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ABSTRACT

Clinical pharmacokinetic and pharmacodynamic modelling supports the interpretation of dose, exposure,
biological response, and patient variability, but most models remain tied to a particular drug, population,
sampling design, endpoint, or clinical task. This task-specific orientation limits reuse across evolving treatment
contexts and does not inherently address informative observation processes, distribution shift, or uncertainty
under transfer. This Original Foundation-Model Architecture Article proposes a trajectory foundation model that
combines reusable longitudinal representations with explicit pharmacological structure. Patient timelines,
administered doses, concentration measurements, pharmacodynamic observations, time-varying covariates, drug
and formulation characteristics, and observation-process information are represented through distinct
provenance-preserving encoders. These representations inform continuous-time latent pharmacokinetic,
exposure, effect-site, and pharmacodynamic states governed by modular hard or soft mechanistic constraints.
Missing values, irregular sampling, and measurement intensity are represented as features of the observation
process rather than being treated only as data-cleaning problems. The architecture separates aleatoric, epistemic,
transfer, and out-of-domain uncertainty and permits selective prediction or abstention when evidence is
insufficient. Evaluation is proposed against classical population models, mechanistic PK/PD models, task-
specific machine-learning systems, and unconstrained pretrained models across predictive accuracy, calibration,
transfer, mechanism consistency, missingness robustness, and decision relevance. Interpretability is grounded in
state definitions, provenance, constraint auditing, and traceable adaptation rather than post hoc explanation
alone. The contribution is an original conceptual synthesis, not an empirically validated system. Computational
verification, independent external evaluation, prospective assessment, uncertainty validation, and context-
specific clinical and implementation studies would be required before any decision-facing use.
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INTRODUCTION

Clinical pharmacokinetics and pharmacodynamics connect administered treatment with exposure, biological
response, and patient-level variability. Model-informed precision dosing extends this relationship by combining
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population knowledge, patient covariates, measured concentrations, and iterative updating, yet routine
implementation remains limited by validation, workflow, software, and evidentiary requirements [1-3].

These established approaches should not be conflated. Therapeutic drug monitoring describes the measurement
and interpretation of drug concentrations, whereas population pharmacokinetics estimates structural and
variability parameters across individuals. PK/PD modelling relates exposure to response, and model-informed
therapy uses such models within a defined decision process. None of these concepts is equivalent to a foundation
model, a causal model, or a digital twin.

A foundation model is relevant because pharmacological trajectories repeatedly share temporal structures across
drugs, populations, and tasks. Dose events precede exposure; exposure may drive delayed or indirect responses;
covariates evolve; observations occur irregularly; and future tasks frequently reuse information embedded in
earlier clinical histories. Nevertheless, general representation learning cannot by itself establish mass balance,
parameter identifiability, causal treatment effects, calibrated transfer, or clinical decision validity.

This article develops an original, non-empirical trajectory foundation-model architecture for PK/PD applications.
The proposed contribution integrates longitudinal pretraining, pharmacological representations, mechanistic
constraints, observation-process modelling, transfer assessment, calibrated uncertainty, and decision boundaries.
It is intended to define testable architectural requirements rather than to claim empirical superiority, clinical
effectiveness, regulatory acceptance, or deployment readiness.

Limitations of task-specific PK/PD models

Task-specific PK/PD models are usually developed for a defined drug, formulation, population, endpoint,
sampling design, and intended use. Their parameters and priors therefore encode assumptions about the
development context. When those assumptions no longer match the patient or setting, a fixed prior can constrain
inference inappropriately, and selective data-driven adjustment may perform better than unquestioned prior
retention [4]. Clinical populations and accumulated evidence also evolve, creating a rationale for controlled model
updating rather than permanent reliance on an unchanged model [5].

Transportability cannot be inferred from satisfactory development performance. Published nonlinear mixed-
effects models may differ in structural form, covariate relationships, residual-error assumptions, assay context, or
population composition. Direct challenges using real-world clinical observations have shown that externally
applied population models may not reproduce their original performance [6]. Such failure may reflect model
misspecification, population shift, inconsistent dosing records, measurement error, altered treatment practice, or
combinations of these factors.

Task-specific development also fragments pharmacological knowledge. Separate models may be built for
concentration forecasting, biomarker response, treatment monitoring, adverse-effect prediction, or regimen
simulation even when the tasks share dose histories, latent exposure states, covariates, and biological pathways.
Repeatedly learning these relationships from limited task-specific datasets can reduce data efficiency and make
inconsistencies between models difficult to detect.

A second limitation is that conventional prediction pipelines may treat observation as passive. In clinical care,
measurements are often ordered because a patient is deteriorating, a concentration is suspected to be abnormal, a
dose has changed, or a clinician requires additional information. The resulting trajectory contains both biological
evolution and an observation process. Models that collapse these processes may learn institutional measurement
behaviour without distinguishing it from pharmacological dynamics.

Figure 1 presents the original conceptual synthesis for foundation-model architecture for pk/pd trajectories,
showing how the article’s principal components, evidence relationships, uncertainties, and decision boundaries
are connected.
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Figure 1. Foundation-Model Architecture for PK/PD Trajectories

The figure is an original conceptual synthesis developed for “A Foundation Model for Pharmacokinetic and
Pharmacodynamic Trajectories with Mechanistic Constraints, Missingness Awareness, and Calibrated
Uncertainty.” 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.

The proposed response to these limitations is not to discard task-specific or mechanistic models. A foundation
architecture should instead preserve their strengths while creating reusable representations and explicit interfaces
for adaptation. It must permit a classical model to remain preferable when data are sparse, mechanisms are well
characterized, transfer is unnecessary, or the intended decision requires transparent parameter interpretation.

Proposed trajectory foundation-model architecture

A foundation model is distinguished from an ordinary large model by reusable pretraining and adaptation across
downstream tasks rather than by parameter count alone [7]. In the proposed architecture, the reusable object is a
temporally indexed representation of patient, drug, dose, exposure, response, context, and observation processes.
The architecture is therefore a conditional trajectory model rather than a general text generator or an
undifferentiated clinical predictor.

The first layer contains provenance-preserving encoders. Structured clinical events can support pretrained
contextual representations [8], while longitudinal transformers demonstrate that clinical concepts and temporal
context can be learned jointly [9]. The proposed system extends this principle by assigning separate encoders to
patient timelines, drug and formulation information, time-varying covariates, and the observation process.

The central layer is a continuous-time trajectory backbone. It contains distinguishable latent PK disposition states,
exposure or effect-site states, and PD response states. Their separation is intended to prevent a generic latent
vector from being interpreted automatically as concentration, target engagement, causal biological response, or
clinical outcome. Each state must retain links to the observations and assumptions used to estimate it.

A modular constraint layer surrounds the trajectory backbone. It may impose dose causality, temporal ordering,
non-negativity, mass balance where applicable, compartmental connectivity, turnover structure, or parameter
restrictions. Constraints can be hard when violations are logically or physically inadmissible, or soft when
knowledge is incomplete. Their activation must be drug-, formulation-, route-, population-, and task-specific.
Downstream adapters translate the shared representation into defined analytical tasks, including trajectory
reconstruction, concentration forecasting, exposure estimation, biomarker-response prediction, or regimen
simulation. Each adapter requires separate qualification. A successful pretraining objective does not authorize
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every downstream task, and adaptation to one endpoint does not establish validity for another endpoint,
population, or clinical consequence.

Pretraining data, patient timelines, and pharmacological representations

Longitudinal clinical records can support scalable learning from heterogeneous events without requiring every
variable to be converted into a manually engineered feature [10]. Reusable sequence representations may then
support multiple downstream tasks [11]. For PK/PD pretraining, however, the timeline must preserve
administered dose, route, formulation, infusion duration, concentration time, biomarker time, interventions,
covariates, assay context, and source provenance.

A patient timeline is defined here as an ordered sequence of time-stamped clinical and pharmacological events
rather than a simple matrix of visits. Prescribed treatment must be distinguished from administered treatment, and
a scheduled sample must be distinguished from an obtained result. Static characteristics, time-varying covariates,
treatment changes, organ-function measures, concomitant therapy, and clinical-state transitions require explicit
temporal alignment.

The drug representation should integrate identity with pharmacologically relevant context. Knowledge-guided
molecular pretraining shows that domain knowledge can be introduced during representation learning rather than
relying exclusively on unconstrained molecular tokens [12]. The proposed drug encoder therefore combines
molecular or physicochemical information, route, formulation, dose units, target or pathway knowledge, and prior
mechanistic structure where these data are available.

Joint patient—drug representations are proposed to condition the trajectory backbone, but they should not erase
clinically important distinctions. Pretraining data may overrepresent common medicines, frequently monitored
patients, large institutions, or dense measurement periods. Provenance, dataset partitioning, temporal separation,
duplicate-patient control, and explicit documentation of unsupported drugs or populations are consequently
architectural requirements rather than optional reporting details.

Mechanistic PK and PD constraints

Neural components can be embedded within continuous-time, pharmacokinetic, or mechanism-organized
structures rather than replacing all established pharmacological structure [13-15]. This hybrid position is central
to the proposed architecture because reusable representation and mechanistic discipline perform different
functions.

A hard constraint prohibits an inadmissible state or transition, whereas a soft constraint penalizes departures from
an expected relationship. Dose causality and non-negativity may justify strong restrictions; compartmental
structure, turnover assumptions, or parameter relationships may require softer, context-dependent treatment.
Constraints should be applied through modular registries specifying their source, scope, mathematical form,
affected states, and failure conditions. PK constraints may govern disposition and exposure, while PD constraints
may govern effect-site delay, turnover, saturation, tolerance, or disease-linked response.

Mechanistic consistency is not equivalent to mechanistic truth. An incorrect compartment, omitted pathway,
erroneous parameter restriction, or inappropriate transfer assumption can produce plausible but misleading
trajectories. Every constrained model therefore requires comparison with unconstrained and classical alternatives
and explicit challenge under mechanism misspecification.

Irregular sampling and informative missingness

Irregular observations should not be converted automatically into equally spaced, fully observed trajectories.
Values, measurement masks, and elapsed times can be represented separately so that the model retains information
about what was observed and when [16].

Clinical observation may be informative because measurement intensity depends on disease severity, treatment
change, clinician concern, or expected instability [17]. A concentration obtained after suspected toxicity does not
arise from the same observation process as a routine scheduled sample.

Missing laboratory patterns may themselves contain contextual information [18]. The proposed architecture
therefore includes an observation-process encoder for scheduled, completed, delayed, cancelled, unavailable,
censored, or below-quantification measurements, with reasons recorded when known.

This approach does not make missingness ignorable. Unobserved decisions, undocumented dose administration,
assay limitations, and site-specific workflows may still bias learned representations. Robustness must be evaluated
under altered masking, sampling frequency, measurement policy, and documentation quality.
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Table 1 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for

definitions, components, relationships, and intended uses in a foundation model for pharmacokinetic and
pharmacodynamic trajectories with.

Table 1. Definitions, components, relationships, and intended uses in A Foundation Model for Pharmacokinetic
and Pharmacodynamic Trajectories with.

C ¢ Proposed Fail
omponent or ailure or
P . Problem Inputs or mechanism  Expected Evidence R Boundary
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Dose,
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. . . . . X
information intervention, representation  context . events state
. testing
time and
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Molecule, .
. . Proposed . Representation
., Drug identity route, . Ablationand  Irrelevant
Pharmacological . . alignment  Cross-drug does not
) alone is formulation, . . . transfer molecular ..
representation . . .. with patient representation . s establish in-vivo
insufficient dose and prior evaluation similarity .
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knowledge
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observation clinical . . . validation not treatment
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laboratory may carry and missingness . specific  cannot substitute
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. and task . reuse qualification transfer not authorize
different . . adaptation
specification another
analyses
Prediction Prevention of Prospective and . .
Decision Output, Proposed . P . Automation  Analytical
may be . . unsupported implementation . .
boundary uncertainty evidence and . . bias output is not a
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prematurely and intended human-review clinical
into action use gate recommendation

Transfer across drugs, populations, and clinical tasks

Transfer must be defined by the dimension that changes. Temporal transfer concerns later practice periods;
population transfer concerns patient characteristics; drug transfer concerns pharmacological entities; and task
transfer concerns the prediction or simulation objective.

Pretraining may improve robustness when clinical distributions change over time, but such improvement does not
establish transfer to unseen drugs, mechanisms, routes, or populations [19]. Each transfer claim must therefore
specify its source and target domains.

External evaluation of population-PK models remains heterogeneous and must be matched to the intended
precision-dosing use [20]. The proposed model should be tested through held-out drugs, studies, institutions,
regimens, populations, and time periods rather than random record splitting alone.

Prospective validation provides stronger evidence than retrospective evaluation but remains conditional on its
drug, population, workflow, and decision context [21]. Successful adaptation should therefore be interpreted
locally unless broader transportability is demonstrated independently.

Calibration, uncertainty, and out-of-domain detection

Uncertainty should be communicated in forms that support interpretation rather than as an unexplained confidence
score [22]. The architecture separates aleatoric uncertainty from epistemic, parameter, transfer, data-quality, and
out-of-domain uncertainty.

Uncertainty quantification is necessary when model outputs may inform decisions under incomplete knowledge
[23]. It is not sufficient, however, unless uncertainty estimates are calibrated for the relevant outcome, horizon,
subgroup, and use context.

Out-of-domain detection should evaluate both obvious and near-distribution shifts. Medical tabular benchmarks
show that difficult, clinically plausible shifts may not be identified reliably by generic detection methods [24].
The proposed system should permit abstention when uncertainty or domain mismatch exceeds the evidence
supporting interpretation. Thresholds must be established empirically for a defined use and cannot be inferred
from architecture alone.

Table 2 organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for
testable propositions, evidence requirements, and validation criteria for a foundation model for pharmacokinetic
and pharmacodynamic trajectories with.

Table 2. Testable propositions, evidence requirements, and validation criteria for A Foundation Model for
Pharmacokinetic and Pharmacodynamic Trajectories with.

Architecture . Interaction L . Human or .
Core Information or . Validation Potential . Readiness
layer or . R with other . . experimental
function material flow criterion failure mode . boundary
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observation identify
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. . Challenges calibration and . Define source  No transfer
Transfer adaptation representation to Negative .
. backbone and performance and target  claim beyond
evaluation across target task or transfer . .
. . adapters  under declared domains  tested domains
domains population )
shift [19]
. Hidden
Test Model to new Evaluates  Reproducible s Internal
External . . i . compatibility Independent e
. independent site, population transportability performance . . validation is
validation N or data investigators . .
data or study [20] and calibration insufficient
leakage
Reliable Retrospective
. .. v
. Evaluate  Model output to Tests operation Clinical and P .
Prospective . . . . . Workflow . . success is not
incoming data silent or operational without . implementation ..
assessment . . . mismatch clinical
and workflow supervised use interaction [21] unsupported teams .
. readiness
influence
Interacts with ~ Calibration
uantify and Predictions to . L. Statistical ~ Confidence is
Uncertainty Q fy‘ . . OOD and  and selective- Miscalibrated .
communicate intervals, risk or .. . validation and not
module . . decision gates risk confidence . ..
uncertainty abstention user testing  authorization
[22] performance
00D
Identify . . Detection of . detection
v Incoming case to May trigger Near-domain Construct
OOD module unsupported . . . predefined . cannot
. domain evidence abstention [24] . failure challenge sets
inputs shifts guarantee
safety
Context-
. . L specific . No
Restrict Evidence and  Final interface P . Authorized
.. . . benefit, safety Automation .. autonomous
Decision gate consequence uncertainty to with use . human decision- ;| . .
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Evaluation against classical and mechanistic models

Evaluation should compare the proposed model with classical nonlinear mixed-effects models, mechanistic
PK/PD models, task-specific machine-learning systems, and an unconstrained pretrained trajectory model.
Comparator selection must reflect the actual analytical question rather than favouring one architecture.
Discrimination or average prediction error alone cannot establish medical decision usefulness. Calibration,
clinically relevant error, classification consequences, and decision-analytic performance must be matched to the
intended use [25].

Mechanistic evaluation should test dose causality, non-negativity, regimen extrapolation, parameter plausibility,
and behaviour under deliberately misspecified constraints. Validation depth should be proportional to the model’s
context, risk, and decision consequence rather than governed by one universal checklist [26].

A staged programme should include computational verification, reproducibility, internal validation, external
validation, prospective silent assessment, and clinical-impact evaluation when decision use is proposed.
Translation into dosing software additionally requires validation of model selection, implementation, input
handling, and software-facing operation [27].

Success must be multidimensional. Superior trajectory prediction cannot compensate for failed calibration,
implausible dynamics, unsupported transfer, poor provenance, or unsafe interaction with clinical workflow.
Conversely, a classical mechanistic model may remain preferable when interpretability, data efficiency, or
established validation outweigh broader representation capacity.

Interpretability, governance, and decision boundaries

Interpretability should begin with state definitions, provenance, constraint visibility, adapter scope, and
uncertainty decomposition. Post hoc explanations alone may be unstable or misleading and cannot substitute for
model validity [28].
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Every output should retain traceable links to dose history, observations, covariates, drug representation, active
constraints, model version, adaptation data, and uncertainty state. Such traceability supports auditing but does not
prove that the model’s internal representation corresponds to the true biological mechanism.

Lifecycle governance should address fairness, universality, traceability, usability, robustness, and explainability
[29]. For this architecture, those principles require drug- and population-specific performance review, version
control, change assessment, monitoring, and documented human responsibility.

A strict boundary must separate research output from pharmaceutical or clinical consequence. Concentration
forecasts, simulated responses, latent trajectories, and uncertainty estimates cannot be converted automatically
into dose changes, treatment selection, or regulatory claims without context-specific validation and authorization.

Limitations and research priorities

Foundation-model research can be weakened by inconsistent datasets, poorly matched tasks, inadequate baselines,
and non-comparable evaluation practices [30]. PK/PD development is especially vulnerable because leakage may
occur across patients, studies, repeated dosing episodes, or temporally related records.

The architecture may also fail when drug representations omit determinants of in-vivo disposition, when
mechanistic constraints are wrong, when latent states are non-identifiable, or when uncertainty is calibrated only
within the development domain. Multidrug pretraining may produce negative transfer rather than reusable
pharmacological structure.

A longitudinal trajectory model should not be described automatically as a digital twin. Digital-twin claims require
validated dynamic correspondence, updating, multiscale representation, and a defensible relationship between the
computational system and the biological system it represents [31].

Figure 2 presents the original conceptual synthesis for evaluation framework for transfer, mechanism consistency,
and uncertainty, showing how the article’s principal components, evidence relationships, uncertainties, and
decision boundaries are connected.
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Figure 2. Evaluation Framework for Transfer, Mechanism Consistency, and Uncertainty

The figure is an original conceptual synthesis developed for “A Foundation Model for Pharmacokinetic and
Pharmacodynamic Trajectories with Mechanistic Constraints, Missingness Awareness, and Calibrated
Uncertainty.” 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.

Research priorities include pharmacologically meaningful pretraining objectives, independent multidrug
benchmarks, observation-policy challenge sets, constraint-misspecification experiments, uncertainty evaluation
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under near-domain shift, prospective silent studies, and comparisons with strong classical models. These studies
must identify when the proposed architecture fails, not merely when it appears advantageous.

CONCLUSION

This Original Foundation-Model Architecture Article proposes a reusable framework for representing PK/PD
trajectories while preserving patient timelines, pharmacological context, mechanistic constraints, observation
processes, transfer conditions, and structured uncertainty. Its central contribution is the separation of shared
representation from mechanism, task adaptation, evidence qualification, and decision authorization. The
architecture remains a conceptual synthesis. It does not establish superior prediction, causal treatment response,
clinical utility, regulatory acceptance, universal transportability, or deployment readiness. Its value must be
determined through transparent comparator studies, mechanism challenges, external and prospective validation,
calibrated uncertainty assessment, and context-specific evaluation of any proposed decision use.
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