how matrix architecture regulates immune cell infiltration, cytokine gradients, and 
treatment response, even when ECM composition itself remains fixed [6, 21, 22]. These platforms highlight the 
importance of physiological matrix organization but remain limited in their ability to systematically vary key 
biophysical parameters such as stiffness.

Bioprinting technologies address this limitation by enabling precise spatial control over ECM composition 
and architecture to generate machine-controlled bioprinted structures. Breast tissue-derived decellularized ECM 
bioinks have been used to generate models incorporating cancer stem cells and stromal fibroblasts, better pre-
serving invasive phenotypes and therapeutic resistance than generic hydrogels [24]. Spatial patterning allows 
reconstruction of heterogeneous tumor-stroma interfaces, while standardized ECM layers combined with high-
speed interferometric imaging enable reproducible, image-driven drug response assessment at single-organoid 
resolution [42]. Integration with real-time metabolic and multi-analyte sensing further enhances functional read-
outs [44]. Recent advances have focused on decoupling biochemical composition from bulk mechanical proper-
ties. Embedded bioprinting strategies demonstrate that ECM composition can modulate epithelial-mesenchymal 
transition and invasion independently of stiffness, revealing receptor-mediated signaling effects that are masked 
in conventional systems [43]. Dynamic ECM models in which cancer-associated fibroblasts drive progressive 
matrix stiffening recapitulate fibrotic evolution, hypoxia, vascular remodeling, and therapy resistance, including 
radioprotection mediated by stromal signaling [23]. Gelatin methacryloyl-based hydrogels further enable spatial 
stiffness gradients and incorporation of tissue-specific ECM components while maintaining experimental control 
and scalability [50–52].

Advances in organoid generation platforms that control morphological features and mechanical microenviron-
ments have further revealed shape- and mechanic-dependent tumor growth dynamics, expanding the parameter 
space for digital twin construction [45, 46]. Alongside PDOs, organ-on-chip systems, and bioprinted constructs, 
a broader spectrum of 3D tumor culture models, including multicellular tumor spheroids, ex vivo tumor slices, 
scaffold-based and scaffold-free cultures, is increasingly being explored for drug screening and resistance studies 
[53, 54]. These platforms reproduce selected features of tumor architecture, cell-cell and cell-matrix interactions, 
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and treatment responses that are incompletely captured by conventional 2D cultures, while offering different 
levels of experimental complexity and scalability. In particular, tumor slice cultures can preserve native tissue 
architecture, stromal components, and aspects of the tumor microenvironment, whereas spheroid-based systems 
are amenable to controlled and higher-throughput drug testing. Depending on the platform, limitations includ-
ing standardization, vascularization, model-to-model variability, and uncertain concordance between ex vivo 
drug sensitivity and patient outcomes remain barriers to clinical translation (Table 2). Rather than constituting 
tumor twins per se, these models may complement PDOs and engineered platforms by expanding the range of 
experimentally tracTable 3D systems available for functional drug-response assessment. Within this broader 
spectrum of 3D tumor models, organ-on-chip and bioprinted structures are particularly suited to the development 
of dynamically tunable biological platforms. By enabling systematic parametrization of ECM composition, stiff-
ness, spatial architecture, and temporal evolution, these platforms generate experimentally grounded inputs that 
are particularly well suited for integration with digital modeling approaches.

Translational status and clinical applications of biological twins in breast cancer

Clinical translation of tumor twin-related approaches in BC currently spans functional biological models, com-
putational treatment simulations, and image-guided surgical applications (Table 1). Biological platforms have 
progressed from small feasibility studies using biopsy-derived PDOs to assess NAC response [16] to single-
patient proof-of-concept reports in which PDxO/PDX screening informed treatment selection [17]. A retrospec-
tive metastatic BC cohort further associated PDO-guided therapy with improved disease control and longer 
progression-free survival [15], while an additional case report demonstrated the feasibility of PDO-guided 
drug selection in multidrug-resistant disease [55]. Prospective studies are now evaluating functional precision 
oncology in more structured clinical settings: TOWARDS-II (NCT05464082) combines PDX, PDO, and PDxO 
profiling with genomic and circulating tumor DNA (ctDNA) analyses in patients at risk of early recurrence 

Table 2  Advantages and disadvantages of biological, digital, and hybrid tumor twin approaches in breast cancer
Tumor twin 
type

Main advantages Main disadvantages

Biological • Provide experimentally grounded, patient-specific drug-response 
data
• Partially preserve tumor heterogeneity
• Allow direct testing of therapeutic combinations

• Variable establishment success
• Incomplete immune, stromal, and vascular representation
• Culture-induced bias
• Limited standardization
• Turnaround times may exceed clinically actionable 
windows

Digital 
(static)

• Rapid and scalable
• Integrate high-dimensional clinical, imaging, and multi-omics 
data
• Support risk stratification and response prediction

• Often dependent on retrospective datasets
• Susceptible to data bias and limited explainability
• Inability to capture treatment-induced evolution or sup-
port continuous recalibration

Digital 
(adaptive)

• Incorporate longitudinal patient data
• Enable dynamic prediction, therapy rehearsal, and resistance 
forecasting
• Can be iteratively updated

• Require frequent and standardized longitudinal data
• Vulnerable to missing information, uncertainty, and 
model drift
• Substantial validation and regulatory requirements

Hybrid • Integrate functional biological testing with multimodal computa-
tional modeling and prediction
• Support longitudinal analysis of dynamic experimental responses
• May enable bidirectional validation and iterative model 
recalibration
• May facilitate patient-specific treatment-response prediction and 
optimization

• Requires complex wet- and dry-lab synchronization
• May propagate experimental and culture-induced biases 
into computational predictions
• Demands interoperable data and specialized 
infrastructure
• High cost and regulatory complexity
• Limited clinical evidence for closed-loop 
implementation

The table summarizes the principal strengths, technical disadvantages, and translational limitations of each approach. It highlights the comple-
mentary capabilities of these models alongside the operational and regulatory hurdles associated with the clinical deployment of integrated 
hybrid tumor twins
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[56], whereas ORIENTA (NCT06102824) compares PDO-guided therapy with physician-selected treatment in 
advanced HER2-negative BC [57] (Table 3).

Despite these advances, biological BC applications remain supported predominantly by small, retrospective, 
or specialized cohorts. Major shortcomings include limited prospective validation, prolonged derivation times, 
heterogeneous biological workflows, and variable success rates across centers. Ongoing efforts to standardize 
workflows, accelerate organoid derivation, automate screening, and integrate multi-omics profiling are beginning 
to address these barriers. In parallel, initiatives aimed at improving access to organoid resources have emerged, 
including shared biobanks and digital repositories. International efforts such as the Human Cancer Models Ini-
tiative and OrganoidDB facilitate dissemination of biological materials and transcriptomic datasets, support-
ing reproducibility and cross-study comparison. Continued progress in standardization and data sharing will be 
essential to transition biological avatars from specialized research tools to scalable clinical assets.

Digital tumor twins: data-driven and mechanistic models

Digital tumor twins are computational representations designed to simulate tumor growth, treatment response, 
and disease evolution at the level of individual patients [58]. Inspired by engineering applications, these models 
integrate clinical, imaging, and molecular data and are continuously updated as new information becomes avail-
able, enabling individualized trajectory forecasting and in silico therapy rehearsal [59, 60]. As patients undergo 
routine imaging, biopsies, and clinical follow-up, large volumes of longitudinal data are generated. Static models 
relying on baseline datasets or fixed assumptions are poorly suited to capture therapy-induced tumor evolution 
and emerging resistance. In contrast, adaptive digital twins assimilate incoming data to recalibrate predictions 
and refine therapeutic recommendations in near real time [61]. Core digital twin functionalities include longitudi-
nal data integration, multiscale modeling, and prospective evaluation of therapeutic strategies, with applications 
extending from clinical decision support to trial design and medical education.

Several proof-of-concept implementations across oncology demonstrate how dynamic digital twins function as 
virtual avatars supporting clinical decision-making. The FarrSight®-Twin platform integrates genomic variants, 
whole-slide imaging, and time-stamped clinical events to simulate treatment and immunotherapy response in 
BC [31, 62]. Beyond breast oncology, the Stanford-NCI-DOE lung cancer twin incorporates longitudinal imag-
ing, pathology, and clinical data to continuously update tumor growth trajectories [63], while in glioblastoma, 
Bayesian MRI-based digital twins assimilate voxel-level imaging features to iteratively recalibrate cellular pro-
liferation, tissue invasion, and radiosensitivity parameters [64]. Together, these paradigms illustrate how dynamic 
digital frameworks assimilate multiscale data to forecast treatment response. Digital tumor twins encompass 
a spectrum of modeling strategies, ranging from mechanistic mathematical representations to data-driven AI 
frameworks and mixed approaches combining both.

Mechanistic models: mathematical representations of tumor behavior

Mechanistic models describe tumor growth, microenvironmental dynamics, and treatment effects using math-
ematically defined biological rules, offering high interpretability at the cost of simplifying assumptions [65]. 
Continuum models based on ordinary or partial differential equations simulate population-level dynamics, nutri-
ent diffusion, and drug transport [66, 67], whereas agent-based models capture discrete cellular heterogeneity 
and local spatial interactions [68]. Multiscale frameworks combining these approaches enable exploration of 
tumor behavior across biological scales, linking intracellular signaling to tissue-level dynamics [66]. While simi-
lar approaches have been demonstrated in cardiology [69] and transplantation [70], digital twins must remain 
disease-specific. Instead of adopting a one-size-fits-all architecture, oncology digital twins must be tailored to the 
specific biology of each cancer type. For example, a glioblastoma twin must account for infiltrative tissue dis-
semination and local radiosensitivity [64], whereas a BC twin emphasizes hormone receptor signaling dynamics, 
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Table 3  Representative clinical and translational applications relevant to tumor-twin approaches in breast cancer
Approach Study/reference BC setting / cohort Patient-specific 

model or input
Clinical / transla-
tional application

Evidence level / current status

Biological Shu et al., 2022 
[16]

Locally advanced 
BC receiving NAC
N = 17 patients

Biopsy-derived 
PDOs

Ex vivo sensitivity 
testing matched 
to patient NAC 
regimens

Retrospective concordance (n = 5/5 
evaluable). Small sample size pre-
cludes clinical utility conclusions.

Guillen et al., 
2022 [17]

Stage IIA TNBC 
with pCR after 
NAC, subsequent 
early metastases
N = 1 patient

Matched primary 
and metastatic 
PDX and 
PDxO models 
(HCI-043/051)

Single-patient ex 
vivo screening to 
identify and clini-
cally guide second-
line therapy

Single-patient proof-of-concept. 
PDxO-informed eribulin induced com-
plete hepatic remission (PFS 138 vs. 41 
days prior), followed by bone progres-
sion. Extended PDX/PDxO timelines 
exceed first-line decision windows.

TOWARDS-II 
(NCT05464082)
[49]

High-risk treatment-
naive stage I-III 
TNBC or HR-low/
HER2-negative BC
N = 80 patients
(planned enrollment)

PDX, PDO and 
PDxO mod-
els + genomic/
ctDNA profiling

Recurrence risk 
prediction and 
functional drug 
profiling for post-
recurrence selection

Ongoing prospective, non-randomized 
phase II study. Active recruitment; 
primary outcomes and utility results 
pending.

Lin et al., 2024 
[15]

Locally advanced 
unresectable or 
metastatic BC
N = 45 patients

PDOs + cus-
tomized drug 
screening

PDO-guided per-
sonalized treatment 
selection

Feasibility demonstrated (90.2% 
establishment success, 46/51 samples); 
78.4% predictive accuracy. Prospective 
interventional validation required.

Zhang et al., 
2025 [48]

Multidrug-resistant 
metastatic luminal 
B/HER2- BC
N = 1 patient

Pleural effusion-
derived PDOs

Functional screen-
ing to identify sal-
vage combinations

Single-patient case report. PDO-guided 
gemcitabine/cisplatin achieved partial 
response (RECIST) and ascites reduc-
tion. Useful proof-of-concept: lacks 
generalizable utility evidence.

ORIENTA 
NCT06102824 
[50]

Pretreated locally 
advanced or 
metastatic HER2-
negative BC
N = 252 patients
(planned enrollment)

PDO-based 
drug sensitivity 
testing

Randomizd 
comparison of 
organoid-guided vs. 
physician-selected 
treatment

Ongoing prospective, multicenter, 
open-label, randomized phase II trial. 
Active recruitment (completion esti-
mated for June 2027); no outcome data 
reported.

Digital Wu et al., 2025 
[71]

TNBC receiving 
NAC
N = 105 patients

Longitudinal 
multiparametric 
MRI + mechanis-
tic biophysical 
model

pCR prediction and 
in silico schedule 
optimization (128 
schedules)

Retrospective proof-of-principle study. 
Predicted pCR with AUC of 0.82; 
virtual schedules predicted + 21–25% 
pCR gain. Unvalidated in vivo.

Christenson et 
al., 2025 [78]

TNBC receiving 
NAC
N = 50 patients

Longitudinal 
MRI + probabi-
listic digital twin

In silico optimiza-
tion of chemo-
therapy dosing and 
temporal delivery

Retrospective simulation. Predicted 
17.6% tumor cell reduction or 12.7% 
dose reduction without losing efficacy. 
Unvalidated in patients.

VISION study 
(NCT06409221) 
[79]

Stage II–III TNBC 
receiving neoadju-
vant chemo-immu-
notherapy
N ≤ 200 patients

Clinical vari-
ables + genomic/
transcriptomic 
data from 
diagnostic FFPE 
biopsies

FarrSight®-Twin-
based prediction of 
pCR upon NAC

Retrospective observational validation 
(n = 94 interim analysis). DNA inputs 
predicted pCR with AUC of 0.77 
(negative predictive value of 74% for 
non-pCR). Predictions did not guide 
treatment.

Digital / surgical Timóteo et al., 
2026 [81]

Breast-conserving 
surgery
N = 4 patients

Supine 
MRI-derived 
digital twin + 3D 
surface sensing 
registration

Extended-reality 
real-time intra-
operative tumor 
localization

Prospective technical pilot. Demon-
strated intraoperative workflow inte-
gration (0–5 mm alignment deviation); 
proves clinical feasibility, no treatment 
response prediction.

Hybrid 
biological-digital

No prospectively 
validated BC 
implementation 
identified to date

N/A Bidirectional 
coupling of func-
tional biologi-
cal models and 
dynamic digital 
simulations

Closed-loop treat-
ment optimiza-
tion via iterative 
feedback

No prospectively validated imple-
mentation reported in BC. Biological 
and computational components have 
reached clinical testing only as iso-
lated, static modalities.

The table summarizes the current translational status of biological avatars and digital frameworks, detailing the specific clinical setting, patient 
cohort size, patient-specific model or input, intended application, and primary findings
N/A: not applicable
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HER2 status, and chemotherapy sensitivity [71, 72], and lung cancer twins prioritize oncogenic driver mutations 
such as EGFR or ALK alterations [63].

AI-based, imaging-derived, and mechanistic-AI mixed twins

AI-based digital twins leverage machine learning (ML) to predict clinical outcomes from high-dimensional data-
sets, including multi-omics profiles, clinical variables, and longitudinal imaging capturing nonlinear relationships 
beyond explicit mechanistic assumptions [73, 74]. Multi-omics integration is central to this effort, as cancer pro-
gression arises from complex interactions across genetic, epigenetic, metabolic, and microenvironmental scales. 
However, effective oncology digital twins should not rely solely on raw data streams. Their clinical relevance also 
depends on integrating patient-specific data with clinical expertise, treatment guidelines, and contextual decision 
criteria. Incorporating domain knowledge such as prognostic factors, comorbidities, and therapeutic constraints 
ensures that model outputs align with established clinical reasoning. Deep learning frameworks enable fusion of 
heterogeneous data modalities, including non-invasive liquid biopsy-based platforms, improving diagnosis and 
treatment prediction while minimizing patient burden [75]. In BC, AI models integrating clinical and biologi-
cal features have demonstrated predictive performance for survival and treatment benefits across diverse patient 
populations [30].

Imaging-derived digital twins personalize mechanistic models using non-invasive patient-specific imaging 
data, overcoming the limitations of generic tumor geometries. MRI-based frameworks enable spatially resolved 
simulations of intra-tumoral heterogeneity and treatment response, anchoring model parameters directly to 
patient-specific structural dynamics, as demonstrated in TNBC [28]. To combine interpretability with computa-
tional flexibility, mechanistic models are increasingly augmented with data-driven AI [66]. Frameworks such as 
TumorTwin integrate mechanistic cores with ML-based parameter calibration [76], while physics-informed neu-
ral networks (PINNs) embed governing biological equations directly into neural architectures [77]. By embed-
ding physical constraints into data-driven learning, these mechanistic-AI hybrids mitigate the black-box nature of 
conventional AI models, enabling robust parameter inference even from noisy or sparse clinical data [78].

Translational status and clinical evaluation of digital twins in breast cancer

Clinical evaluation of computational and digital twin frameworks in BC currently spans retrospective risk pre-
diction, imaging-calibrated treatment simulation, and prospective precision trial stratification. Early studies 
established proof-of-concept feasibility using AI-driven imaging tools to retrospectively identify individuals at 
elevated future BC risk, supporting personalized screening schedules [25–27] (Tables 1 and 2).

Computational models have also progressed toward dynamic response simulation across distinct clinical sce-
narios. MRI-calibrated mechanistic frameworks have been used to simulate spatial tumor regression, predict 
pathological complete response (pCR) to NAC, and virtually optimize drug dosage schedules in TNBC [28, 29]. 
In retrospective validation studies of virtual cohorts, the VISION trial (NCT06409221) evaluated the FarrSight®-
Twin digital platform to predict pCR and survival outcomes in patients with early TNBC treated with standard-
ized chemotherapy regimens [31, 79] (Table 3). In prospective clinical evaluation, the LINUX platform trial 
utilized AI-driven similarity network fusion subtyping to guide precision therapy selection in patients with HR+, 
HER2- advanced BC progressing after CDK4/6 inhibitor therapy, achieving significantly improved objective 
response rates compared with physician’s choice therapy across multiple molecular subgroups [80]. Although 
not a closed-loop digital twin, the LINUX trial demonstrates how data-driven computational stratification can 
directly inform adaptive clinical decision-making. Beyond systemic therapy, anatomical digital-twin applica-
tions incorporating real-time biomechanical tissue modeling have demonstrated technical feasibility for dynamic 
tumor localization during breast-conserving surgery [81] (Table 3).
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Key challenges and hurdles to clinical implementation

Despite these technical advances, digital tumor twins remain largely at a proof-of-concept stage, constrained by 
major translational hurdles. A primary barrier to clinical adoption is model explainability and transparency. Clini-
cians require clear, traceable reasoning pathways and are unlikely to rely on black-box algorithms that generate 
treatment recommendations without biological justification. Furthermore, rigorous uncertainty quantification is 
mandatory for clinical deployment, allowing oncologists to evaluate model confidence and distinguish robust 
therapeutic predictions from uncertain projections [66].

From an operational standpoint, generating real-time digital twins is hindered by data silos, non-standardized 
electronic health record formats, incomplete longitudinal records, and delays in clinical data acquisition. Cur-
rent digital models are also constrained by limited spatial resolution of routine clinical imaging and infrequent 
temporal sampling of circulating biomarkers, such as ctDNA or immune cell dynamics [82]. While serial liquid 
biopsies, advanced quantitative radiomics, and high-frequency monitoring will improve model fidelity, their inte-
gration into routine workflows remains unstandardized.

Finally, digital tumor twins are typically initialized from retrospective multimodal cohorts and refined through 
individual patient data. As individual twins accumulate, they may form virtual cohorts capable of supporting in 
silico clinical trials and population-level comparative effectiveness research. Establishing standardized technical, 
data-formatting, and interoperability protocols will be essential to scale digital tumor twins across institutions and 
enable their closed-loop coupling with biological avatars in hybrid modeling frameworks.

Hybrid twins: merging the biological and the digital

Hybrid tumor twins represent the conceptual pinnacle of twin technology by integrating patient-derived biologi-
cal models and computational architectures into an iterative, closed-loop, bidirectional framework (Fig. 2). In 
a true hybrid twin system, experimental readouts from living biological platforms continuously calibrate and 
update computational simulations, while digital models run high-throughput in silico simulations to actively 
guide, optimize, and re-program subsequent biological experiments or clinical interventions [83, 84]. This recip-
rocal feedback loop is designed to dynamically capture therapy-induced tumor evolution, refine predictive preci-
sion, and accelerate bench-to-bedside decision cycles.

Conceptual rigor: distinguishing genuine closed-loop twins from enabling technologies

A critical appraisal of current literature reveals that the vast majority of studies claiming “hybrid” or “AI-aug-
mented” modeling are not genuine hybrid twins. Instead, they represent static, one-way enabling technologies. To 
establish conceptual clarity, enabling technologies must be rigorously distinguished from closed-loop hybrid sys-
tems. Computational frameworks analyzing organoid drug screens, such as network-based learning algorithms in 
colorectal and bladder cancers [85], high-content image analysis evaluating intratumoral drug penetration [86], 
single-cell RNA sequencing models deriving prognostic indices [87], and deep learning architectures for pheno-
typic classification [88–92], are one-way analytical tools. Similarly, transformer-based architectures like Pharma-
Former [93], supervised ML classifiers [94–96], scalable computer vision platforms [97], and privacy-preserving 
federated learning classifiers [98, 99] serve as computational enhancers of biological data. They extract patterns, 
predict sensitivity, or automate readouts, but they do not form a bidirectionally coupled system where digital 
predictions dynamically steer biological testing or patient management in real time. At present, while individual 
enabling biological models and computational algorithms have reached high technical sophistication, no pro-
spectively validated, closed-loop hybrid tumor twin currently exists in clinical practice for BC or any other solid 
malignancy. Current state-of-the-art platforms remain one-way workflows where biological outputs train a static 
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digital model, or computational predictions are tested once in a laboratory setting without continuous reciprocal 
recalibration.

Operational, biological, and regulatory bottlenecks

Bridging biological and digital platforms into functional hybrid tumor twins requires overcoming technical, oper-
ational, and regulatory hurdles distinct from standard genomic AI tools (Table 2). A primary operational barrier to 
closed-loop hybrid deployment is the temporal mismatch between physical biological assays and computational 
execution. Standard patient-derived organoid drug assays require four to eight weeks for cellular expansion 
and testing, whereas computational models execute simulations within seconds or hours. Waiting for end-point 
biological cell viability assays creates a latency that causes computational predictions to drift out of sync with 
clinical decision windows. Biological models provide functional, patient-specific drug response data but remain 

Fig. 2  Hybrid tumor twins as an integrative framework and translational roadmap for functional precision oncology in breast 
cancer. The flowchart distinguishes current technological achievements from unresolved closed-loop requirements. Biologi-
cal tumor avatars (e.g. patient-derived organoids, bioprinted structures, tumor-on-chip systems) and static digital models 
serve as foundational enabling technologies. Genuine hybrid tumor twins merge these approaches through a closed-loop, 
bidirectional feedback architecture, whereby real-time non invasive/destructive experimental readouts continuously cali-
brate computational models, and digital predictions actively steer subsequent biological or clinical interventions. The lower 
panel delineates a dedicated three-phase translational roadmap spanning technical harmonization, retrospective uncertainty 
calibration, and prospective adaptive clinical trials required to move these platforms from proof-of-concept into routine 
clinical practice. Created in BioRender. Corbet, C. (2026) https://BioRender.com/8lhoocb
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constrained by scalability, standardization, and turnaround time. Digital twins offer scalability and longitudi-
nal modeling capabilities but depend critically on parameters calibrated by functional inputs. To overcome this 
bottleneck, physical biological assays must integrate non-destructive, real-time sensing modalities. Technolo-
gies such as high-speed interferometric imaging, micro-biosensors, and real-time optical metabolic monitoring 
generate continuous ex vivo functional data streams [100]. These continuous data allow PINNs and mechanistic 
differential equations to recalibrate parameter values in near real time, providing dynamic calibration without 
destroying the biological culture.

A fundamental biological challenge closely tied to these temporal synchronization constraints is the spatial 
and dynamic mismatch between static biological sampling and patient-level tumor evolution. BC is characterized 
by profound spatial heterogeneity and dynamic subclonal selection under therapeutic pressure [2]. A biological 
twin generated from an initial baseline biopsy captures only a localized spatial snapshot of a single tumor lesion. 
Under the selective pressure of systemic therapies, such as endocrine agents, HER2-targeted drugs, chemother-
apy, or antibody-drug conjugates, tumors undergo receptor conversion, histological transformation [71, 72], and 
subclonal evolution, rendering the initial biological twin progressively unrepresentative of the patient’s evolving 
disease burden [101, 102].

Requiring continuous serial tissue biopsies to update the biological twin is clinically unfeasible due to inva-
siveness, procedural risks, and sampling bias. To resolve this tension, hybrid twins must operate on an asynchro-
nous temporal scaling framework. In this model, the digital twin is updated continuously using non-invasive, 
longitudinal patient data streams, including ctDNA kinetics, serial liquid biopsy profiling, quantitative radiomics, 
and routine clinical imaging [28, 103, 104]. These frequent non-invasive data calibrate the computational twin to 
track multi-lesion tumor burden and systemic evolutionary trajectories without repeated physical biopsies.

Conversely, biological twin regeneration is structured as an episodic, event-triggered process. Biological re-
sampling and avatar re-establishment are initiated only upon specific clinical or biological inflection points, such 
as documented disease progression, acquired resistance, loss or gain of targetable receptors, or severe sustained 
divergence between digital model projections and observed clinical trajectories. By decoupling continuous digi-
tal tracking from episodic biological re-anchoring, the hybrid framework reconciles the spatial limitations of 
single-lesion biological models with the patient-level requirements of dynamic precision oncology.

Data harmonization for hybrid twins extends beyond traditional clinical interoperability standards such as 
FHIR, OMOP, DICOM, and SNOMED-CT [105–109]. It requires mapping high-dimensional, multi-omics, and 
live optical imaging outputs directly onto computational spatial meshes. Defining standardized bidirectional data 
exchange protocols, where computational outputs automatically re-program microfluidic pumps to alter drug 
dosing sequences in experimental setups, is essential to move from static prediction to closed-loop hybrid execu-
tion. Regulatory translation of closed-loop hybrid twins further requires novel oversight paradigms. Standard 
frameworks designed for fixed, “locked” medical software or static diagnostic kits are ill-suited for continuous, 
adaptive systems that re-calibrate based on longitudinal patient inputs. In line with recent regulatory develop-
ments, such as the European Union AI Act mandates for high-risk clinical software, hybrid twin platforms must 
incorporate explicit uncertainty quantification, traceable reasoning pathways, and robust risk-management pro-
tocols. Because hybrid twins rely on dense, multimodal, longitudinal patient datasets, including raw genomic 
sequences and high-resolution imaging, data protection and privacy are critical. Privacy-preserving architectures 
such as federated learning, encryption, audit trails, and differential privacy enable multi-institutional model train-
ing and validation without centralizing sensitive patient data [110]. Furthermore, explainability tools, including 
Shapley additive explanations and attention-based visual mapping, are essential to establish clinician trust, ensure 
transparent liability attribution among software developers and oncologists, and prevent black-box decision-
making [111, 112].

Beyond regulatory hurdles, data accessibility and knowledge aggregation pose substantial challenges. Restricted 
access to publications, proprietary scripts, and non-open-science resources currently limits the integration of 
existing biological knowledge. Incomplete publication of raw data and metadata, particularly in omics reposi-
tories, further constrains reproducibility and secondary analytical validation. While online scientific libraries 
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enable increasingly sophisticated literature exploration, they remain largely document-centric rather than provid-
ing structured, machine-readable knowledge aggregation. Emerging tools that support natural language querying 
and AI-assisted synthesis, as well as platforms specifically designed for multi-omics integration and interpreta-
tion, are beginning to address these limitations.

Stakeholder analyses indicate strong enthusiasm for digital twin applications in BC, alongside widespread rec-
ognition of substantial technical, regulatory, and organizational barriers [113]. Regulatory agencies increasingly 
view digital twins as strategic research priorities, but routine clinical translation will require robust validation, 
standardized data pipelines, and clearly defined regulatory approval pathways. Hybrid modeling systems that 
combine mechanistic simulations with data-driven learning enable therapy rehearsal, uncertainty-aware predic-
tions, and scalable deployment [114, 115]. However, biological variability, limited sample sizes, batch effects, 
and technical heterogeneity remain significant operational challenges for AI-integrated organoid platforms [116–
121]. Harmonized protocols, benchmark datasets, federated learning, and rigorous external validation will be 
critical to ensure reproducibility and generalizability across institutions [122, 123]. While several commercial 
entities are actively implementing AI-enhanced organoid platforms for drug discovery and translational research, 
these efforts often lack comprehensive real-time clinical data integration and prospective validation. Ultimately, 
regulatory approval of hybrid tumor twins will require transparent reporting, explicit uncertainty quantification, 
and multicenter randomized trials demonstrating definitive clinical benefit over standard care.

A dedicated three-phase translational roadmap

Transitioning hybrid tumor twins from experimental concepts to validated clinical assets requires a practical, 
phased translational roadmap tailored specifically to closed-loop biological-digital interaction. 

Phase I: Technical harmonization and feasibility (0–2 years)  Focuses on standardizing functional biological plat-
forms with real-time non-destructive biosensors. The primary goal is to demonstrate automated, bidirectional 
coupling between experimental readouts and computational calibration within turnaround timelines compatible 
with standard clinical decision-making windows prior to treatment initiation.

Phase II Retrospective concordance and uncertainty calibration (2–4 years)  Focuses on evaluating hybrid twin 
architectures against large, multi-center retrospective clinical trial cohorts. Studies must prove that closed-loop 
hybrid models outperform static genomic classifiers, radiomic algorithms, or isolated organoid screens in predict-
ing pathological complete response and progression-free survival without experiencing software drift.

Phase III Prospective adaptive clinical trials (4–6 + years)  Involves multi-center, randomized interventional trials 
comparing clinical outcomes (such as progression-free survival, overall survival, and quality-of-life metrics) in 
patients whose treatment selection is guided by closed-loop hybrid twin simulations versus standard multidisci-
plinary tumor board care.

By integrating continuous biological sensing, dynamic algorithmic recalibration, asynchronous temporal updat-
ing, and adaptive regulatory compliance, this roadmap establishes a realistic pathway toward implementing func-
tional hybrid tumor twins in personalized oncology.
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Conclusions and future directions

Tumor twins are transforming the conceptual framework of precision oncology, shifting the field from static, 
biomarker-based patient stratification toward dynamic, patient-specific modeling of cancer evolution. While bio-
logical and digital tumor twins have independently advanced our ability to model BC behavior, their full trans-
lational impact will remain unrealized as long as they operate in isolation. Biological models provide essential 
functional drug sensitivity readouts but face inherent constraints in turnaround time, scalability, and microen-
vironmental complexity. Conversely, computational models offer rapid trajectory simulation and longitudinal 
scalability but depend entirely on physiologically accurate inputs to avoid computational drift. The convergence 
of these modalities into closed-loop hybrid tumor twins offers a unique opportunity to bridge experimental biol-
ogy with predictive computation. By establishing reciprocal feedback loops, where real-time non-destructive 
biological measurements continuously calibrate computational models and digital simulations dynamically steer 
subsequent experimental or clinical interventions, hybrid twins enable individualized therapy rehearsal, real-time 
response forecasting, and early identification of acquired resistance. Furthermore, the aggregation of individual 
hybrid twins into virtual patient cohorts holds substantial potential to support in silico clinical trials, optimize 
combination treatment regimens, and accelerate drug development in BC.

Achieving this vision, however, requires moving beyond isolated enabling tools toward prospectively vali-
dated, closed-loop systems. As outlined in our translational roadmap, overcoming current barriers will demand 
coordinated multi-center efforts to establish non-destructive real-time biological sensing, standardize interopera-
ble data architectures, and implement asynchronous temporal scaling frameworks to account for subclonal tumor 
evolution and spatial heterogeneity. Equally critical will be the establishment of adaptive regulatory and ethical 
frameworks tailored to continuously learning software, alongside multi-center prospective trials demonstrating 
that hybrid twin-guided decision-making improves survival outcomes compared with standard multidisciplinary 
care. Hybrid tumor twins represent a necessary step toward adaptive precision oncology, with the power to funda-
mentally reshape clinical decision-making in BC. Continued, close interdisciplinary collaboration among oncolo-
gists, bioengineers, computational scientists, and regulatory bodies will be essential to translate these concepts 
into routine practice and deliver meaningful clinical benefits to patients.
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