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Introduction 

Digital-twin concepts have entered biomedical scholarship through several partially overlapping traditions. Systems-medicine 

accounts describe a twin as an individualized representation that can be progressively refined using information from the 

represented patient, whereas precision-medicine roadmaps emphasize multiscale simulation, longitudinal data integration, and 

prospective support for therapeutic decisions. Drug-development literature additionally employs the terms virtual patient, 

causal disease model, and in silico trial, although these constructs may represent simulated populations or hypothetical disease 

trajectories without maintaining a persistent connection to one evolving real-world counterpart [1-3]. The resulting conceptual 
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Digital-twin terminology is increasingly applied to computational models used in drug discovery, 

pharmacology, formulation development, drug delivery, precision dosing, clinical trials, and 

pharmaceutical manufacturing. However, patient-specific simulation, mechanistic modeling, 

adaptive prediction, virtual populations, and process monitoring are frequently described as digital 

twins without consistent requirements for real-entity linkage, updating, uncertainty assessment, or 

decision use. This umbrella review critically evaluates review-level evidence across pharmaceutical 

domains to determine when a model warrants the digital-twin designation. The synthesis 

distinguishes digital models, adaptive models, virtual patients, digital shadows, and decision-

coupled twins according to counterpart identity, data connection, update logic, predictive purpose, 

bidirectional information flow, validation, and governance. Review selection, methodological 

quality, primary-study overlap, consistency, and context of use are treated as determinants of 

evidentiary strength rather than assuming that multiple reviews constitute independent 

confirmation. The evidence indicates that pharmacometric, systems-pharmacology, formulation, 

delivery, and manufacturing models provide important twin-enabling capabilities, but most reported 

applications demonstrate only subsets of the functions implied by a mature digital twin. Patient 

specificity, mechanistic sophistication, or benchmark performance alone does not establish twin 

status. The central contribution is a proposed operational boundary in which a pharmaceutical 

digital twin must represent a specified counterpart, receive state-relevant updates, generate 

uncertainty-aware prospective predictions, and connect those predictions to an auditable and 

bounded decision pathway. This framework is conceptual and requires domain-specific validation. 

Its purpose is not to promote universal adoption of digital twins, but to improve terminology, 

evidence appraisal, comparative evaluation, and translational judgment across computational 

pharmaceutical science. 
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overlap is scientifically consequential because the label assigned to a model influences how its capabilities, validation burden, 

and potential decision role are interpreted. 

The recent convergence of generative artificial intelligence, mechanistic modeling, biomedical data integration, and trial 

simulation has widened the range of systems described as digital twins. Generative and predictive approaches may create 

plausible molecular, patient, or disease-state representations and may help explore counterfactual scenarios, but these 

capabilities remain conditional on data suitability, calibration, external validity, and the intended context of use [4]. A model 

that generates realistic outputs may still lack a clearly specified counterpart, a validated update mechanism, or an auditable 

route from prediction to pharmaceutical action. Consequently, technical sophistication should not be treated as synonymous 

with twin maturity. 

Digital-twin language now extends across the pharmaceutical lifecycle, including target and molecule evaluation, translational 

pharmacology, clinical development, individualized dosing, formulation and drug-delivery design, and manufacturing control 

[5]. These applications differ substantially in what is being represented, how frequently its state can be observed, which 

decisions are being supported, and what harms may follow from incorrect predictions. A patient twin, for example, may require 

longitudinal physiological and treatment data, whereas a manufacturing twin may receive frequent process measurements from 

a defined production system. Treating these implementations as interchangeable obscures differences in observability, update 

cadence, validation, uncertainty, and governance. 

This umbrella review therefore asks when a pharmaceutical model becomes a digital twin rather than merely when digital-

twin terminology has been used. Its purpose is to synthesize review-level evidence across pharmacology, pharmaceutics, and 

drug delivery; distinguish demonstrated capability from plausible utility and routine readiness; and propose a transparent 

operational boundary for terminology and evaluation. The article does not assume that every useful computational model 

should become a digital twin. Instead, it examines which additional properties are required before a static, adaptive, 

mechanistic, data-driven, hybrid, or patient-specific model can reasonably be regarded as a connected and decision-relevant 

representation of a pharmaceutical entity or process. 

Umbrella-Review Questions and Operational Definition of a Digital Twin 

Cross-domain reviews consistently indicate that a digital twin is more than a digital representation. Recurrent components 

include a specified physical or biological counterpart, a virtual representation whose states correspond to that counterpart, 

information exchange between the represented system and the model, and model-enabled interpretation or prediction [6-8]. 

Nevertheless, the literature remains inconsistent concerning whether updating must be continuous, whether information flow 

must be fully automated, whether the return pathway must directly control the counterpart, and how model fidelity should be 

judged. These differences make a binary definition based only on terminology unreliable. 

Healthcare-focused reviews further show that applications described as digital twins range from conceptual architectures and 

retrospective simulations to individualized monitoring systems and decision-support environments [9]. Some models are 

personalized only at initialization, whereas others are repeatedly updated as measurements become available. Some represent 

a real patient, device, batch, or process, while others represent a synthetic patient or a population distribution. The umbrella 

review therefore separates entity specificity from patient specificity: a model may be individualized without maintaining a 

persistent identity relationship, and a process twin may satisfy entity-specific requirements even though it does not represent 

a patient. 

For this review, a pharmaceutical digital twin is operationally defined as a fit-for-purpose virtual representation of a specified 

real pharmaceutical entity or process that receives state-relevant information through a defined connection, updates its internal 

representation using documented logic, produces prospective and uncertainty-aware outputs within a declared context of use, 

and connects those outputs to an auditable scientific, development, clinical, or manufacturing decision pathway. The pathway 

may be human-mediated and does not require autonomous control. This component-based definition is consistent with 

healthcare frameworks that distinguish the represented entity, model, data connection, update process, service or decision 

function, and governance environment [10]. It is proposed as an interpretive framework for this umbrella review rather than 

as an empirically validated classification or regulatory standard. 

The review questions follow directly from this definition. The synthesis examines how twin status should be operationalized; 

how search quality, review selection, appraisal, and evidence overlap affect confidence; how terminology differs across 

pharmacology, pharmaceutics, delivery, and manufacturing; what mechanistic, data-driven, hybrid, and patient-specific 

approaches can contribute; when updating and bidirectional connection become meaningful rather than nominal; how 

prediction is separated from experimental confirmation and decision value; what the review-level evidence supports 

concerning maturity; and which minimum conditions should govern use of the digital-twin label. Table 1 organizes the 

evidence, constructs, and interpretation boundaries needed to develop umbrella-review questions and operational definition of 

a digital twin within the article’s central argument. 

 

Table 1. Evidence domains, core questions, scientific requirements, and interpretation boundaries for Umbrella-review 

questions and operational definition of a digital twin 

Evidence 

domain 

Eligible evidence or 

method 

Reported 

capability or claim 

Strength of 

support 

Reproducibility or 

bias concern 
Unresolved gap 
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Definition and 

nomenclature 

Systematic, scoping, 

conceptual, and 

state-of-the-art 

reviews that 

explicitly define 

digital twins, digital 

shadows, virtual 

patients, or 

connected models 

Digital twins 

generally combine a 

virtual 

representation with a 

specified counterpart 

and some form of 

information 

exchange 

Convergent at the 

component level 

but inconsistent in 

terminology 

Reviews use 

heterogeneous 

eligibility criteria 

and may transfer 

industrial definitions 

into healthcare 

without sufficient 

adaptation 

A pharmaceutical 

definition that 

distinguishes 

necessary 

components from 

optional 

technological 

features 

Counterpart 

identity 

Reviews of patient-

specific models, 

process models, 

virtual patients, and 

healthcare 

architectures 

A twin should 

represent a traceable 

patient, product, 

formulation, batch, 

device, process, or 

other bounded entity 

Moderate review-

level support 

“Personalized,” 

“individualized,” and 

“patient-specific” are 

sometimes used 

without persistent 

identity linkage 

Criteria for 

establishing when 

initialization to 

individual data 

becomes an 

enduring twin 

relationship 

Updating and 

synchronization 

Reviews addressing 

data assimilation, 

monitoring, adaptive 

modeling, and 

model-state 

correspondence 

State-relevant 

updating 

differentiates a 

connected 

representation from 

a static model 

Conceptually 

strong; 

operational 

evidence remains 

heterogeneous 

Update frequency, 

latency, missing-data 

handling, and post-

update validation are 

often incompletely 

reported 

Context-specific 

standards for 

sufficient update 

cadence and 

update reliability 

Prediction and 

uncertainty 

Reviews of 

mechanistic, data-

driven, hybrid, and 

model-informed 

decision systems 

Digital twins may 

forecast future 

states, compare 

interventions, or 

estimate process 

responses 

Strong evidence 

for modeling 

capability; weaker 

evidence for twin-

specific 

prospective utility 

Retrospective fit, 

data leakage, 

inadequate 

calibration, and 

untested domain shift 

may inflate 

confidence 

Prospective, 

externally 

validated, and 

uncertainty-

calibrated 

prediction within 

declared contexts 

of use 

Bidirectional 

connection and 

decision use 

Architectural, 

implementation, 

clinical, and 

manufacturing 

reviews 

Twin outputs may 

inform human 

decisions or 

automated control 

and may 

subsequently receive 

feedback from the 

resulting state 

Moderate and 

highly context-

dependent 

Decision pathways, 

responsibility, 

override rules, and 

consequences of 

error may be omitted 

Evidence that 

model-informed 

actions improve 

bounded 

pharmaceutical 

decisions relative 

to an appropriate 

comparator 

Validation and 

credibility 

Review-level 

guidance on 

verification, 

validation, 

uncertainty 

quantification, and 

context of use 

Credibility depends 

on intended use, 

decision 

consequence, and 

supporting evidence 

rather than model 

complexity alone 

Strong 

methodological 

support 

Validation 

terminology is 

inconsistent across 

disciplines and may 

not address updating 

or lifecycle change 

Integrated 

credibility 

expectations for 

connected and 

evolving 

pharmaceutical 

models 

Umbrella-review 

quality and 

overlap 

Reporting guidelines, 

review-appraisal 

frameworks, citation 

matrices, and overlap 

methods 

Review conclusions 

must be interpreted 

according to 

methodological 

quality, scope, 

primary-study 

duplication, and 

consistency 

Strong 

methodological 

support 

Several reviews may 

repeatedly synthesize 

the same underlying 

studies, creating 

apparent 

convergence 

Transparent 

overlap-sensitive 

synthesis without 

treating review 

counts as 

independent 

evidence 

Translational 

readiness 

Meta-reviews, 

implementation 

reviews, regulatory-

facing model 

guidance, and 

domain-specific 

roadmaps 

Some applications 

demonstrate twin-

enabling functions, 

but routine readiness 

requires integration, 

governance, 

monitoring, and 

decision-value 

evidence 

Emerging and 

uneven 

Promising examples 

may be generalized 

beyond their 

validation setting 

Domain-specific 

thresholds 

separating 

conceptual 

plausibility, 

validated use, and 

operational 

readiness 

Table note: The domains and boundaries are an original synthesis for this umbrella review. They are not mutually exclusive categories, a numerical scoring system, 

a validated maturity instrument, or a regulatory determination. 

Search, Review Selection, Quality Appraisal, and Overlap Assessment 
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The review was structured as an umbrella synthesis in which the eligible evidence base consisted principally of systematic 

reviews, scoping reviews, meta-reviews, state-of-the-art reviews, consensus reviews, and directly relevant conceptual or 

methodological syntheses. Structured bibliographic searching was supplemented by targeted journal and DOI verification. 

Eligibility required peer-reviewed journal publication, direct relevance to at least one prespecified review question, sufficient 

methodological or conceptual detail to support a precise manuscript claim, and an identifiable context spanning pharmacology, 

pharmaceutics, drug delivery, patient modeling, clinical development, or pharmaceutical manufacturing. Review reporting and 

appraisal were organized using established guidance for critical assessment, transparent overview reporting, and reproducible 

description of search and selection decisions [11-13]. Articles that merely used digital-twin terminology without defining the 

represented entity, connection, update mechanism, evaluation context, or decision purpose were not treated as strong evidence 

for twin maturity. 

Quality appraisal was domain based rather than reduced to an invented aggregate score. Systematic reviews were examined 

for protocol transparency, search reproducibility, eligibility decisions, duplicate study handling, source appraisal, synthesis 

methods, limitation reporting, and traceability between evidence and conclusions. Scoping and conceptual reviews were 

assessed according to the clarity of their definitions, evidence-selection logic, coverage of competing interpretations, 

acknowledgment of uncertainty, and separation of proposed frameworks from demonstrated applications. Regulatory-facing 

and technical reviews were additionally examined for context-of-use specification, verification, validation, uncertainty 

treatment, and transferability. Because an overall corrected covered area can conceal extensive duplication between particular 

review pairs, a single overlap indicator was not regarded as sufficient to determine evidentiary independence [14]. 

Primary-study overlap was therefore treated as both a methodological and interpretive issue. Review citation matrices were 

used to identify where the same foundational applications, validation studies, or conceptual sources appeared across multiple 

reviews. Where reporting permitted, overall overlap assessment was complemented by pairwise inspection, review recency, 

methodological quality, scope, and the exact claim being supported. Reviews with overlapping evidence were not counted as 

independent confirmations merely because their conclusions were similar. Instead, duplicated evidence was weighted 

according to directness, quality, and relevance, while divergent conclusions were examined for differences in entity type, 

model architecture, validation setting, and intended decision. This approach follows practical guidance that overlap should be 

explicitly mapped and managed rather than ignored or addressed by automatically retaining only one review [15]. 

Digital-Twin Concepts in Pharmacology, Pharmaceutics, and Delivery 

Pharmacology provides some of the most mature foundations for pharmaceutical digital twins because physiologically based 

pharmacokinetic models already connect drug properties, biological parameters, dosing conditions, and predicted exposure 

within explicit physiological structures. Established qualification practices require documentation of model purpose, 

assumptions, parameter sources, verification, sensitivity, and comparison with relevant observations [16]. These practices 

make PBPK models credible components of a potential twin, particularly when individualized physiology or longitudinal drug 

measurements are incorporated. Nevertheless, a qualified PBPK model remains a model rather than a twin when it is applied 

offline to a representative population, calibrated once, or used without a persistent relationship to a specified patient, product, 

or development process. Qualification supports credibility within a context of use; it does not independently establish 

connectedness, updating, bidirectionality, or decision coupling. 

Quantitative and systems pharmacology adds disease mechanisms, biological networks, intervention effects, and multiscale 

responses to the pharmacokinetic foundation. Its models can integrate molecular, cellular, tissue, and clinical information and 

can compare intervention scenarios that would be difficult or unethical to test directly. Best-practice recommendations 

emphasize model transparency, provenance, reproducibility, explicit assumptions, and documentation that permits qualified 

reuse [17]. These characteristics are necessary for digital-twin development because an evolving model cannot be meaningfully 

updated, audited, or transferred when its structure and evidence lineage are opaque. However, QSP complexity can also create 

weak identifiability, parameter nonuniqueness, and uncertainty that is difficult to propagate. A mechanistically detailed system 

should therefore not be called a twin merely because it resembles the represented biology. 

Model credibility in pharmaceutical science is determined by what the model is expected to do, the consequences of an 

incorrect output, and the evidence supporting its use. Risk-informed frameworks for mechanistic in silico models distinguish 

verification, validation, uncertainty, applicability, and context of use rather than treating credibility as an intrinsic property of 

a model class [18]. This distinction is particularly important for digital twins because the same virtual representation might be 

adequate for hypothesis generation but inadequate for dose selection, formulation release, process control, or a patient-level 

intervention. Digital-twin terminology should therefore be attached to a declared use and evidence boundary. A system may 

qualify as a twin for low-consequence monitoring while remaining insufficiently validated for a higher-consequence decision. 

In pharmaceutics and drug delivery, data-driven models are increasingly used to relate composition, processing conditions, 

material attributes, dosage-form characteristics, and biological performance. Such models may improve screening or organize 

complex design spaces, but retrospective prediction does not establish that a formulation or delivery system has been twinned 

[19]. A delivery twin would require an identifiable formulation, device, depot, batch, or patient-linked delivery process; 

observable state variables; an update mechanism; and validated predictions relevant to release, stability, exposure, transport, 

or performance. Pharmaceutical lifecycle reviews similarly show that the digital-twin label is applied at molecular, patient, 

formulation, process, and manufacturing scales [20]. These scales should not be merged into a single evidence category 



Nkosi et al., 2026 
Pharmacophore, 17(4) 2026, Pages 135-145 

139 

because their sensors, update frequencies, validation comparators, decision consequences, and governance requirements differ 

substantially. 

Mechanistic, Data-Driven, Hybrid, and Patient-Specific Approaches 

Mechanistic approaches encode prior scientific knowledge through equations, causal structures, physiological compartments, 

material-balance relations, transport mechanisms, or disease pathways. They may support explanation, counterfactual 

reasoning, and extrapolation when the represented mechanisms remain valid. In silico clinical-trial literature illustrates how 

mechanistic or semi-mechanistic models can generate virtual patients and populations for scenario testing [21]. Yet virtuality 

is not equivalent to twinning. A virtual patient may be sampled from a parameter distribution, constructed to represent a 

phenotype, or used to explore trial outcomes without corresponding to an identifiable real person. Mechanistic plausibility and 

population realism are therefore distinct from persistent entity linkage and longitudinal state updating. 

Data-driven approaches infer relations from observed data without requiring complete mechanistic specification. They may 

be valuable when the underlying pharmaceutical system is too complex, partially observed, or insufficiently understood for a 

comprehensive mechanistic model. Their limitations include dependence on training-data suitability, susceptibility to leakage 

and confounding, reduced reliability under domain shift, and uncertainty estimates that may not be calibrated. Verification, 

validation, and uncertainty quantification remain necessary regardless of whether the model is mechanistic or learned [22]. 

For a data-driven digital twin, model updating must also be distinguished from uncontrolled retraining: new observations 

should change the representation through documented procedures, and post-update behavior should remain traceable and 

evaluable. 

Hybrid approaches combine mechanistic structure with statistical learning, Bayesian updating, surrogate modeling, residual 

correction, or data-driven state estimation. Such integration may preserve interpretable constraints while allowing the model 

to absorb patterns that are difficult to encode explicitly. Systems-pharmacology experience in immuno-oncology shows how 

model-based virtual patients can support individualized reasoning while also revealing the evidentiary distance between a 

calibrated virtual representation and a continuously updated patient twin [23]. Hybridization does not automatically close this 

distance. The learned component may dominate predictions outside the mechanistic model’s valid domain, while the 

mechanistic component may impose incorrect assumptions. Credibility therefore requires component-level evaluation, 

integrated validation, uncertainty propagation, and evidence that updating improves rather than destabilizes future predictions. 

Patient-specific approaches illustrate both the promise and the definitional difficulty of pharmaceutical digital twins. Model-

informed precision dosing can combine population pharmacology, patient covariates, measured drug concentrations, Bayesian 

forecasting, and repeated dose adjustment. This architecture may approach twin behavior when it maintains patient identity, 

incorporates new observations, predicts future exposure or response, and informs a bounded dosing decision. However, 

implementation also depends on assay timing, data quality, clinical workflow, software usability, interpretability, 

accountability, and evaluation of patient-relevant consequences [24]. Patient specificity should therefore be considered 

necessary for a patient twin but not sufficient. A one-time individualized simulation remains a patient-specific model unless 

the entity relationship, update process, uncertainty, and decision loop are explicitly demonstrated. 

Updating, Bidirectional Connection, Prediction, and Decision Use 

Updating is the operational mechanism through which a digital twin remains aligned with its counterpart. It may involve 

Bayesian assimilation, parameter estimation, state correction, recalibration, model selection, or controlled retraining. The 

relevant update frequency depends on the dynamics of the represented entity: a manufacturing process may require frequent 

sensor-driven updates, whereas a chronic therapeutic model may update after laboratory measurements, dosing events, disease 

progression, or clinically meaningful changes. Experience with model-informed precision dosing demonstrates that technically 

capable individualized models may still fail to become routine decision systems because validation, implementation, 

interoperability, professional ownership, and accountability are unresolved [25]. Updating must therefore be assessed as part 

of a socio-technical workflow rather than as an isolated computational feature. 

A model should not be described as self-updating merely because it can accept new data. The update trigger, accepted data 

types, quality controls, temporal alignment, missing-data handling, parameter constraints, post-update checks, and versioning 

procedure should be declared. Precision-dosing implementation work indicates that adoption depends on interfaces, education, 

institutional support, role definition, and integration with real decisions [26]. These considerations also apply to formulation 

and process twins. If scientists or operators must manually reinterpret model output outside the declared system, the model 

may still be useful, but the claimed bidirectional connection should be described accurately rather than implied through 

automation language. 

Bidirectional connection consists of two distinguishable pathways. The first transfers observations from the physical or 

biological counterpart into the virtual representation. The second carries model outputs into a decision, intervention, control 

action, or experimental choice that can alter the future state of the counterpart. The return pathway may be mediated by a 

clinician, scientist, engineer, or quality professional and need not involve autonomous actuation. Pharmaceutical digital-

patient-twin accounts emphasize this relationship between evolving observations, model-state updates, predictions, and 

therapeutic or manufacturing decisions [27]. A dashboard that displays predictions without specifying who acts, under what 

authority, and how the consequences return to the model is better described as a connected monitoring model or digital shadow. 
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Prediction should be separated from reconstruction, classification, explanation, experimental confirmation, and decision value. 

Retrospective agreement can show that a model reproduces known observations, but it does not demonstrate that predictions 

were fixed before outcomes became available. Clinical-trial applications may provide useful settings for evaluating virtual or 

AI-generated twins, including comparison with observed trajectories or synthetic-control uses [28]. Nevertheless, success 

within a trial dataset does not alone establish prospective patient-level usefulness, causal validity, or routine clinical value. 

Decision use requires a prespecified output, relevant forecast horizon, appropriate comparator, calibrated uncertainty, and 

evidence that the resulting action is sufficiently reliable for its consequence. 

Evidence Synthesis on Maturity and Translational Readiness 

The review-level evidence supports a maturity interpretation based on functions demonstrated rather than labels used. Across 

life-science applications, recurring twin-enabling components include individualized or entity-specific representation, 

multimodal data integration, simulation, prediction, and decision support. At the same time, governance, representativeness, 

interoperability, implementation, and regulation remain persistent limitations [29]. The evidence is therefore strongest for the 

existence of enabling model families and architectures, not for a general claim that pharmaceutical digital twins are routinely 

operational. Maturity should be judged independently for the represented entity, model credibility, update connection, 

prediction setting, uncertainty, decision pathway, and lifecycle controls. 

Multiscale integration may increase scientific relevance by connecting molecular events, physiological dynamics, material 

behavior, treatment history, and observable outcomes. However, complex-systems perspectives caution that increasing 

biological or technical detail also increases calibration demands, identifiability problems, computational burden, and 

uncertainty propagation [30]. Model completeness is therefore not a realistic maturity criterion. A mature twin is not the most 

detailed model available; it is the least insufficient representation that has been credibly justified for a declared decision. This 

interpretation also prevents digital-twin rhetoric from rewarding complexity that cannot be validated or maintained. 

Meta-review evidence indicates convergence around promising application domains but also around recurrent barriers 

involving evidence quality, data infrastructure, ethics, implementation, and validation [31]. These findings support a qualitative 

maturity airlock rather than a single linear scale. Models pass through evidentiary boundaries only when additional claims are 

supported: benchmark performance must be distinguished from pharmaceutical usefulness, prediction from experimental 

confirmation, association from mechanism or causality, and conceptual readiness from operational deployment. Figure 1 

presents the pharmaceutical digital-twin maturity airlock, showing how the article’s key components and boundaries are 

connected within evidence synthesis on maturity and translational readiness. 

 

 
Figure 1. Pharmaceutical Digital-Twin Maturity Airlock 

 

The figure is an original conceptual synthesis that organizes the article’s central contribution across umbrella-review questions 

and operational definition of a digital twin, search, review selection, quality appraisal, and overlap assessment, review 

selection, quality appraisal, overlap assessment, digital-twin concepts in pharmacology, pharmaceutics, and delivery. Arrows 
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and grouping indicate proposed or evidence-supported relationships rather than measured effect sizes. The figure does not 

represent a validated predictive model, regulatory determination, clinical recommendation, or deployment-ready system. 

Broad technology reviews reinforce the finding that many reported systems remain enabling simulations, connected data 

environments, or proposed architectures rather than independently evaluated operational twins [32]. Translational readiness 

should therefore be reserved for applications that have passed prospective, context-specific evaluation and have documented 

data provenance, model versioning, applicability boundaries, drift monitoring, human oversight, and change control. A useful 

model need not satisfy these requirements when used for exploratory science. The stricter threshold applies only when the 

digital-twin label is used to imply an evolving counterpart relationship and a credible role in consequential pharmaceutical 

decisions. 

Minimum Criteria for Calling a Pharmaceutical Model a Digital Twin 

The first minimum criterion is a declared counterpart and context of use. The counterpart may be a patient, product, 

formulation, drug-delivery system, manufacturing batch, device, unit operation, or another bounded pharmaceutical entity, but 

its identity and lifecycle must be traceable. The intended decision must also be stated because credibility expectations depend 

on model risk and the consequences of error. Model-informed drug-development frameworks show that evidence should be 

scaled to context of use rather than inferred from model sophistication or publication status [33]. A model cannot be judged as 

a digital twin in the abstract; it can only be judged relative to what it represents, what it predicts, and how its output is intended 

to be used. 

The second criterion is a defined twinning architecture. This includes the virtual representation, physical-to-virtual data 

pathway, state-estimation or update method, and model-to-decision pathway. Cross-domain digital-twin reviews identify 

modeling, sensing, communication, data management, and service layers as enabling elements while also distinguishing one-

way digital shadows from more complete twinning relationships [34]. Pharmaceutical implementations need not reproduce an 

industrial architecture mechanically, but they should disclose equivalent functions. In particular, the existence of a return 

pathway should not be inferred from a model’s ability to generate recommendations. The responsible actor, permissible action, 

latency, override mechanism, and feedback capture should be identifiable. 

The third criterion is evidence that the connected model remains credible as it changes. Updating introduces risks that do not 

arise in a fixed model, including unstable parameter estimation, silent degradation, feedback-induced bias, loss of calibration, 

and uncontrolled change in decision behavior. Uncertainty quantification, sensitivity analysis, domain-of-validity monitoring, 

and bounded optimization are therefore central to twin credibility [35]. The twin should be able to communicate when evidence 

is insufficient, when inputs fall outside its supported domain, and when human escalation is required. Table 2 organizes the 

evidence, constructs, and interpretation boundaries needed to develop minimum criteria for calling a pharmaceutical model a 

digital twin within the article’s central argument. 

 

Table 2. Evaluation, implementation, and research priorities arising from When Does a Pharmaceutical Model Become a 

Digital Twin? An Umbrella Review 

Approach or 

application 

Data and task 

context 
Evaluation practice 

Evidence 

maturity 

Translational 

limitation 

Review 

interpretation 

Patient-specific 

PBPK or QSP 

Individual 

physiology, disease 

state, treatment 

history, 

biomarkers, and 

drug-exposure data 

Verification, 

parameter 

evaluation, 

sensitivity analysis, 

external comparison, 

and context-of-use 

qualification 

Established 

model credibility 

practices; 

variable twin-

specific 

connection 

Patient data may be 

intermittent, 

mechanisms may be 

weakly identifiable, 

and prospective 

decision benefit may 

be untested 

A strong twin-

enabling foundation 

that becomes a patient 

twin only with 

persistent identity, 

validated updating, 

uncertainty, and 

decision coupling 

Model-informed 

precision dosing 

Population model, 

patient covariates, 

measured 

concentrations, 

dose history, and 

forecasted exposure 

or response 

Bayesian 

forecasting, 

calibration 

assessment, 

temporal validation, 

workflow 

evaluation, and 

outcome-focused 

comparison 

Relatively 

advanced 

individualized 

updating in 

selected settings 

Implementation, 

assay timing, 

interoperability, 

ownership, and 

prospective outcome 

evidence remain 

uneven 

One of the closest 

pharmaceutical 

analogues to a 

decision-coupled twin 

when repeated 

updates and bounded 

dose decisions are 

demonstrated 

Virtual patients 

and in silico 

trials 

Synthetic 

populations, 

disease models, 

mechanistic 

parameters, trial-

design 

assumptions, and 

observed 

comparator data 

Plausibility checks, 

distributional 

validation, scenario 

analysis, sensitivity 

analysis, and 

comparison with 

trial observations 

Moderate for 

simulation and 

trial-support 

functions 

A virtual patient may 

not map to an 

identifiable evolving 

real patient 

Retain the virtual-

patient label unless 

persistent entity 

linkage and 

longitudinal updating 

are demonstrated 
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Data-driven 

formulation 

design 

Composition, 

process parameters, 

material attributes, 

dosage-form 

properties, and 

performance 

measurements 

Cross-validation, 

external testing, 

uncertainty 

calibration, domain-

shift assessment, and 

prospective 

formulation 

confirmation 

Stronger for 

retrospective 

prediction than 

for connected 

twinning 

Sparse datasets, 

inconsistent 

measurements, scale-

up changes, and 

limited real-time 

formulation-state 

observations 

A predictive 

formulation model is 

not a twin without a 

specified product or 

process counterpart 

and validated state 

updating 

Mechanistic 

drug-delivery 

modeling 

Release, transport, 

degradation, device 

or depot state, 

anatomy, 

physiology, and 

exposure data 

Verification, 

multiscale 

calibration, 

orthogonal in vitro 

and in vivo 

comparison, 

uncertainty 

propagation, and 

prospective testing 

Conceptually 

strong but 

heterogeneous 

Material–biology 

coupling and in vivo 

state observability 

are limited 

A potential twin 

component that 

requires observable 

states, assimilation 

rules, and decision 

relevance 

Hybrid 

mechanistic–

machine-

learning model 

Mechanistic 

constraints 

combined with 

learned residuals, 

surrogate models, 

or state estimators 

Component-level 

testing, integrated 

validation, ablation, 

uncertainty 

assessment, and 

extrapolation 

analysis 

Emerging 

Learned components 

may dominate under 

shift, while 

mechanistic 

assumptions may 

remain misspecified 

Hybrid architecture 

may improve utility 

but does not reduce 

the need for 

transparency and 

credibility assessment 

Pharmaceutical 

process or 

manufacturing 

twin 

Sensor streams, 

equipment state, 

material attributes, 

process parameters, 

control settings, 

and quality 

variables 

Sensor validation, 

state-estimation 

testing, process 

verification, 

shadow-mode 

evaluation, control 

testing, and lifecycle 

monitoring 

Potentially more 

operational in 

bounded 

processes 

Transfer across 

products, facilities, 

equipment, and 

operating ranges is 

uncertain 

May represent the 

most mature twinning 

pattern when 

counterpart identity, 

synchronization, 

control boundaries, 

and change 

management are 

explicit 

AI-generated 

clinical or trial 

twin 

Longitudinal 

clinical data, trial 

records, generative 

models, and 

counterfactual 

trajectories 

Retrospective 

reconstruction, 

external trial 

comparison, 

prospective 

prediction, 

calibration, and bias 

assessment 

Early to 

moderate 

Synthetic similarity 

does not establish 

causal validity, 

individual utility, or 

routine clinical value 

Trial applications can 

contribute evidence 

but should not be 

generalized to patient-

level deployment 

Decision-coupled 

pharmaceutical 

twin 

Any bounded 

patient, product, 

process, 

formulation, 

device, or 

development entity 

with longitudinal 

observations 

Prospective 

validation, calibrated 

uncertainty, 

workflow or control 

evaluation, 

auditability, 

comparator-based 

decision assessment, 

and drift monitoring 

Limited and 

context specific 

Governance, 

accountability, 

lifecycle change, and 

decision-

consequence 

evidence are 

frequently 

incomplete 

Reserve the digital-

twin designation for 

systems 

demonstrating all 

minimum components 

within a declared 

context of use 

Table note: The categories and maturity interpretations are an original umbrella-review synthesis. They are not validated scores, comparative-effectiveness 

estimates, clinical recommendations, regulatory classifications, or universal implementation standards. 

 

The fourth criterion is an explicit evidence and governance envelope. A reference architecture should make the counterpart, 

virtual representation, acquisition layer, synchronization, analytics, services, interfaces, security, and responsibility boundaries 

visible [36]. On this basis, the proposed minimum designation requires: a specified counterpart; a fit-for-purpose virtual 

representation; a state-relevant connection; documented update logic; prospective prediction; calibrated uncertainty and 

applicability limits; an auditable decision pathway; traceability, oversight, and change control; and evidence of decision value 

appropriate to the context. These criteria are proposed rather than validated and should be applied as a boundary framework, 

not as a universal certification checklist. Figure 2 presents the evidence, validation, and translation boundary observatory for 

when does a pharmaceutical model become a, showing how the article’s key components and boundaries are connected within 

minimum criteria for calling a pharmaceutical model a digital twin. 
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Figure 2. Evidence, Validation, and Translation Boundaries 

 

The figure is an original conceptual synthesis that shows how claims move from conceptual plausibility through evaluation, 

uncertainty assessment, and bounded pharmaceutical use. Arrows and grouping indicate proposed or evidence-supported 

relationships rather than measured effect sizes. The figure does not represent a validated predictive model, regulatory 

determination, clinical recommendation, or deployment-ready system. 

 

Conclusion 

A pharmaceutical model becomes a digital twin not when it becomes computationally elaborate, personalized, generative, or 

highly predictive, but when it enters a credible and traceable relationship with a specified real counterpart. The proposed 

boundary requires state-relevant connection, documented updating, prospective and uncertainty-aware prediction, an auditable 

path from model output to a bounded pharmaceutical decision, and governance across the model lifecycle. Pharmacometric, 

systems-pharmacology, formulation, delivery, virtual-patient, and manufacturing approaches provide important twin-enabling 

functions, yet their maturity varies according to entity observability, validation depth, update reliability, decision consequence, 

and implementation context. Review-level convergence should also be interpreted cautiously because overlapping primary 

evidence, heterogeneous terminology, and variable appraisal quality can create an appearance of maturity that exceeds 

demonstrated capability. The principal contribution of this umbrella review is therefore a proposed operational distinction 

between useful pharmaceutical models and decision-coupled digital twins. This distinction is intended to improve scientific 

language, evidence synthesis, validation planning, and translational judgment rather than to imply that digital-twin status is 

necessary for every valuable pharmaceutical model. 
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