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ABSTRACT 
 
Population pharmacokinetic and pharmacodynamic models commonly support inference by relating dose, 

exposure, response, and patient characteristics, yet their application during clinical care can become problematic 

when treatment, physiology, disease severity, observation intensity, and clinical decisions change together. This 

article develops an original longitudinal modelling framework that treats clinical PK/PD as a coupled system of 

biological states, treatment events, observation processes, and model-mediated decisions. The framework 

distinguishes latent pharmacokinetic and pharmacodynamic states from measured covariates, recorded doses, 

laboratory observations, and clinician actions. Treatment is represented as a timestamped history rather than a 

fixed regimen, while physiological variables and disease markers are treated according to their temporal 

availability and their possible roles as predictors, mediators, treatment consequences, or imperfect measurements 

of latent disease. Missing data are positioned within the observation process because absence may arise from 

visit timing, test-ordering decisions, documentation failure, assay limitations, or selective clinical attention. 

Dynamic prediction is defined as sequential updating from accumulating patient information, whereas 

population-model relearning is treated as a separate, governed activity. Evaluation therefore requires more than 

conventional goodness-of-fit assessment: calibration, uncertainty coverage, temporal validation, external 

transportability, observation-process sensitivity, update stability, and prospective workflow evaluation must be 

considered. The original contribution is an integrated state–event–observation architecture connecting treatment 

evolution, changing disease, time-varying covariates, informative sampling, and model updating without 

assuming that any component is sufficient alone. The framework remains conceptual and requires drug-specific, 

population-specific, computational, prospective, and implementation validation before decision use. 
 
Key words: Clinical pharmacokinetics, Pharmacodynamics, PK/PD, Dose–exposure–response, Population 

modelling, Precision dosing 
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INTRODUCTION 

Population pharmacokinetics characterizes variability in drug disposition across and within patients, while 

pharmacodynamics relates exposure to biomarkers, physiological effects, therapeutic response, or toxicity. Their 

integration provides a structured account of the dose–exposure–response chain, but clinical use requires more 

than estimating a population parameter distribution. Model-informed precision dosing must connect an 
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appropriate model to reliable patient data, a defined therapeutic objective, an interpretable prediction, and a 

feasible decision process. Persistent implementation barriers show that scientific model development, individual 

forecasting, workflow integration, and stakeholder confidence are interdependent rather than separable stages [1]. 

Therapeutic drug monitoring and model-informed precision dosing are related but not interchangeable. 

Conventional therapeutic drug monitoring often interprets measured concentrations against predefined ranges, 

whereas model-informed precision dosing combines prior population information with patient-specific dose, 

concentration, covariate, and response data to forecast exposure or support regimen evaluation. This distinction 

matters because a concentration result is not an isolated biological fact: its interpretation depends on sampling 

time, prior doses, adherence, assay performance, the exposure target, and the clinical context in which the test 

was ordered. Contemporary antibiotic applications illustrate how sampling strategy, pharmacokinetic forecasting, 

pharmacodynamic targets, and clinical interpretation must be coordinated [2]. 

Digital health infrastructure creates opportunities to assemble longitudinal dose records, laboratory 

measurements, clinical assessments, and model outputs, but data availability does not itself establish temporal 

validity or decision readiness. Electronic records may contain delayed documentation, conflicting timestamps, 

omitted administrations, incomplete adherence information, and measurements collected preferentially during 

clinical deterioration. A digitally integrated model must therefore distinguish the time at which a biological event 

occurred, the time at which it was observed, the time at which it became available to the model, and the time at 

which a decision was made. Recommendations for model-informed dosing in the digital-health era similarly 

emphasize the need to integrate scientific, computational, clinical, and implementation requirements [3]. 

This Original Longitudinal Modelling Framework Article proposes that population PK/PD during clinical care 

should be represented as a coupled state–event–observation system. The framework integrates latent PK and PD 

states, evolving disease, time-varying physiology, treatment and dose history, visit and sampling processes, 

missingness, sequential updating, and decision feedback. It distinguishes prediction from causal inference, 

patient-specific updating from population-model relearning, and analytical output from clinical action. The 

proposed relationships organize testable hypotheses and validation requirements; they do not establish that 

dynamic modelling is universally superior, that observed associations are causal, or that the architecture is 

clinically validated, regulator-endorsed, or deployment-ready. 

 

Limitations of static population PK/PD assumptions 

Static population PK/PD models often represent patient characteristics through baseline covariates and assume 

stable parameter–covariate relationships. This may be adequate over short, controlled periods, but renal and 

hepatic function, body composition, inflammation, protein concentrations, disease burden, concomitant therapy, 

and treatment response can change during prolonged care. Time-varying covariates may also precede treatment, 

mediate treatment effects, reflect disease progression, or result from prior treatment. Indiscriminate adjustment 

may therefore remove part of the causal pathway or introduce overadjustment bias [4]. 

Static assumptions also apply to model structure. Several plausible structural or covariate models may fit the same 

development data, yet predictions are commonly based on a single selected model. Vancomycin research showed 

that accounting for uncertainty across candidate models can improve individualized prediction [5]. Model 

averaging is not always necessary, but structural uncertainty should remain visible when predictions inform 

treatment. 

Within-patient pharmacokinetic change is another concern. Clearance may vary with organ function, disease 

status, catabolism, immunogenicity, or treatment response. Time-varying nivolumab clearance illustrates that 

temporal change differs from interindividual variability [6]. Parameter stability should therefore be tested rather 

than assumed. 

Static models may fail by fixing changing parameters, treating treatment-affected covariates as independent, 

replacing treatment history with current dose, ignoring informative sampling, or concealing structural uncertainty. 

Apparent change may also reflect assay error, misspecification, dropout, undocumented dosing, adherence, or 

selective sampling. The solution is not universal complexity, but a longitudinal architecture that makes 

assumptions explicit and compares dynamic models with simpler alternatives. 

 

Proposed longitudinal modelling framework 

The framework separates states, events, observations, and decisions. Latent states include clearance, distribution, 

exposure, pharmacodynamic sensitivity, toxicity risk, and disease severity. Events include dosing, treatment 

interruption, infusion changes, concomitant therapy, and supportive care. Observations include concentrations, 
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laboratory values, biomarkers, clinical assessments, and outcomes, while decisions represent clinical 

interpretation and treatment adaptation. Precision dosing requires these elements to remain connected while 

preserving diagnostics, uncertainty, and scientific oversight [7]. 

The architecture follows clinical time. Treatment alters exposure; exposure affects pharmacodynamic and disease 

trajectories; changing physiology and disease may alter later pharmacokinetics; and latent states generate 

imperfect observations through the sampling process. EHR integration therefore requires more than data transfer: 

provenance, timestamps, model versioning, uncertainty display, and workflow placement must also be managed 

[8]. An explicit observation layer separates biological change from the process determining when and how it is 

measured. 

Figure 1 presents the original conceptual synthesis for longitudinal population pk/pd system under evolving 

treatment and disease, showing how the article’s principal components, evidence relationships, uncertainties, and 

decision boundaries are connected. 

 

 
Figure 1. Longitudinal Population PK/PD System under Evolving Treatment and Disease. 

 

The figure is an original conceptual synthesis developed for “Population Pharmacokinetics and 

Pharmacodynamics under Treatment Evolution, Time-Varying Covariates, Informative Sampling, and Changing 

Disease State during Clinical Care.” 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 patient-specific update component receives the information that was available at a defined prediction time 

and estimates a posterior distribution over current PK, PD, and disease states. This distribution should preserve 

uncertainty arising from sparse sampling, residual variability, measurement error, uncertain dosing, and model 

structure. It may then support prediction of future exposure or response under specified treatment scenarios. 

Continuous-learning work in paediatric vancomycin dosing shows how accumulating clinical data can be used to 

evaluate and update a population model over time [9]. The framework nevertheless separates individual Bayesian 

updating from population-level relearning because they create different validation and governance obligations. 

An individual update changes inference for one patient under a specified population model. Population relearning 

changes the model that will later be applied to multiple patients. The latter can alter parameter distributions, 

covariate relationships, uncertainty estimates, and predictions for groups not represented in the newest data. It 

therefore requires prespecified eligibility rules, data-quality review, version control, temporal validation, 

monitoring for drift, and a rollback mechanism. A model should not modify its population structure merely 

because new data are available, particularly when the new data were generated under previous model-informed 

decisions. 

The framework also distinguishes model output from pharmaceutical consequence. A predicted exposure, 

probability distribution, or simulated regimen is an analytical product; a dose change is a clinical action 

conditioned on therapeutic objectives, available alternatives, toxicity, urgency, feasibility, and professional 
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judgement. The architecture may organize evidence for supervised decision support, but it does not prescribe 

treatment. Its value must be tested against simpler models and within explicit contexts of use. Where temporal 

change, informative observation, or treatment adaptation is negligible, a static model may remain preferable 

because it is more identifiable, interpretable, and operationally stable. 

Time-varying physiology and laboratory covariates 

A time-varying covariate is a measured or derived patient characteristic whose value and predictive relevance 

may change during the modelling interval. Examples include body weight, renal and hepatic function, serum 

proteins, inflammatory markers, disease burden, immunogenicity, and measures of treatment response. 

Longitudinal analysis of certolizumab pegol showed that disease-related factors and antidrug antibodies can 

contribute to pharmacokinetic variability in Crohn’s disease [10]. Within the proposed architecture, such variables 

are not treated as interchangeable predictors. Their interpretation depends on whether they represent a determinant 

of disposition, a measurement of latent disease, a treatment consequence, or a combination of these roles. 

Time-varying clearance in avelumab provides a related example in which pharmacokinetic change was associated 

with evolving disease state [11]. The conceptual difficulty is that a biomarker may improve prediction while 

remaining unsuitable for a causal interpretation. A contemporaneous association between disease severity and 

clearance does not by itself show whether disease changed clearance, exposure changed disease, treatment altered 

both, or selective observation produced the apparent relationship. Lagged specifications, joint latent-state models, 

mediation analysis, and sensitivity analyses may clarify alternatives, but causal claims require assumptions about 

temporal ordering, confounding, measurement, and intervention mechanisms. 

Temporal covariate analysis is further complicated when measurements are unavailable at clinically important 

times. Population PK modelling of paracetamol in neonates demonstrated that missing time-dependent body-

weight information can affect covariate handling and model performance [12]. Simple last-observation-carried-

forward procedures may create artificial plateaus, while linear interpolation can imply unobserved trajectories and 

future-informed interpolation can leak information into earlier predictions. Model-based imputation introduces 

additional assumptions about the covariate process. The choice should therefore reflect biological plausibility, 

observation timing, intended prediction time, uncertainty propagation, and sensitivity to alternative missing-data 

mechanisms. 

Across the selected PK examples, longitudinal disease markers, immunogenicity, body size, and time-varying 

clearance can function as time-indexed predictors, but their interpretation depends on measurement timing and 

causal position [10–12]. The proposed framework accordingly assigns each covariate a temporal-role declaration 

specifying when it becomes available, whether it is measured or latent, whether prior treatment may affect it, 

which state it is intended to predict, and whether its use is predictive or causally interpretive. This declaration 

does not solve confounding or identifiability. It makes the assumptions inspectable and prevents a changing 

laboratory value from entering the model as though it were an error-free, externally determined baseline 

characteristic. 

 

Treatment adaptation and dose-history representation 

Treatment during clinical care is an evolving sequence of actions rather than a fixed baseline category. A 

longitudinal dose history should distinguish prescribed, dispensed, administered, and plausibly received doses; 

route; amount; infusion duration; administration time; interruptions; restarts; and concomitant therapy. Dose–

exposure–response evaluation in paediatric rivaroxaban development illustrates the importance of explicitly 

connecting administered regimens, resulting exposure, and clinical response across time [13]. The proposed 

framework therefore treats treatment as a timestamped event process that drives, but is analytically distinct from, 

the latent PK and PD states. 

Accurate representation also requires temporal provenance. A dose may be administered at one time, documented 

later, corrected retrospectively, or omitted from the electronic record. Similarly, a concentration may be collected 

before its recorded sampling time or become available only after a clinical decision. An electronic health record-

embedded infliximab dashboard demonstrated how longitudinal dose and concentration information can support 

individualized pharmacokinetic assessment in children with Crohn’s disease [14]. The framework extends this 

principle by recording event time, documentation time, model-availability time, and decision time separately 

whenever the data permit. 

Treatment adaptation introduces feedback because the current regimen is partly determined by previous 

observations and clinical judgements. Apparent associations between dose and subsequent response may 

consequently reflect disease severity, prior toxicity, clinician concern, or model-informed intervention rather than 
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an unconfounded treatment effect. Prospective validation of a vancomycin precision-dosing tool in intensive care 

patients shows why evaluation must extend beyond retrospective model fit to the operation of the complete dosing 

workflow [15]. Prospective feasibility, however, does not by itself establish improved patient outcomes or 

universal applicability. 

The proposed dose-history representation therefore preserves the sequence of treatment opportunities and 

constraints rather than compressing them into a single current-dose variable. It can include uncertain adherence, 

withheld doses, delayed administrations, rescue therapy, and treatment changes made for reasons not captured by 

the model. This structure supports prediction and sensitivity analysis, but it does not determine an appropriate 

regimen. Drug-specific therapeutic objectives, clinical contraindications, available alternatives, and professional 

judgement remain outside the authority of the conceptual architecture. 

 

Disease-state evolution and feedback 

Disease state is represented as a latent or partially observed process that changes during treatment and generates 

multiple imperfect measurements. Depending on the condition, these measurements may include symptoms, viral 

load, tumour burden, inflammatory markers, organ-function indices, functional assessments, or composite scores. 

Joint population PK/PD analysis of bamlanivimab and etesevimab linked antibody pharmacokinetics with 

longitudinal viral-load response, illustrating how exposure and disease-related trajectories may be represented 

within one model [16]. No single biomarker should automatically be equated with the full disease state. 

Disease evolution may also modify pharmacokinetics. Population analysis of durvalumab identified associations 

between longitudinal biomarkers of disease status and changing clearance [17]. Such findings are compatible with 

several mechanisms, including altered protein turnover, inflammatory activity, disease burden, nutritional status, 

or treatment response. They do not independently establish the direction of causation. The proposed framework 

consequently separates the observed biomarker trajectory from the latent disease process and allows alternative 

directional structures to be compared. 

A disease-progression component should be defined by its context of use. It may describe natural history, predict 

future status, quantify treatment-associated change, support trial simulation, or provide an input to clinical 

decision support. These uses require different assumptions and validation evidence. Disease-progression 

modelling has been proposed as a means of strengthening clinical development and decision making, but its value 

remains conditional on biological plausibility, data quality, model qualification, and the question being addressed 

[18]. 

Within the proposed architecture, disease affects future PK, PD sensitivity, treatment decisions, and observation 

intensity, while exposure and treatment may alter future disease. These feedback pathways are hypotheses to be 

tested rather than presumed causal mechanisms. Identifiability may be limited when measurements are sparse, 

treatment changes rapidly, or the same biomarker influences both care decisions and model estimation. Table 1 

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

components, relationships, and intended uses in population pharmacokinetics and pharmacodynamics under 

treatment evolution. 

 

Table 1. Definitions, components, relationships, and intended uses in Population Pharmacokinetics and 

Pharmacodynamics under Treatment Evolution 

Component 

or scientific 

dimension 

Problem 

addressed 

Inputs or 

determinants 

Proposed 

mechanism or 

relationship 

Expected 

contribution 

Evidence 

required 

Failure or 

uncertainty 

risk 

Boundary 

statement 

Latent PK 

state 

Fixed 

parameters 

may obscure 

within-person 

change 

Dose history, 

concentrations, 

physiology, 

disease status 

Proposed 

synthesis: 

individual 

disposition 

evolves and 

generates 

exposure; time-

varying 

clearance has 

been observed 

in treatment 

settings [6] 

More explicit 

representation 

of temporal PK 

heterogeneity 

Longitudinal 

concentrations, 

reliable dose 

timing, 

structural-

model 

comparison 

Non-

identifiability, 

assay error, 

sparse 

sampling, 

misspecified 

temporal 

trajectory 

Dynamic PK 

structure is 

justified only 

when supported 

relative to a 

simpler model 
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Latent PD 

state 

Observed 

response may 

incompletely 

represent drug 

effect 

Exposure, 

biomarkers, 

clinical 

outcomes, 

effect delays 

Proposed 

synthesis: 

exposure 

drives an 

unobserved or 

partially 

observed 

response state; 

joint PK/PD 

trajectories are 

feasible [16] 

Separation of 

exposure, 

effect, and 

measured 

outcome 

Repeated 

response 

measures, 

temporal 

alignment, 

mechanistic 

plausibility 

Confounding by 

disease 

evolution or 

concomitant 

treatment 

A fitted 

exposure–

response 

association 

does not 

establish 

treatment 

causality 

Disease-state 

process 

Disease 

changes during 

care and may 

affect both PK 

and PD 

Disease 

severity, 

biomarkers, 

symptoms, 

organ function 

Proposed 

synthesis: 

disease may 

affect 

disposition and 

be altered by 

treatment; 

longitudinal 

biomarkers 

have been 

associated with 

clearance [17] 

Joint 

representation 

of disease, 

response, and 

disposition 

Disease-

specific 

longitudinal 

measurements 

and competing 

model 

structures 

Biomarker 

surrogacy, 

reverse 

causation, 

latent-state 

misspecification 

The disease 

state must not 

be reduced 

automatically 

to one observed 

marker 

Treatment-

event history 

Current dose 

cannot capture 

previous 

administrations 

and adaptations 

Prescribed and 

administered 

doses, 

interruptions, 

route, 

adherence 

Proposed 

synthesis: 

timestamped 

treatment 

events generate 

exposure and 

condition 

future 

decisions; 

dose–

exposure–

response 

evaluation 

supports 

temporal 

linkage [13] 

Reconstructable 

treatment 

context for 

forecasting 

Verified 

administration 

records and 

adherence 

sensitivity 

analyses 

Missing 

administrations, 

delayed 

documentation, 

uncertain 

adherence 

The event 

history supports 

analysis but 

does not 

prescribe a dose 

Time-

varying 

covariates 

Baseline values 

may become 

obsolete 

Physiology, 

laboratory 

values, disease 

markers, 

concomitant 

therapies 

Proposed 

synthesis: 

covariate 

effects depend 

on timing and 

causal role; 

treatment-

affected 

covariates can 

create 

overadjustment 

[4] 

More 

defensible 

temporal 

covariate use 

Timestamped 

measurements, 

role 

declaration, lag 

and sensitivity 

analyses 

Reverse 

causation, 

measurement 

error, future-

information 

leakage 

Predictive 

usefulness must 

not be confused 

with causal 

interpretation 

Observation 

process 

Collected data 

may depend on 

patient state 

Visit timing, 

test ordering, 

sampling, 

documentation 

Proposed 

synthesis: 

latent state 

influences 

whether and 

when 

observations 

occur 

Recognition of 

informative 

sampling and 

selective 

visibility 

Visit and order 

timestamps, 

reasons for 

testing, 

observation-

process models 

Unmeasured 

reasons for 

observation and 

selective 

follow-up 

Irregular 

sampling is not 

necessarily 

informative, but 

informativeness 

must be 

assessed 
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Patient-

specific 

update 

A population 

model alone 

may not 

represent 

current 

individual state 

Prior model, 

dose history, 

observations, 

covariates 

Proposed 

synthesis: new 

data update 

posterior 

patient states; 

controlled 

continuous 

learning has 

been 

demonstrated 

[9] 

Sequential 

individualized 

prediction with 

uncertainty 

Temporally 

ordered 

prospective 

data and 

update 

diagnostics 

Overconfident 

posteriors, 

model drift, 

data-quality 

failures 

Individual 

Bayesian 

updating is 

distinct from 

population-

model 

modification 

Uncertainty 

and decision 

boundary 

Point 

predictions can 

obscure 

decision risk 

Parameter, 

structural, 

residual, 

measurement, 

and transport 

uncertainty 

Proposed 

synthesis: 

uncertainty 

accompanies 

every state 

estimate and 

remains 

separate from 

clinical action 

More 

transparent 

interpretation of 

forecasts 

Calibration, 

uncertainty 

coverage, 

sensitivity and 

external 

validation 

False precision, 

omitted 

structural 

uncertainty, 

context shift 

Model output is 

analytical 

evidence, not 

an autonomous 

pharmaceutical 

decision 

 

Informative visit timing and sampling 

Clinical measurements are not collected on a neutral schedule. Patients may be assessed more often when 

symptoms worsen, toxicity is suspected, organ function changes, adherence is uncertain, or treatment modification 

is considered, whereas stable patients may generate fewer observations. Routine-data research distinguishes 

informative presence from informative observation: both inclusion in the dataset and measurement of a variable 

may depend on the underlying clinical state [19]. 

This dependence can bias population PK/PD inference if measurement timing is treated as independent of the 

process being estimated. A concentration obtained because of suspected toxicity is not equivalent to one collected 

at a protocol-defined time. EHR studies show that evolving patient characteristics and outcomes can influence 

visit timing and distort inference, although the direction and magnitude of bias are context-specific [20]. 

Possible responses include joint modelling of visits and outcomes, inverse-intensity weighting, shared random 

effects, sensitivity analyses, and explicit models of sample-ordering decisions [21]. None eliminates bias when 

important determinants of sampling remain unmeasured. The framework therefore distinguishes visit occurrence, 

test ordering, sample collection, assay completion, and result recording. Protocol, routine, symptom-triggered, 

and opportunistic samples should not be pooled without qualification, and sensitivity analyses should address the 

observation process itself [19–21]. 

 

Missing data and observation processes 

Missingness in longitudinal PK/PD data has multiple forms. Doses may be undocumented, sample times 

unreliable, assay results below quantification, laboratory tests unrequested, or patients lost to follow-up. These 

situations arise through different mechanisms and should not be managed by uniform deletion or imputation [22]. 

EHR missingness is especially complex because clinical care determines what is measured. A value may be absent 

because testing was considered unnecessary, the patient was stable, the result existed elsewhere, or the care 

process failed. Missingness should therefore be understood as a product of clinical, organizational, and technical 

processes, and missing-at-random assumptions must be justified [23]. 

Observed datasets may also be selectively generated when inclusion depends on disease severity, health-care use, 

or outcome-related factors, potentially altering estimated associations [24]. Sensitivity analyses should consider 

both missing values and missing opportunities for observation. The framework therefore records ordering, 

collection, processing, and result times, together with the reason for testing where available. Missingness 

indicators may inform the observation model but should not be treated as biological variables without justification. 

 

Model updating and dynamic prediction 

Dynamic prediction estimates future exposure, response, toxicity, or disease state using information available at 

a specified time and may be revised as new doses, concentrations, laboratory results, or outcomes become 
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available. Sequential prediction methods illustrate how forecasts can use an expanding longitudinal history rather 

than a fixed baseline, although evidence outside pharmacometrics does not validate their use in PK/PD [25]. 

A digital twin is more demanding than an updated forecast. It requires a patient-specific computational 

representation supported by repeated data assimilation and mechanistic or data-driven modelling [26]. A PK/PD 

digital twin would therefore need validated patient-state, treatment-effect, observation, uncertainty, and updating 

components. A Bayesian forecast should not be labelled a digital twin simply because it changes after a new 

measurement. 

Individual updating must also be distinguished from population relearning. Individual updating estimates a 

patient-specific state using a fixed or version-controlled model, whereas population relearning changes the 

underlying model. Continuous-learning studies in paediatric vancomycin dosing show that accumulating clinical 

data can support model refinement [9], but such changes require governance because earlier models may have 

influenced treatment and sampling. 

The proposed architecture separates a locked analytical model, a patient-specific posterior state, an evaluation 

environment for candidate revisions, and a governance gate for model replacement. Updates should be tested on 

later data, assessed across subgroups, and compared with the current model before release. Updating frequency 

should reflect clinically meaningful change rather than data availability, because rapid updates may amplify 

transient errors or local practice patterns. 

Every prediction must also specify its prediction time and available information. Data unavailable at that moment 

must not enter the forecast. Prospective replay and silent evaluation can detect temporal leakage. Updating is not 

assumed to improve performance; a locked model may be preferable when data are sparse, drift is uncertain, or 

governance is inadequate. 

 

Evaluation, calibration, and external transportability 

Evaluation should begin with the intended use of the model. Parameter recovery, goodness-of-fit plots, residual 

diagnostics, and internal predictive checks are necessary but insufficient when the output will support future 

prediction or treatment evaluation. Calibration concerns agreement between predicted and observed quantities or 

risks and is distinct from discrimination or apparent fit. Predictive-methodology research identifies poor 

calibration as a central weakness when models are translated into decision contexts [27]. 

External transportability asks whether the model remains adequate in populations, sites, disease stages, dosing 

practices, assays, and observation regimes that differ from development conditions. External evaluation of 

published imatinib population PK models demonstrated that predictive performance can vary when models are 

applied to an independent clinical population [28]. Recalibration, covariate revision, structural modification, or 

rejection may therefore be appropriate responses; external evaluation is not merely a procedural confirmation 

exercise. 

Fit-for-purpose evaluation requires both calibration assessment and testing in independent populations or settings 

[27, 28]. For the proposed framework, this should include population-level calibration, individual predictive error, 

uncertainty coverage, temporal stability, sensitivity to missingness and informative sampling, and performance 

under treatment adaptation. Evaluation should compare the longitudinal architecture with simpler alternatives so 

that additional complexity is retained only when it improves relevant prediction or inference without unacceptable 

instability. 

Transportability must also cover the observation and decision processes. A model developed in protocolized 

sampling may not transfer to symptom-triggered clinical monitoring, even if biological relationships are similar. 

Changes in test-ordering, assay platforms, clinical thresholds, or model-supported treatment can alter the data 

distribution. Sensitivity analysis for informative visits and presence is therefore part of transportability assessment 

rather than an optional secondary analysis [20]. 

 

Limitations and implementation priorities 

The framework is limited by the information available in clinical care. Adherence may be unknown, dose 

timestamps may be inaccurate, important physiological states may be unmeasured, and treatment changes may 

depend on clinician reasoning that is absent from the dataset. Implementation evidence also indicates that model-

informed precision dosing faces scientific, technical, organizational, workflow, usability, and professional barriers 

[29]. A coherent architecture cannot eliminate these constraints; it can only expose where assumptions and 

responsibilities reside. 
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Advanced machine-learning components may support representation learning, data harmonization, missing-data 

modelling, or extraction from heterogeneous records. Foundation models have been proposed as a basis for 

generalist medical artificial intelligence, but their scale and flexibility introduce concerns about calibration, 

provenance, bias, interpretability, and external validity [30]. Within longitudinal PK/PD, such models should 

remain auxiliary unless their inputs, outputs, uncertainty, failure modes, and contribution beyond validated 

pharmacometric approaches are independently established. 

Implementation should proceed through bounded stages. Computational testing should assess identifiability, 

temporal leakage, structural uncertainty, and failure under simulated misspecification. Retrospective temporal 

evaluation should precede prospective silent testing, independent external evaluation, supervised workflow use, 

and formal decision-impact assessment. Each model version should have a declared context of use, accountable 

owners, documented data dependencies, audit trails, and withdrawal criteria. These priorities are proposed 

governance requirements, not regulator-approved readiness levels, and they do not imply that every application 

should progress to clinical deployment. 

 

CONCLUSION 

 

This article proposes a longitudinal population PK/PD framework in which treatment events, latent 

pharmacokinetic and pharmacodynamic states, evolving disease, time-varying covariates, informative 

observation, missingness, patient-specific updating, and clinician-mediated feedback are represented as connected 

but analytically distinct processes. Its principal contribution is to move beyond the assumption that baseline 

covariates, fixed parameters, complete dose records, neutral sampling, or one-time model fitting are sufficient 

during evolving clinical care. The architecture generates testable propositions concerning temporal covariates, 

dose history, disease–PK/PD coupling, observation-process modelling, dynamic prediction, calibration, and 

transportability. It remains a conceptual synthesis. Drug-specific evidence, identifiable models, reliable 

provenance, prospective validation, external evaluation, uncertainty assessment, clinical oversight, and controlled 

governance are required before any decision use. The framework therefore provides a structured research agenda 

and a vocabulary for separating biological plausibility, predictive performance, causal interpretation, 

implementation feasibility, and clinical readiness without treating any one of them as proof of the others. 
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