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ABSTRACT 
 

Molecular simulation can characterize conformational ensembles, energy landscapes, ligand interactions, and 

transition pathways, yet an individual simulation remains a conditional representation rather than a continuously 

updated molecular counterpart. This article proposes an original mechanistic digital-twin architecture for drug–

target dynamics that separates latent molecular state, intervention, physical time, evidence-update time, decision 

horizon, and observation. The architecture links a persistent entity and provenance record with mechanistic 

transition models, dynamic conformational-state estimation, counterfactual ligand, mutation, and environmental 

perturbations, adaptive simulation, and active information acquisition. Uncertainty is propagated across 

sampling, force fields, parameters, observations, software implementations, learned components, and competing 

mechanistic hypotheses rather than compressed into a single confidence value. Counterfactual branches are 

evaluated against structural, thermodynamic, kinetic, and functional consequences, with validation requirements 

determined by the intended context of use. A governance layer distinguishes exploratory hypothesis generation 

from bounded molecular decision support and requires escalation, revision, or deferral when provenance, 

identifiability, validation, or uncertainty conditions are inadequate. The original contribution is the integration 

of established molecular-simulation methods into a traceable state–intervention–observation–update 

architecture rather than the proposal of a new simulation algorithm. The framework is intended to generate 

testable propositions and organize evidence acquisition, but it does not establish predictive validity, causal 

therapeutic effects, clinical usefulness, regulatory acceptability, universal applicability, or deployment readiness. 

Its value therefore depends on prospective, context-specific computational and experimental validation.  

 
Key words: Digital twin, Molecular dynamics, Conformational ensemble, Energy landscape, Sampling, Drug–

target recognition 
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INTRODUCTION 

Molecular dynamics can connect atomic interactions with conformational change, while machine-learning 

methods can accelerate representation and simulation. Allosteric behavior further demonstrates that molecular 

function often emerges from shifting ensembles rather than one static structure [1-3]. Nevertheless, trajectories, 
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learned representations, and energy landscapes are commonly generated as separate analytical products without a 

persistent mechanism for evidence updating or counterfactual comparison. 

This fragmentation limits interpretation. A calculated affinity may omit kinetic consequences; a sampled 

conformation may be statistically frequent yet mechanistically irrelevant; and a mutation prediction may depend 

on an incompletely represented baseline ensemble. Combining more models does not itself resolve these problems 

because disagreement can arise from sampling, force fields, observation error, structural assumptions, or 

genuinely competing mechanisms. 

This Original Mechanistic Digital-Twin Architecture Article proposes a molecular-scale framework in which the 

drug–target system retains an explicit computational identity across simulations, interventions, observations, and 

model revisions. The twin is defined by the traceable relationship among these elements, not by molecular 

dynamics, machine learning, a structural model, or an experimental dataset acting alone. 

The objective is to establish a coherent architecture for state representation, counterfactual perturbation, adaptive 

information acquisition, uncertainty propagation, validation, and bounded decision use. The contribution is 

conceptual and non-empirical. It organizes established methods into proposed relationships and decision rules that 

require system-specific evaluation rather than claiming that a validated molecular twin already exists. 

From molecular simulation to continuously updated digital twins 

Digital-twin scholarship distinguishes a twin from a standalone model through persistent entity correspondence, 

connected information, purpose-specific representation, and iterative updating [4-6]. Transferring these principles 

to molecular science requires caution: a drug–target complex is not continuously observable, and its relevant state 

may include unmeasured conformations, chemical states, environmental conditions, and transition probabilities. 

Accordingly, “continuously updated” should mean evidence-triggered continuity rather than uninterrupted real-

time streaming. New trajectories, structural constraints, affinities, kinetic measurements, mutational observations, 

or functional data may revise state or parameter beliefs while preserving links to the prior model version. 

Retraining a model without such provenance would create a replacement model rather than a traceably updated 

twin. 

Figure 1 presents the original conceptual synthesis for mechanistic digital twin of drug–target dynamics, showing 

how the article’s principal components, evidence relationships, uncertainties, and decision boundaries are 

connected. 

 

 
Figure 1. Mechanistic Digital Twin of Drug–Target Dynamics. 
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The figure is an original conceptual synthesis developed for “Mechanistic Digital Twins of Drug–Target 

Dynamics for Counterfactual Perturbation, Adaptive Simulation, and Uncertainty-Aware Molecular Decision-

Making.” Arrows and grouping indicate proposed or evidence-supported relationships rather than measured effect 

sizes. The figure does not represent a validated predictive model, clinical recommendation, regulatory 

determination, or deployment-ready system. 

A molecular twin must also retain a declared context of use. A representation intended to compare ligand 

substitutions may require different states, observations, and validation from one intended to explain mutation-

dependent residence time. Updating therefore should not expand the decision claim silently; a change in molecular 

endpoint or intervention domain requires reconsideration of representation and evidence adequacy. 

The proposed transition from simulation to twin is consequently organizational rather than semantic. Calling an 

existing workflow a digital twin adds no credibility unless entity identity, model versions, observations, 

interventions, uncertainties, and validation boundaries remain inspectable. This architecture does not establish 

that complete molecular observability, continuous state recovery, or universally reliable prediction is achievable. 

State, intervention, time, and observation representation 

The molecular state should be represented as an ensemble or reduced kinetic description that preserves coordinates 

relevant to the intended mechanism. Collective variables can organize long-timescale behavior, but their adequacy 

depends on whether they retain the slow transitions and molecular distinctions needed for the stated question [7]. 

A single coordinate snapshot is therefore an observation of configuration, not the complete twin state. 

State decomposition also requires kinetic justification. Markov-state approaches can connect metastable states 

through transition probabilities, yet their conclusions depend on discretization, lag time, sampling coverage, and 

validation [8]. The proposed architecture consequently stores the state-definition method and competing 

decompositions rather than presenting one partition as uniquely true. 

Data-assisted collective variables may improve state representation by learning coordinates associated with 

specified transitions or labels [9]. However, learned variables inherit the limitations of their trajectories, 

supervision targets, and molecular domain. Predictive separation of classes does not establish that a variable is 

causally sufficient, physically complete, or transferable to a new ligand, mutation, or environment. 

The architecture separates state, intervention, time, and observation. An intervention specifies a ligand 

transformation, mutation, protonation change, environmental alteration, or restraint. Physical time denotes 

simulated molecular evolution; update time records the sequence of incoming evidence; and the decision horizon 

defines the future consequence being queried. Observations are linked to latent state through an explicit 

observation model rather than treated as direct access to molecular reality. 

Proposed drug–target digital-twin architecture 

The proposed architecture integrates mechanistic, multiscale, learned, and observational components because no 

single representation spans all relevant molecular scales or evidence types [10]. Its central unit is a versioned twin 

state connected to the physical molecular entity, an intervention registry, an observation model, simulation 

engines, an uncertainty ledger, and a context-of-use declaration. 

Physics-informed learning may embed conservation relationships, differential constraints, symmetries, or 

mechanistic priors within learned modules [11]. Such constraints can narrow implausible behavior, but they do 

not independently demonstrate empirical validity. The architecture therefore records whether a relationship is 

physically imposed, statistically learned, experimentally calibrated, or merely proposed. 

Learned coarse-grained force fields illustrate how reduced representations may bridge molecular scales while 

introducing assumptions about resolution, training support, and transferability [12]. Accordingly, each surrogate 

or reduced model is linked to its parent representation, training domain, parameter version, and reconstruction 

limits. Outputs that cross these limits must trigger uncertainty escalation rather than silent extrapolation. 

Ten connected components constitute the proposed twin: entity identity and provenance; latent molecular state; 

mechanistic transition model; intervention operator; observation model; conformational-state estimator; 

counterfactual simulation engine; adaptive information-acquisition controller; uncertainty and competing-

hypothesis ledger; and validation and governance gate. No component alone qualifies as the twin, and replacing 

one component requires an auditable version transition. 

Information flows are conditional. Observations update state or parameter beliefs only after compatibility 

assessment; interventions generate parallel branches from a shared baseline; uncertainty guides additional 

simulation or experimentation; and validation determines whether outputs remain exploratory or may support a 
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narrowly bounded molecular decision. This integration is an original conceptual synthesis that requires 

prospective computational and experimental testing and does not represent a validated architecture. 

Dynamic conformational-state estimation 

Dynamic state estimation treats the conformational ensemble as a latent, time-dependent quantity inferred from 

trajectories and observations. VAMPnets demonstrate that kinetic state assignments and transition structure can 

be learned jointly, although the resulting states remain dependent on training coverage and model selection [13]. 

Enhanced sampling can be coupled to learned latent variables so that new trajectories refine the coordinates used 

to explore the landscape. RAVE illustrates this iterative relationship between dimensionality reduction, 

reweighting, and sampling, but it does not guarantee that the learned coordinate captures every relevant slow 

process [14]. 

Generative approaches can propose configurations from an estimated equilibrium distribution and may reduce 

barriers to exploring separated regions of configuration space [15]. Equilibrium plausibility, however, does not 

establish kinetic fidelity, mechanistic relevance, or transferability to a perturbed chemical system. 

The proposed twin therefore stores alternative state decompositions, posterior state uncertainty, sampling history, 

and the relationship between latent states and measurable observations. State estimates may be revised as evidence 

accumulates, but revisions must preserve provenance and must not be interpreted as recovery of a uniquely true 

molecular state. 

Table 1 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for 

definitions, components, relationships, and intended uses in mechanistic digital twins of drug–target dynamics for 

counterfactual perturbation. 

Table 1. Definitions, components, relationships, and intended uses in Mechanistic Digital Twins of Drug–

Target Dynamics for Counterfactual Perturbation 

Component or 

scientific 

dimension 

Problem 

addressed 

Inputs or 

determinants 

Proposed 

mechanism or 

relationship 

Expected 

contribution 

Evidence 

required 

Failure or 

uncertainty 

risk 

Boundary 

statement 

Latent 

conformational 

state 

Static 

structures 

omit 

ensemble 

behavior 

Trajectories, 

structural 

constraints, 

kinetic 

descriptors 

Proposed: 

infer an 

uncertainty-

qualified 

ensemble state 

Mechanistically 

interpretable 

state tracking 

Kinetic-state 

validation and 

observation 

compatibility 

[13] 

State aliasing 

or missing slow 

modes 

An inferred 

state is not 

molecular 

ground truth 

Adaptive state 

representation 

Fixed 

coordinates 

may miss 

emerging 

transitions 

Existing and 

newly acquired 

trajectories 

Proposed: 

revise 

collective 

variables 

during 

updating 

Better targeting 

of unresolved 

landscape 

regions 

Reweighting 

and sampling 

diagnostics 

[14] 

Feedback bias 

or unstable 

coordinates 

Adaptive 

refinement 

does not 

guarantee 

convergence 

Generative 

state proposals 

Rare states 

may remain 

inaccessible 

Learned 

equilibrium 

distribution 

and physical 

constraints 

Proposed: 

propose 

candidate 

configurations 

for testing 

Expanded 

hypothesis 

generation 

Distributional 

and energetic 

validation [15] 

Nonphysical or 

kinetically 

misleading 

samples 

Generated 

states are 

candidates, 

not validated 

mechanisms 

Intervention 

representation 

Perturbations 

are often 

mixed with 

observed 

outcomes 

Ligand, 

mutation, 

protonation, 

and 

environmental 

definitions 

Proposed: 

encode 

interventions 

separately 

from state 

Traceable 

counterfactual 

comparison 

Common 

baseline and 

transformation 

validity 

Intervention–

baseline 

incompatibility 

A simulated 

contrast is 

conditional, 

not a clinical 

causal effect 

Observation 

model 

Experiments 

do not 

directly reveal 

complete 

latent state 

Structural, 

affinity, 

kinetic, and 

functional data 

Proposed: 

map latent 

states to 

expected 

observations 

Evidence 

assimilation 

with explicit 

measurement 

assumptions 

Measurement-

model 

calibration 

Observation 

error or non-

identifiability 

Agreement 

with one 

observation 

does not 

validate the 

full twin 
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Provenance 

and decision 

boundary 

Updates can 

obscure 

model 

identity and 

evidentiary 

scope 

Model 

versions, 

assumptions, 

evidence 

history, context 

of use 

Proposed: 

preserve an 

auditable 

update chain 

and use gate 

Reproducibility 

and bounded 

interpretation 

Version 

consistency 

and context-

specific 

validation 

Silent model 

replacement or 

scope 

expansion 

Technical 

plausibility is 

not decision 

readiness 

Counterfactual ligand, mutation, and environmental perturbations 

Ligand counterfactuals compare outcomes under explicitly defined chemical transformations while holding the 

relevant baseline representation constant. Nonequilibrium alchemical calculations demonstrate that relative 

binding free energies can be estimated across ligand series, but their validity remains conditional on chemical 

overlap, sampling, and system preparation [16]. 

Mutation counterfactuals alter the target rather than the ligand. Alchemical calculations have been used to estimate 

mutation-dependent changes in inhibitor binding, showing how mechanistic hypotheses about resistance may be 

examined computationally [17]. Such estimates remain molecular and system-specific and cannot by themselves 

establish clinical resistance. 

Environmental counterfactuals include changes in protonation, solvent, ionic composition, membrane context, 

cofactors, or conformational restraints. Protein flexibility can modulate both binding thermodynamics and 

kinetics, demonstrating that an intervention cannot always be interpreted independently of the ensemble from 

which it is applied [18]. 

The proposed engine therefore branches interventions from a shared, uncertainty-qualified baseline and records 

which assumptions remain invariant. Counterfactual admissibility requires a defined intervention, a sufficiently 

represented baseline state, compatible parameterization, and an outcome that the molecular model can legitimately 

address. 

Adaptive simulation and active information acquisition 

Adaptive simulation changes computational allocation in response to what has already been learned. 

Reinforcement-based sampling can reward exploration of underrepresented conformational regions, providing a 

mechanism for directing new trajectories toward unresolved portions of the landscape [19]. 

Data-driven collective variables offer a complementary strategy in which accumulating trajectory information is 

used to refine the coordinates that guide enhanced sampling [20]. The resulting efficiency depends on whether 

the learned coordinate remains relevant to the molecular question and does not conceal alternative slow processes. 

Deep learning of slow modes may improve access to rare events by focusing simulation on dynamically 

informative coordinates [21]. Nevertheless, accelerated discovery of transitions does not demonstrate that all 

relevant states have been found or that the learned representation is transferable. 

The proposed controller selects the next simulation or experiment according to expected reduction of decision-

relevant uncertainty. It may request replicas, enhanced sampling, an alchemical perturbation, or a discriminating 

experiment, but the selection remains advisory and must preserve human and experimental oversight. 

Table 2 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for 

testable propositions, evidence requirements, and validation criteria for mechanistic digital twins of drug–target 

dynamics for counterfactual perturbation. 

Table 2. Testable propositions, evidence requirements, and validation criteria for Mechanistic Digital Twins of 

Drug–Target Dynamics for Counterfactual Perturbation 

Architecture 

layer or process 

stage 

Core function 

Information 

or material 

flow 

Interaction 

with other 

components 

Validation 

criterion 

Potential 

failure mode 

Human or 

experimental 

responsibility 

Readiness 

boundary 

State-sufficiency 

test 

Determine 

whether 

represented 

states preserve 

intervention-

relevant 

dynamics 

Trajectories 

→ latent-state 

model 

Constrains 

intervention 

and 

observation 

models 

Stable kinetic 

interpretation 

under 

resampling [13] 

Missing slow 

coordinate 

Review state 

definitions and 

diagnostics 

Research use 

until state 

adequacy is 

demonstrated 
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Update-

consistency test 

Ensure new 

evidence 

changes beliefs 

traceably 

Evidence → 

state or 

parameter 

update 

Connected to 

provenance 

ledger 

Reproducible 

update with 

preserved 

version history 

[14] 

Unstable or 

contradictory 

updates 

Examine 

evidence 

compatibility 

No bounded 

use after 

unexplained 

model 

replacement 

Counterfactual-

admissibility 

test 

Verify that a 

perturbation 

has a 

defensible 

baseline 

Baseline state 

+ intervention 

→ 

comparison 

branches 

Precedes 

simulation 

engine 

Transformation 

and parameter 

compatibility 

[16] 

Invalid 

chemical or 

state mapping 

Approve 

intervention 

definition 

No causal 

interpretation 

without 

admissibility 

Adaptive-value 

test 

Select 

informative 

next actions 

Uncertainty 

→ simulation 

or experiment 

request 

Uses state 

estimator and 

hypothesis 

ledger 

Reduced 

prespecified 

uncertainty 

without biased 

inference [19] 

Exploration 

unrelated to 

decision 

question 

Approve 

resource 

allocation and 

experiments 

Adaptive 

operation 

remains 

supervised 

Rare-event test 

Assess whether 

sampling 

captures 

relevant 

transitions 

Learned slow 

modes → 

enhanced 

trajectories 

Updates state 

representation 

Replicated 

transition 

evidence [21] 

Apparent 

convergence 

from biased 

coordinates 

Require 

independent 

checks 

No claim of 

landscape 

completeness 

Validation-

triangulation 

test 

Compare 

predicted 

consequences 

across evidence 

layers 

Predictions 

→ structural, 

kinetic, 

functional 

checks 

Feeds 

governance 

gate 

Coherent, 

context-specific 

agreement 

Success on 

one 

convenient 

endpoint 

Define 

prospective 

acceptance 

criteria 

Single-

endpoint 

agreement is 

insufficient 

Decision-

boundary test 

Restrict use to 

supported 

claims 

Validation 

and 

uncertainty 

→ 

governance 

outcome 

Final 

architecture 

gate 

Evidence 

proportional to 

intended 

consequence 

Scope 

expansion 

beyond 

validation 

Authorize, 

defer, or reject 

intended use 

No clinical or 

regulatory 

inference from 

molecular 

evidence alone 

Uncertainty propagation and competing mechanistic hypotheses 

Uncertainty should be decomposed across stochastic sampling, implementation reproducibility, and learned-

model extrapolation rather than reported as one confidence value [22-24]. These sources may interact but require 

different diagnostic and corrective actions. 

Independent replicas are necessary because a single trajectory can support a false mechanistic conclusion through 

chance sampling or incomplete exploration [22]. Replicate agreement reduces one source of uncertainty but does 

not correct shared force-field or structural misspecification. 

Cross-software comparison can reveal implementation-dependent discrepancies, while learned molecular 

potentials require explicit attention to out-of-domain behavior [23, 24]. Neither reproducibility nor a narrow 

uncertainty interval proves that the represented mechanism is correct. 

The proposed hypothesis ledger therefore preserves alternative state models, transition pathways, binding 

mechanisms, and perturbation explanations. Hypotheses are updated separately until discriminating evidence is 

available; averaging incompatible mechanisms into one prediction would conceal structural uncertainty. 

Validation against structural, kinetic, and functional consequences 

Validation must correspond to the intended use rather than to the most convenient benchmark. Large-scale 

assessments of binding free-energy calculations show why performance across realistic projects is more 

informative than success in an isolated, favorable system [25]. 

When a claim concerns binding or conformational kinetics, validation should examine transition pathways, state 

populations, or rate-related behavior. Atomistic simulation combined with Markov modeling has demonstrated 

how association kinetics may be connected to detailed molecular pathways [26]. 

When a proposed mechanism includes biological function, structural agreement alone is inadequate. Molecular 

analysis of GPCR-mediated arrestin activation illustrates how conformational transitions can be related to 

experimentally observed functional consequences [27]. 
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The architecture therefore requires layered validation: numerical and reproducibility checks; structural or 

thermodynamic agreement; kinetic consequences where relevant; and functional evidence when function is 

claimed. Molecular validation does not establish therapeutic benefit, patient outcome, or manufacturing 

performance. 

Table 3 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for 

failure modes, boundary conditions, governance needs, and implementation priorities for mechanistic digital twins 

of drug–target dynamics for counterfactual perturbation. 

Table 3. Failure modes, boundary conditions, governance needs, and implementation priorities for Mechanistic 

Digital Twins of Drug–Target Dynamics for Counterfactual Perturbation 

Decision scenario 

or design trade-

off 

Trigger or 

context 

Competing 

objective 

Evidence 

threshold 

Uncertainty 

treatment 

Corrective or 

escalation 

action 

Expected 

implication 

What cannot 

be concluded 

Affinity ranking 

versus 

mechanistic 

explanation 

Ligand 

comparison 

Predictive 

ordering versus 

causal 

interpretation 

Prospective 

project-

relevant 

validation 

[25] 

Separate 

statistical error 

from 

mechanism 

uncertainty 

Restrict claim 

or acquire 

discriminating 

evidence 

Bounded 

molecular 

prioritization 

Therapeutic 

superiority 

Structural fit 

versus kinetic 

validity 

Plausible 

bound 

structure 

Geometric 

agreement versus 

transition realism 

Pathway or 

rate evidence 

[26] 

Retain kinetic 

alternatives 

Extend 

sampling or 

obtain kinetic 

measurements 

Better-

supported 

mechanism 

Correct 

residence time 

from structure 

alone 

Conformational 

change versus 

functional 

consequence 

Allosteric 

or signaling 

claim 

Structural 

plausibility 

versus biological 

effect 

Compatible 

functional 

evidence [27] 

Propagate 

observation-

model 

uncertainty 

Test 

downstream 

consequence 

Stronger 

mechanistic 

coherence 

Clinical 

efficacy 

Precision versus 

reproducibility 

Narrow 

predicted 

interval 

Apparent 

certainty versus 

implementation 

robustness 

Replica and 

workflow 

consistency 

Preserve 

between-run 

and between-

engine 

variance 

Repeat, 

compare, or 

revise 

workflow 

More credible 

computational 

evidence 

Absence of 

model bias 

Adaptation 

versus 

traceability 

Repeated 

model 

updating 

Learning 

efficiency versus 

provenance 

Complete 

version and 

evidence 

history 

Record 

update-

specific 

uncertainty 

Freeze, audit, or 

roll back model 

Inspectable 

evidence 

evolution 

That later 

versions are 

automatically 

better 

Research utility 

versus decision 

use 

Output 

appears 

actionable 

Speed versus 

evidentiary 

adequacy 

Context-

specific 

validation 

and 

governance 

review 

Escalate 

unresolved 

structural 

uncertainty 

Limit to 

research, revise, 

or defer 

Prevention of 

unsupported 

use 

Clinical, 

regulatory, or 

deployment 

readiness 

Decision boundaries and governance 

Model credibility should be proportional to the intended context of use and the consequences of an incorrect 

decision [28]. A twin used to prioritize simulations therefore requires a different evidentiary standard from one 

proposed to guide compound selection or interpret resistance. 

Credibility assessment should connect model purpose, verification, validation, uncertainty, documentation, and 

evidentiary adequacy rather than treating them as isolated checkboxes [29]. Governance begins before simulation 

by defining the permissible claim and the evidence needed to support it. 

The proposed decision gate has four outcomes: research prioritization, model or intervention revision, deferral 

because material uncertainty remains, and narrowly bounded molecular use after context-specific validation. 

These outcomes are not maturity scores and do not imply regulatory qualification. 

Human responsibility remains necessary for defining questions, approving intervention assumptions, assessing 

experimental compatibility, interpreting unresolved hypotheses, and preventing scope expansion. Automated 

generation of molecular outputs does not transfer scientific or decision accountability to the model. 

Limitations and implementation priorities 
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Force fields remain conditional representations of molecular interactions. Improvements designed for folded and 

intrinsically disordered proteins demonstrate that performance can depend on the conformational regime and 

evaluation target [30]. 

Transferability across folded, disordered, mutated, ligand-bound, and environmentally altered states must 

therefore be tested rather than assumed. Force-field development spanning distinct protein-state regimes illustrates 

both the importance and difficulty of this requirement [31]. 

Additional limitations include incomplete sampling, hidden chemical states, uncertain protonation, state aliasing, 

observation-model error, adaptive feedback bias, mechanistic non-identifiability, and loss of provenance during 

updating. No uncertainty method can guarantee that all omitted mechanisms have been recognized. 

Figure 2 presents the original conceptual synthesis for adaptive counterfactual-simulation and evidence-updating 

cycle, showing how the article’s principal components, evidence relationships, uncertainties, and decision 

boundaries are connected. 

 

 
Figure 2. Adaptive Counterfactual-Simulation and Evidence-Updating Cycle. 

 

The figure is an original conceptual synthesis developed for “Mechanistic Digital Twins of Drug–Target 

Dynamics for Counterfactual Perturbation, Adaptive Simulation, and Uncertainty-Aware Molecular Decision-

Making.” Arrows and grouping indicate proposed or evidence-supported relationships rather than measured effect 

sizes. The figure does not represent a validated predictive model, clinical recommendation, regulatory 

determination, or deployment-ready system. 

Implementation should begin with bounded molecular questions for which interventions, observations, and 

validation endpoints can be prespecified. Early priorities are versioned provenance, independent simulation 

replicas, uncertainty decomposition, and prospective comparison with discriminating experiments. Expansion to 

consequential decisions should occur only after the relevant context has been separately validated. 

 

CONCLUSION  

 

This article proposes a mechanistic drug–target digital twin as a persistent, traceable relationship among molecular 

state, interventions, time, observations, simulation models, evidence updates, uncertainty, and decision 

boundaries. Its principal contribution is an architecture for organizing dynamic conformational-state estimation, 

counterfactual perturbation, adaptive information acquisition, competing mechanistic hypotheses, and layered 

validation without treating any component as sufficient alone. The framework may support testable molecular 



Popescu et al.                                                        Int. J. Pharm. Res. Allied Sci., 2026, 15(1): 123-132 
 

131 

questions and disciplined evidence acquisition, but its outputs remain conditional on representation, force fields, 

sampling, observations, and context of use. It does not establish predictive validity, clinical benefit, regulatory 

acceptability, universal applicability, or deployment readiness. 
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