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ABSTRACT

Precision pharmacotherapy requires decisions about what dose should be administered next, not merely forecasts
of what is likely to occur under previously observed treatment patterns. Current patient models can integrate
pharmacokinetic, pharmacodynamic, laboratory, physiological, and treatment data, yet their predictions may
remain associational when treatment is repeatedly adapted in response to evolving patient states. Delayed efficacy
and toxicity, incomplete clinical observation, treatment-confounder feedback, unsupported dose actions, and
model uncertainty further limit direct translation from patient-state prediction to dosing decisions. This Original
Causal Digital-Twin Architecture Article proposes the Counterfactual Dose Twin as a patient-specific, time-
indexed computational branch that shares the observed clinical history but propagates outcomes under one
explicitly defined future dose trajectory. A dose-twin ensemble compares permissible trajectories through linked
observation, state-estimation, causal-specification, PK/PD, delayed-outcome, uncertainty, and governance
layers. Hard safety constraints, action-support checks, calibrated uncertainty, abstention, and escalation are
positioned before clinician authorization rather than appended to an optimized dose output. Real-time updating
is conceived as a governed process in which new observations revise the estimated patient state while model
versions, data provenance, overrides, missingness, and emerging outcomes remain auditable. Validation would
require software verification, causal-recovery experiments, temporal and missing-data stress tests, external
retrospective evaluation, prospective silent-mode assessment, human-factors testing, and context-specific
interventional evidence. The proposed architecture is an original conceptual synthesis rather than a validated
dosing model, treatment recommendation, autonomous prescribing system, regulatory determination, or
deployment-ready clinical workflow.
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INTRODUCTION

Model-informed precision dosing seeks to connect drug, patient, disease, and treatment information with
individualized dose selection. Although its scientific foundations are increasingly established, routine clinical
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integration remains limited by evidence, workflow, qualification, and governance barriers rather than by
pharmacometric capability alone [1].

Effective implementation requires more than an accurate population model or dosing algorithm. Interoperable
data, qualified models, usable software, clinical evidence, trained professionals, institutional accountability, and
integration with treatment workflows must operate together if model output is to become decision-relevant [2].
Contemporary model-informed dosing commonly combines population PK or PK/PD models, patient covariates,
measured concentrations, prior information, Bayesian updating, and dose optimization. However, prospective
evidence, transportability, scalable monitoring, and consistent implementation remain incomplete across many
therapeutic contexts [3].

A further limitation is conceptual. Most dosing systems estimate a current state or predict an outcome under
observed care, whereas clinicians ask what would occur under alternative future dose trajectories. This article
proposes a causal digital-twin architecture that separates state estimation from intervention comparison and
embeds delayed outcomes, incomplete observation, uncertainty, safety constraints, abstention, and clinical
governance within the decision process.

Why descriptive patient models cannot answer dosing counterfactuals

A descriptive model may accurately predict an outcome among patients receiving historically observed treatments
without identifying the outcome that would follow if the dose were changed. Prediction under treatment and
estimation of an intervention-specific counterfactual are therefore different tasks requiring different assumptions
[4, 5].

A dosing counterfactual must specify eligibility, decision time, permissible interventions, treatment assignment,
follow-up, outcome, and estimand. Target-trial reasoning helps expose temporal misalignment, immortal-time
bias, inconsistent treatment definitions, and inappropriate follow-up, but it does not remove residual confounding
or repair unmeasured clinical history [6].

Treatment adaptation intensifies this distinction. Renal function, biomarkers, symptoms, prior concentrations,
adverse effects, and disease severity may influence the next dose while also having been affected by earlier
treatment. Conditioning on these variables without representing their temporal roles may distort rather than clarify
the effect of changing dose.

Incomplete observation creates an additional problem. The measured record is not the patient’s complete
biological state: concentrations may be sparsely sampled, symptoms may be recorded selectively, and safety
outcomes may remain pending. A descriptive forecast can therefore appear precise while depending on untested
assumptions about missingness, measurement error, and latent state evolution.

The proposed architecture addresses these limitations by separating observations, latent patient state, treatment
history, intervention specification, counterfactual trajectory generation, delayed outcomes, uncertainty, and
decision constraints. Predictive calibration remains necessary, but it does not establish the causal effect, clinical
acceptability, or safety of changing treatment. Figure 1 presents the original conceptual synthesis for
counterfactual dose-twin architecture, showing how the article’s principal components, evidence relationships,
uncertainties, and decision boundaries are connected.
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Figure 1. Counterfactual Dose-Twin Architecture

The figure is an original conceptual synthesis developed for “Counterfactual Dose Twins for Real-Time Precision
Pharmacotherapy under Treatment Adaptation, Delayed Outcomes, Safety Constraints, and Incomplete Clinical
Observation.” 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.

Proposed counterfactual dose-twin architecture

Digital-twin scholarship describes individualized computational representations that link patient data with
mechanistic or statistical models and can be updated as the represented system changes [7, 8]. The architecture
proposed here adds an explicit causal requirement: every simulated future must correspond to a defined dose
intervention rather than an unspecified continuation of observed care.

A Counterfactual Dose Twin is defined as a patient-specific, time-indexed computational branch that shares the
patient’s observed history at a decision time and propagates PK, PD, disease, safety, and observation uncertainty
under one permissible future dose trajectory. A set of branches evaluated from the same history forms the proposed
dose-twin ensemble.

A pharmacology-specific twin may contain mechanistic PK/PD or quantitative systems pharmacology
components, provided their structure, calibration data, and context of use are explicit. Existing disease-specific
QSP twin applications demonstrate the feasibility of individualized mechanistic simulation but do not validate a
general counterfactual dosing architecture [9].

The proposed architecture contains six connected layers: observation and measurement; patient state and treatment
history; causal intervention specification; counterfactual trajectory generation; delayed-outcome and uncertainty
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propagation; and safety and clinical governance. The layers separate what was measured, what is inferred, what
intervention is being compared, and what decision may be authorized.

Evidence-supported pharmacological relationships should remain distinct from newly proposed decision rules.
Mechanistic plausibility does not establish causal identification, a simulated trajectory does not establish a
treatment effect, and an optimized model objective does not establish clinical acceptability. Each component
therefore requires independent verification, validation, and context-specific qualification.

Patient state, treatment history, and observation model

The patient state should distinguish measured information from latent pharmacological and clinical states. Bedside
model-informed dosing depends on qualified priors, interpretable historical data, model qualification, and
clinically usable individual updating rather than on a population parameter set alone [10].

The observed history includes administered doses, infusion timing, concentrations, laboratory results,
physiological measurements, symptoms, concomitant treatments, outcomes, and their timestamps. Therapeutic
drug monitoring becomes model-informed dosing when these observations are integrated with population PK/PD
structure, exposure targets, covariates, and Bayesian forecasting [11].

The proposed latent state contains PK, PD, disease, and safety components that may not be directly observed.
Posterior updating can refine model-based beliefs about these components, but posterior precision is not
equivalent to biological truth, causal certainty, or evidence that a new dose will improve outcomes.

A separate treatment—covariate history ledger preserves the temporal order of prior doses, treatment changes,
evolving covariates, observations, and outcomes. This shared past anchors every counterfactual branch and
prevents future trajectories from being compared under inconsistent histories or selectively reconstructed
baselines.

The observation model represents timestamps, provenance, assay quality, measurement error, sampling cadence,
missingness, censoring, privacy, security, and workflow constraints. Software evaluations show that integration,
validation, output communication, usability, and data governance are material requirements, although feature
availability alone does not demonstrate clinical effectiveness [12]. The observation layer therefore defines what
the architecture can condition on, not what it can safely infer beyond the recorded information.

Time-varying confounding and treatment adaptation

Repeated dose adaptation creates treatment—confounder feedback when an evolving covariate influences the next
dose but has itself been altered by earlier treatment. Conventional adjustment may then block mediated effects or
introduce selection bias; longitudinal g-methods are relevant only when their exchangeability, positivity,
consistency, and model assumptions are defensible [13].

The causal target should be a sustained or dynamic dosing strategy rather than a decontextualized exposure label.
Its population, eligibility criteria, decision times, adherence definition, censoring rules, follow-up horizon, and
outcome must be specified because a per-protocol effect is conditional on the strategy actually being evaluated
[14].

Naive conditioning on treatment-affected renal function, biomarkers, symptoms, or toxicity can produce biased
comparisons between dose trajectories. The causal layer must therefore distinguish confounders, mediators,
colliders, and observation variables according to their temporal roles rather than their names in the clinical record
[15].

The proposed twin records these assumptions and identifies candidate estimators but cannot create
exchangeability, recover unmeasured clinical reasoning, or overcome unsupported treatment actions.
Counterfactual interpretation remains conditional on longitudinal data quality, intervention consistency, adequate
action support, and sensitivity analyses for plausible violations.

Delayed pharmacodynamic and safety outcomes

Pharmacodynamic response and clinical events may evolve on different timescales. Joint longitudinal and time-
to-event models can connect changing biomarkers or responses with delayed events, although the fitted
association structure does not by itself establish a causal biological mechanism [16].

Pending outcomes must remain visible during dose comparison. Methodology for delayed-toxicity dose finding
demonstrates why partial follow-up should contribute time-dependent information rather than being classified
prematurely as absence of toxicity, although this principle requires separate validation in routine pharmacotherapy
[17].
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Cumulative exposure, treatment duration, and evolving patient factors may contribute to delayed safety risk.
Exposure—time-to-event modelling provides an applicable structural example, but disease- and product-specific
findings cannot define a universal exposure—toxicity relationship [18].

The proposed architecture therefore carries unresolved efficacy and safety states across decision times,
distinguishes observed absence from unobserved or pending outcome, and compares trajectories over a common
horizon. Table 1 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required
for definitions, components, relationships, and intended uses in counterfactual dose twins for real-time precision
pharmacotherapy under treatment.

Table 1. Definitions, components, relationships, and intended uses in Counterfactual Dose Twins for Real-Time
Precision Pharmacotherapy under Treatment.

Proposed

Component or Failure or
P ) Problem Inputs or mechanism Expected Evidence . Boundary
scientific . . . . uncertainty
. . addressed determinants or contribution  required . statement
dimension . . risk
relationship
Doses,
. Defines the Provenance, L. Observed
Records are concentrations, . . Reconstructs . Missing or .
. . information timestamp, and . state is not the
Observed incomplete  laboratories, . what was selectively
.. . . available at measurement- complete
clinical state  and time- physiology, .. known and . measured . .
each decision quality . biological
dependent symptoms, . when . . variables
. time [10] verification state
timestamps
. Bayesian state
Population v . .
.. . estimation . External Posterior
Individual prior, Patient- o Structural L
. o . propagates . calibration and . . . precision is
disposition is covariates, dose specific . misspecification . .
Latent PK state exposure concentration- not biological
partly and exposure . or weak
. under prediction . or causal
unobserved  concentration . forecasts sampling .
histo candidate checks certainty
Yy doses [11]
. . A fitted
Biomarkers, Links L
Benefit and L Represents o . association 1s
outcomes, longitudinal Longitudinal- Surrogate failure
Latent PD and harm may . . delayed . nota
disease state, response with event or incorrect lag .
safety state  emerge after . . benefit and Sy validated
cumulative pending . validation structure ..
exposure risk clinical
exposure events [16] .
endpoint
. Ordered .
Adaptation Provides the Complete The ledger
treatment, Preserves .. . Unmeasured
Treatment- changes later . common past administration .. does not
. ) covariate, temporal L clinical
history ledger covariates and . for every . and monitoring . remove
. monitoring, and ordering reasoning .
decisions . branch [13] records confounding
outcome history
Models how
. . Unmeasured
Sampling observations . . .
. . Missing-data . . information
. Missingness process, assay  arise rather Exposes . Non-identifiable
Observation . and sampling- . cannot be
may be error, than treating measurement observation
model . . . . cadence stress recovered
informative censoring, them as uncertainty processes .
. tests without
quality flags complete state .
assumptions
[12]
Forecasts do L Converts .
Decision time, C e Aligns . . .
not .. . prediction into . Target-trial e Specification
Causal . eligible actions, . .. branches with ) . Positivity or
. R automatically . an explicit specification . does not
intervention horizon, a defined exchangeability
. R answer dose-strategy and causal L guarantee
specification outcomes, . counterfactual . . violations . . .
treatment . comparison . diagnostics identification
. estimand question
questions [6]
One future Proposed
. Propagates .
dose path  Shared history Createsa  Mechanistic, . construct; not
Counterfactual state and Simulator error . .
R must be and one comparable  causal, and a biological
Dose Twin .. . .. outcomes . or unsupported
distinguished  permissible patient- external . clone or
branch . under one . . action
from future trajectory specific future  validation treatment
. proposed
alternatives effect
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intervention
[9]
Alternatives . Candidate-set Proposed
require a Multiple Contrasts Supports completeness COHStI’I:I).lCt’ not
Dose-twin d branches with  permissible PP . P . Relevant actions .
common constrained  and policy- an exhaustive
ensemble . the same past dose . ..
comparison . . . comparison support clinical
. and horizon  trajectories . .
basis analysis choice set
Parameter, Accompanies
Point structural, P Makes Calibration Uncertainty
eve . S
Uncertainty forecasts  measurement, . Y uncertainty and Confident error estimation is
trajectory and .. e s
envelope conceal and ; decision- distribution- or miscalibration not proof of
.. . . can activate . .
decision risk  distributional . relevant shift testing safety
. review [19]
uncertainty
Clinical .
. . Rejects, Software Proposed
Constraint, constraints, . .. . . .
. Unsupported . withholds, or Limits verification Constraint  controller; not
abstention, and action support,
. outputs may . escalates automated  and human- bypass or an
escalation uncertainty, . . .
reach care candidate overreach factors automation bias autonomous
controller governance . . .
rules actions [20] evaluation prescriber

Counterfactual dose-trajectory generation

Sequential decision methods are relevant because each dose changes the future state on which subsequent
decisions depend. Reinforcement learning can formalize states, actions, transitions, and objectives, but
pharmacological structure and clinical constraints are required to limit data demands and unsafe exploration [21].
A PK/PD or disease model can provide a simulated environment for comparing sequential actions and testing
policies before clinical evaluation. Model-enhanced reinforcement learning demonstrates this computational
possibility, but success within a theoretical simulator remains conditional on simulator fidelity and does not
establish clinical effectiveness [22].

Adaptive dosing also requires an explicit objective. A policy may balance exposure targets, response, toxicity,
treatment burden, and uncertainty, but the relative value assigned to these outcomes can materially alter the
preferred trajectory [23].

The proposed trajectory generator therefore enumerates only permissible actions, propagates each branch across
a common horizon, and records objective components separately. A learned policy becomes counterfactual only
when its intervention, estimand, causal assumptions, action support, and uncertainty are explicit.

Safety constraints, abstention, and escalation

Candidate trajectories require hard clinical constraints, action-support checks, conservative off-policy evaluation,
and safeguards against reward misspecification. Healthcare reinforcement learning remains vulnerable to
confounding, limited coverage of alternative actions, unsafe exploration, and evaluation against an unreliable
observational policy [20].

Decision-relevant uncertainty must be quantified and communicated in a form that can trigger second review
rather than being hidden behind a point recommendation [19, 24]. Aleatoric, epistemic, structural, measurement,
and distributional uncertainty should remain distinguishable because they imply different corrective actions.

The proposed controller returns one of three states: eligible for clinician comparison, abstain or withhold, or
escalate for additional measurement or specialist review. Constraint violation, inadequate action support, unstable
state estimation, unresolved delayed toxicity, or excessive uncertainty prevents an affirmative recommendation.
Abstention reduces overreach but cannot remove residual clinical risk or guarantee that escalation will be timely.
Table 2 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for
testable propositions, evidence requirements, and validation criteria for counterfactual dose twins for real-time
precision pharmacotherapy under treatment.

Table 2. Testable propositions, evidence requirements, and validation criteria for Counterfactual Dose Twins
for Real-Time Precision Pharmacotherapy under Treatment.

Architecture . Interaction . . . Human or .
Core Information or ) Validation Potential failure . Readiness
layer or . R with other . experimental
function  material flow criterion mode - boundary
process stage components responsibility
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Passin,
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branches trajectories treatment
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safety
. . . Define
. Route Uncertainty  Interacts with Prespecified . Thresholds
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. decisions compare, and selective-risk  or excessive . context-
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New Reopens state Version Proposed
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.. observations, estimation stability, . . . . process; later
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updating and  across . . bias, or alert silent and .
overrides, and silently and human- ) . evidence
human use  repeated . fatigue supervised .
. outcomes enter  changing factors remains
decisions B oo - modes
an audit trail ~ authorization acceptability necessary

Real-time updating and monitoring design

Continued learning can revise population and individual model components as clinical data accumulate, but
updates require diagnostic evaluation, version control, and protection against degradation [25]. The proposed
architecture separates patient-state updating from changes to the governing model.

Real-time bedside support also requires automated data acquisition, timestamp reconciliation, model execution,
interpretable output, and workflow integration. Existing dosing-support development demonstrates these
feasibility components without establishing general clinical effectiveness or validating the proposed architecture
[26].

Each decision cycle should preserve the input snapshot, model version, candidate trajectories, rejected branches,
uncertainty state, clinician action, override rationale, administered treatment, and subsequent observations.
Monitoring should detect calibration drift, altered case mix, new assay behaviour, missing-data changes, and
unsupported actions.
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A new observation may update the patient posterior immediately when the validated model is unchanged. By
contrast, parameter, structure, objective, constraint, or interface changes should enter controlled shadow
evaluation and independent review before affecting recommendations.

Validation and clinical governance

Clinical evaluation must examine intended use, eligible users, human—system interaction, workflow fit, errors,
overrides, safety events, and prospective performance in the actual decision environment [27]. Reporting guidance
supports transparent evaluation but does not itself validate a system.

Computational credibility requires distinct verification, validation, uncertainty quantification, and context-of-use
assessment [28]. Equation correctness, software correctness, biological adequacy, causal recovery,
transportability, and clinical usefulness are separate claims and should not be collapsed into one accuracy statistic.
A staged programme would proceed through software verification, simulated causal-recovery tests, retrospective
temporal and missingness stress tests, multisite external evaluation, prospective silent-mode assessment, human-
factors studies, and controlled interventional evaluation. Failure at one stage should restrict the intended use rather
than be averaged away.

Clinical governance should define model ownership, authorized users, change control, audit review, incident
response, override handling, monitoring frequency, and retirement criteria. Passing a computational stage does
not authorize prescribing, eliminate clinician responsibility, or establish regulatory acceptance.

Limitations and implementation priorities

Claims of patient benefit require transparent problem formulation, representative data, reproducibility,
prospective evaluation, workflow analysis, and ethical accountability [29]. These requirements remain context-
specific and cannot be satisfied solely through technical documentation or retrospective performance.

Post hoc explanation methods may support review but cannot substitute for causal validity, calibration, robustness,
safety evaluation, or accountability [30]. An apparently intuitive explanation may still describe an unreliable
association or obscure dependence on unsupported data.

Figure 2 presents the original conceptual synthesis for real-time updating and constrained comparison of dose
trajectories, showing how the article’s principal components, evidence relationships, uncertainties, and decision
boundaries are connected.

Real-Time Updating and Constrained Comparison of Dose Trajectories
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Figure 2. Real-Time Updating and Constrained Comparison of Dose Trajectories
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The figure is an original conceptual synthesis developed for “Counterfactual Dose Twins for Real-Time Precision
Pharmacotherapy under Treatment Adaptation, Delayed Outcomes, Safety Constraints, and Incomplete Clinical
Observation.” 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.

Principal limitations include unmeasured treatment rationale, imperfect adherence records, sparse sampling,
uncertain structural transportability, delayed or competing outcomes, changing clinical practice, and objective
misspecification. Priorities are therefore prospective data provenance, causal benchmark environments, multisite
validation, calibrated abstention, human-factors evaluation, and governance mechanisms that fail closed when
evidence is insufficient.

CONCLUSION

The Counterfactual Dose Twin is proposed as a causal, pharmacological, uncertainty-aware architecture for
comparing permissible future dose trajectories from a shared patient history. Its contribution is the separation of
observation, latent state, treatment adaptation, causal intervention specification, delayed outcomes, trajectory
generation, safety constraints, abstention, updating, and clinical authorization. The architecture does not establish
that a simulated trajectory is a causal treatment effect, that an optimized objective is clinically acceptable, or that
a recommendation is safe. Its value must be tested through staged computational, causal, external, prospective,
human-factors, and interventional validation within narrowly defined contexts of use.
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