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1. Introduction
1.1 From population medicine to a snapshot of the individual

Precision medicine reframed therapy around the individual rather than the population average, using genotype,
phenotype, and clinical history to stratify patients and guide treatment choice. Pharmacogenomics and MIPD extended
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this logic to dosing itself, combining population pharmacokinetic (PopPK) models with patient covariates and, where
available, measured drug concentrations to individualize a regimen. These are real and productive research programs.
But they share a structural feature: they treat the patient's relevant biological characteristics as comparatively fixed
inputs to a model, updated only when a new measurement arrives.

1.2 The snapshot problem

Human physiology does not hold still between measurements. Renal and hepatic function, hydration state,
inflammatory tone, and drug distribution all vary over the course of a single day, sometimes over minutes, especially
in acute illness. Yet many of the variables precision medicine depends on, such as a metabolic panel, a hormone level,
or a drug trough concentration, are sampled intermittently, sometimes only once. Between samples, the patient's true
state is not observed; it is assumed to persist or is reconstructed only when the next data point arrives. In critical illness
this mismatch has been raised explicitly in the literature: a proposed Dynamic Living Digital Twin (DLDT) framework
argues that MIPD's reliance on intermittently updated data creates a temporal mismatch with rapidly evolving
physiology, and proposes a state-space alternative to snapshot-based vancomycin dosing in critically ill patients [4].

1.3 The rise of continuous biological sensing, and its limits

Continuous glucose monitoring (CGM) demonstrated that dense, longitudinal physiological measurement is
technically achievable and clinically useful. That success has motivated a much broader wave of continuous and semi-
continuous sensing: wearable electrochemical biosensors capable of monitoring metabolites, electrolytes, and
hormones beyond glucose in sweat, interstitial fluid, and saliva [15]; ingestible capsules that profile the gastrointestinal
(GI) lumen directly [8]; and continuous or near-continuous drug monitoring aimed at supplementing sparse therapeutic
drug monitoring (TDM) with denser pharmacokinetic trajectories. A 2026 Perspective on wearable molecular sensors
in endocrinology and metabolism is explicit that this expansion is uneven: it identifies incomplete understanding of
longitudinal biomarker physiology, technical barriers that still prevent continuous monitoring of most clinically
relevant biomarkers, machine-learning difficulty with dense and noisy biomarker data, insufficient large-scale
longitudinal clinical validation, and poor interoperability with clinical workflows as persistent, unresolved challenges,
not solved problems [10]. A broader review of wearable electrochemical biosensors similarly frames biofouling,
sensor drift, and long-term stability as open engineering problems rather than settled ones [15]. More sensors, in other
words, do not automatically resolve the snapshot problem; they change its shape.

1.4 The observability problem

Even where continuous sensing exists, what is measured is rarely identical to the biological quantity of clinical interest.
Peripheral oxygen saturation is not the complete state of gas exchange; sweat or interstitial sodium is not plasma
sodium; skin temperature is not core temperature; a genotype is a static predisposition, not a real-time enzyme activity.
Formally, if x; denotes an individual's true physiological state at time ¢, sensors provide only:

Ye=h(x) + n:

Here y;, is a noisy, partial, sensor-specific projection of x;, not x; itself. We refer to this as the biological observability
problem: the central obstacle is not simply acquiring more data, but converting heterogeneous, imperfect,
asynchronously sampled observations into a defensible estimate of an unobserved biological state. We use the term
“observability” here in a deliberately informal, clinical sense; Section 4.8 distinguishes this usage from the formal,
technical notion of observability used in control theory.
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1.5 Why AI alone does not resolve the problem

Multimodal, temporal machine learning can plausibly fuse heterogeneous streams and detect nonlinear relationships
that simple thresholds miss. But an unconstrained predictive model has no obligation to respect mass balance, non-
negativity of concentrations, or known pharmacological structure, and is vulnerable to distribution shift and spurious
correlation in dense biomarker data, concerns raised directly in the wearable-sensing literature discussed above [10].
Recent hybrid pharmacokinetic modelling work makes the same point from the pharmacology side: purely data-driven
models can produce physically implausible predictions unless mechanistic structure constrains them. The recurring
argument across this literature is not “Al versus mechanistic models” but that each compensates for the other's blind
spots.

1.6 Why pharmacology makes the problem harder, not easier

Adding a drug to this picture compounds the difficulty in two ways. First, drug response is not simply a function of
the current state; effects are delayed and prolonged relative to dosing, so a system that only conditions on the
immediately preceding state violates the Markov assumption that much sequential decision-making machinery,
including standard reinforcement learning, depends on. Basu and colleagues formalized this directly, identifying
delayed and prolonged medication effects as a structural obstacle to naive reinforcement-learning-based dosing and
proposing a Prolonged Action Effect—Partially Observable Markov Decision Process (PAE-POMDP) to restore a
workable Markov structure [9]. Second, physiology and pharmacokinetics are coupled bidirectionally: renal and
hepatic function shape drug clearance and volume of distribution, while the drug in turn perturbs the physiological
state that determines those same parameters. A model of “the patient” that ignores this feedback is incomplete for
pharmacotherapy specifically, even where it might be adequate for passive monitoring.

1.7 What has already been proposed, and what has not

Contrary to a “nobody has done this” framing, several recent efforts already occupy adjacent territory. A generalist
framework using temporal causal inference, Temporal Causal Precision Medication (TCPM), learns a treatment-free
physiological profile from routine clinical data to estimate unbiased treatment effects and recommend individualized
strategies, validated across six clinical cohorts [3]. A separately proposed Dynamic Living Digital Twin (DLDT)
framework reframes patient physiology in critical illness as a continuously evolving latent state, updated with high-
frequency electronic health record (EHR) data through adaptive state-space approaches such as Kalman filtering,
specifically to address the snapshot-dosing problem for vancomycin [4]. A 2026 perspective developed by Immorta
Bio in collaboration with Theriome Inc. and the American Board of Precision Medicine proposes integrating multi-
omics, Al, digital twins, and blockchain-secured data governance to move P4 medicine from aspiration toward clinical
architecture [5]. A related, independently authored perspective by Emmert-Streib and colleagues similarly argues that
combining digital twins with the P4 framework yields capabilities beyond either alone [6]. Disease- and population-
specific mechanistic digital twins have also progressed substantially: Prunella and colleagues describe an evolutionary
digital twin for aminoglycoside dosing in neonates with suspected sepsis that couples a physiologically based
pharmacokinetic-pharmacodynamic (PBPK-PD) model with a data-driven, continuously updated renal-function
predictor, calibrated on a cohort of 1,634 neonates [7].

Given this, this review does not claim that Al-enabled digital twins, latent physiological state estimation, continuous
biosensing, counterfactual treatment prediction, or Al-assisted precision dosing are individually novel. Each already
has a substantial and, in places, clinically evaluated literature. What we argue is narrower: that a broadly applicable,
biologically interpretable account of sow incomplete, asynchronous, multi-compartment biological observations
should be converted into an uncertainty-aware latent state, and coupled bidirectionally to mechanistic PK/PD rather
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than to an opaque predictive layer, remains underdeveloped in the frameworks examined in this review. We return to
this comparison in more structural detail in Section 6.

1.8 Research questions

This review is organized around four questions:

* RQ1 (Observation): Which physiological and pharmacological variables can currently be measured continuously
or longitudinally, and which remain latent or only indirectly inferable?

* RQ2 (Modelling): How are Al, state-space, and mechanistic approaches currently combined to estimate and forecast
dynamic physiological and pharmacological states?

* RQ3 (Patient-drug coupling): How can a dynamic physiological state, static biological priors (genome,
pharmacogenomics), and mechanistic PK/PD models be integrated to predict individualized treatment exposure and
response?

* RQ4 (Translation): What validation, uncertainty, sensing, clinical, and regulatory barriers currently limit the
translation of such frameworks into adaptive precision pharmacotherapy?

2. Review Approach and Scope

This is a critical, purposively sampled conceptual review, not a formal systematic scoping review. We searched
general academic and publisher literature for work spanning six thematic areas: human/patient digital twins,
continuous biosensing and molecular monitoring, Al and temporal/state-space modelling of physiology,
MIPD/TDM/PK-PD/PBPK/QSP, multi-omics and pharmacogenomics, and closed-loop therapeutics, concentrating on
2023-2026 with earlier foundational work included where relevant. Because no fixed, pre-registered protocol was
executed and no reproducible multi-database record count was generated, we do not report PRISMA-style flow
statistics; doing so without an actual audit trail would misrepresent the rigor of the search. Every reference cited for a
specific quantitative or empirical claim was individually located and read in primary or publisher-indexed form; we
did not cite search-engine snippets as a substitute for the primary source, and quantitative statistics reported in Section
7 are quoted directly from the source's own reported results rather than estimated or recalculated. For two sources
discussed in Section 1.7 (references 4 and 5), the paper's existence, title, and journal were confirmed through publisher-
level indexing, but a complete, independently verified author byline, volume, and page range could not be obtained
through the channels available during preparation of this manuscript; this is stated explicitly at first citation and in the
reference list. Where a claim from earlier project working notes could not be independently verified, it has been
omitted rather than reproduced. This is a genuine limitation of the review, discussed further in Section 10, and it means
the evidence mapped here should be read as illustrative of the field's structure and maturity gradient, not as an
exhaustive census.

3. From Biomarkers to Biological State: The Observability Problem
3.1 State versus measurement

We distinguish the patient's true, largely unobserved physiological state x; from the set of measurements y; actually
available at time ¢. A hierarchical decomposition is useful because different physiological domains have very different
observability profiles:

X = { )(tmetabolic’ )(lcardiovascular, )(lrespiratory’ Xiﬂuid/electrolyte, )(tendocrine’ )(limmune’ )(tG], )(torgan, Xfpharmacological }

This nine-domain grouping is a pragmatic, clinically motivated organization rather than a first-principles
decomposition; it follows organ-system boundaries already used in clinical assessment and in the sensing and
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pharmacology literature cited throughout this review, and is intended as a communication device rather than a claim
that these are the objectively correct state coordinates. Systems-biology approaches to multiscale model composition
(for example, quantitative systems pharmacology (QSP) model libraries and standardized model-exchange formats)
already address the more general problem of principled state decomposition and cross-scale coupling; OAD-PDM
does not propose a new multiscale-modelling formalism and should be read as sitting downstream of, and compatible
with, that literature rather than in competition with it.

3.2 A maturity gradient, not a binary

Rather than a simple “measurable / not measurable” split, the literature supports a four-level gradient (Table 3):

Table 3. A four-level biological observability gradient

Level Description Ilustrative examples

Directl ) .. ) Heart rate, SpO2, glucose (CGM), activity, some blood
Y Continuous, clinically validated Ptz & ( ) 4

observable, mature pressure measures

Directly Continuous measurement | Lactate, ketones, sweat/interstitial electrolytes, GI luminal

observable, technically demonstrated, | pH and selected metabolites/hormones via ingestible

emerging limited clinical validation capsule

Hydration  state, systemic  inflammatory  tone,
“cardiovascular stress,” core temperature from skin
temperature

Indirectly Estimated  from  correlated
inferable signals, not measured directly

No reliable continuous non- @ Tissue/organ-specific drug concentration, intracellular
Largely latent invasive proxy currently exists at | signalling, most cytokine dynamics, real-time hepatic or
scale renal metabolic capacity

The gastrointestinal domain illustrates the “emerging” tier well. Commercial ingestible sensors have historically
monitored only basic parameters such as pH and pressure; Min and colleagues reported an integrated smart capsule
(“PillTrek”) in 2025 capable of simultaneously detecting electrolytes, metabolites, and hormones within the GI tract
[8]. This is a genuine expansion of what is measurable, but it remains, at the time of writing, an experimental
technology validated in animal studies rather than a clinically deployed human monitoring tool, and it does not, by

itself, resolve the harder problem of relating luminal measurements to systemic drug absorption.

3.3 Cross-compartment translation is not free

Even where a biomarker is measured continuously, the compartment sampled is frequently not the compartment of
clinical interest: sweat sodium is not plasma sodium; interstitial glucose lags plasma glucose; skin temperature is not
core temperature. A defensible state-estimation framework therefore needs an explicit, and where possible learned or
calibrated, compartment-transformation step rather than treating peripheral measurements as interchangeable with the
systemic quantity they are meant to proxy. This review does not propose a general solution to this problem; it names
it as a first-class requirement that any implementation of the Layer 3 state estimator described in Section 5 would need
to address.
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3.4 Asynchrony

Different modalities arrive on entirely different clocks: cardiac signals at sub-second resolution, CGM every few
minutes, drug concentrations intermittently, genomics essentially once per lifetime, laboratory panels daily to weekly.
Any state-estimation approach for this problem must therefore handle irregularly and asynchronously sampled
multimodal time series rather than assuming a synchronized observation grid, a requirement that favours continuous-
time or explicitly asynchronous formulations (state-space models, neural ODEs, Bayesian filtering with irregular
update times) over architectures that implicitly assume regular sampling.

4. Mathematical Framework for a Dynamic Patient—-Drug System

The purpose of this section is not to introduce new estimation algorithms, several already exist and are cited where
used, but to give the biological argument above a common, explicit notation, so that later sections (the proposed
architecture, the comparison with existing frameworks, and the case studies) can refer to a shared formal object.
Throughout, we distinguish established mathematical machinery (state-space models, Kalman filtering, do-calculus)
from our own conceptual proposal (the explicit observability annotation introduced in Section 4.8), and we note this
distinction again where it matters.

4.1 State transition
Xt+1 = f(Xt, U, g, €z) + &

where u, is the therapeutic intervention (drug, dose, timing), g is a relatively static biological prior (genome,
pharmacogenomic variants), e; is time-varying environmental/behavioural context, and & is biological/process
uncertainty. This is standard state-space notation; f'is not specified further here and is understood to be approximated,
in any implementation, by a mechanistic, statistical, or hybrid model appropriate to the physiological domain in
question.

4.2 Observation model
v = hix) + 0

for modality j (wearable, laboratory panel, molecular sensor, imaging, EHR entry), each providing a different,
imperfect projection of the same underlying state.

4.3 Individualized homeostatic deviation

Rather than comparing a patient's values against a population reference range, we define an individual, time-varying
reference trajectory x,” (which may itself shift with circadian rhythm, age, or chronic disease) and the deviation:

Ax;=x1— x;*
The claim that homeostasis is better represented as an individualized trajectory than as a fixed population midpoint is

a reasonable extension of long-standing physiological regulation theory rather than a new empirical finding, and we
present it as such.

4.4 Pharmacokinetics coupled to physiological state
A minimal one-compartment oral absorption model,

is standard and is shown here only as the simplest illustrative case; real pharmacokinetic models for most drugs of
clinical interest are more complex (multi-compartment, nonlinear, or physiologically based). The individualization
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step of interest to this framework is to let clearance, volume of distribution, and absorption rate depend on the current

physiological state and static biology rather than treating them as fixed patient covariates:
0i(t) = { kai(t), V(t), CL(t) } = o( g, X1, disease;, e; )

Here ¢ denotes a covariate-mapping function in the same general sense already used in population pharmacokinetic
practice, where clearance or volume terms are written as functions of covariates such as weight, renal function, or
genotype; the only change proposed here is that the covariate set includes the dynamically estimated state x; rather
than only static or infrequently updated covariates. We use ¢ rather than fto avoid reusing the state-transition function
symbol from Section 4.1 for a different mapping. This is the formal expression of the bidirectional coupling argued
for in Section 1.6: physiological state shapes pharmacokinetic parameters, and the resulting drug exposure feeds back
into x;+; through Section 4.1.

4.5 Pharmacodynamics

E(®) = w( Cp(t), x:)

for example an E.. -type relationship modulated by physiological state rather than concentration alone. We use y
rather than g for this mapping to avoid reusing the symbol already assigned to the static biological prior in Section
4.1.

4.6 State estimation

The posterior belief over the patient's state given everything observed so far is:
Tl?t(xt) = P( Xt | Vi, 8, EHR, u]:t)

and x; denotes a point summary of this distribution (for example its mean or mode), rather than the distribution itself.
Multiple existing estimation approaches are compatible with this formulation, including Bayesian and Kalman/particle
filtering, neural state-space models, and temporal transformers, and nothing in the framework requires committing to
one; the DLDT proposal discussed in Section 1.7, for instance, instantiates this step with adaptive Kalman filtering on
high-frequency EHR data for a specific clinical population [4].

4.7 Counterfactual prediction and treatment selection
P( x| do(u;=n)), u" = argmin, E[ L(xqs u)]

using Pearl-style interventional notation; for simplicity this is written for a single intervention at time ¢ rather than a
full policy over the interval [ ¢, t+k ], and L is left unspecified here but would combine, in any implementation, disease
burden, deviation from the individualized homeostatic trajectory, toxicity risk, and estimation uncertainty. The TCPM
framework discussed in Section 1.7 is the clearest existing instantiation of counterfactual treatment-effect estimation
from routine physiological data at this level of generality, and our framework is explicitly not claiming to improve on
its causal-inference machinery; it is asking a complementary question about how the physiological state itself should
be constructed and constrained mechanistically before such optimization is performed [3].

4.8 Explicit observability and uncertainty as outputs, not afterthoughts

We propose, as this review's own conceptual contribution rather than as established methodology, that the state-
estimation step (Section 4.6) should output three objects, not one:

(X, Ui, Or)

where X, is the point state estimate, U, is a measure of its uncertainty (for example the spread or entropy of 7y), and O;
is what we term an operational observability, or confidence, profile: a per-domain annotation indicating, for each
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physiological block in Section 3.1, whether the current estimate rests on direct measurement, indirect inference, or an
unvalidated extrapolation.

This use of “observability” should be explicitly distinguished from the term's established meaning in control theory,
where observability is a formal, binary-in-the-linear-case property of a dynamical system, whether the internal state x;
can in principle be reconstructed exactly from a finite sequence of outputs y; and inputs u, typically assessed through
a rank condition on an observability matrix (for linear systems) or a local observability rank condition (for nonlinear
systems). O;, as proposed here, is not this. It is not a system-level structural property established once from the model
equations; it is a proposed per-estimate, per-domain, time-varying annotation intended for clinical communication,
analogous in spirit to a data-quality or provenance flag rather than to a control-theoretic guarantee. We are not aware
of an established, generally accepted procedure for computing O; in this sense; it is proposed here as a structural
requirement, not a solved estimation problem, and formal control-theoretic observability analysis of any specific
implementation of f and /4; would be a separate, complementary exercise. As a purely schematic illustration of the
intended distinction, not a computed result: a state estimator might annotate the renal-function component of x; with
high confidence because it is anchored to a directly measured, frequently sampled creatinine trend, while annotating
the systemic inflammatory-tone component with low confidence because it is inferred indirectly from heart-rate
variability and temperature rather than measured. Formalizing how such confidence annotations should actually be
computed and calibrated is left as an open problem in Section 9.

5. The OAD-PDM Conceptual Framework

Building on Sections 3—4, we propose organizing the problem into six layers plus a safety envelope, summarized in
Table 1. Each layer individually draws on established or actively developing methodology; the contribution offered
here is the explicit coupling between Layers 3 and 4 through the ( x;, U,, O; ) interface, and the insistence that Layer 4
remain mechanistically constrained rather than being replaced by an end-to-end predictive model.

Table 1. The OAD-PDM architecture

Layer Function Inputs Output

Genome, pharmacogenomic
1. Biological priors Static individual biology variants, prior phenotype/EHR | g

history
Wearabl lecular/GI
2. Multimodal | Heterogeneous, .eara % o e.cu ar. 0
observation asynchronous sensin biosensors,  labs,  imaging, | ¢
ynenronou g TDM, EHR
Convert observations into
3. State estimation biological  state, = with Layer2 + Layer 1 (X, Us, Or)
confidence
4. Mechanistic patient— | Constrain prediction with | ( X1, U, o ), | 0i(t), predicted
drug model pharmacological structure | PK/PD/PBPK/QSP structure | exposure/effect
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5. Prediction and
counterfactual
optimization

Forecast trajectories under

. . Layer 4 outputs P(xs+# | do(u)), u”
candidate interventions Y P (xrsi | do(u))

Present recommendation,
rationale, and uncertainty to | Layer 5 outputs Human-reviewed action
a clinician

6. Clinical decision
support

Verification, validation,
. . . Gate on whether Layers
Safety envelope uncertainty  quantification Cross-cutting 5-6 ma act
y P (VVUQ), out-of- Y

e ) autonomously at all
distribution detection y

The safety envelope is not decorative. Tudor and colleagues' 2025 scoping review of purported human digital twins
found that of 149 studies claiming digital-twin status, only 18 (12.08%) fully met the National Academies of Sciences,
Engineering, and Medicine (NASEM) criteria for a digital twin, personalization, dynamic updating, and predictive
capability for clinical decision-making, and only two of the 149 studies mentioned verification, validation, and
uncertainty quantification at all [1]. Any framework in this space, including the one proposed here, should be read
against that finding: the label “digital twin” or “dynamic patient model” is not self-validating, and we use OAD-PDM
as a conceptual architecture name precisely to avoid implying a level of clinical readiness the framework does not
have.

The Layer 6 principle, human-in-the-loop rather than autonomous prescribing, follows directly from Layer 3's
uncertainty output: when U; exceeds a pre-specified threshold, or O; indicates the recommendation rests on a poorly
observed domain, the system should defer to standard clinical assessment rather than act.

Figure specifications

Four figures are envisaged for this framework; specifications are provided here for the benefit of a scientific illustrator

or diagram-generation tool, since no empirical plots are appropriate for a conceptual framework of this kind.

Figure 1 (OAD-PDM architecture). A six-box vertical or circular flow diagram corresponding exactly to the rows of
Table 1, with the biological-prior box feeding into the observation box, both feeding into the state-estimation box,
which outputs three explicitly labelled sub-arrows (x;, U, O;) into the mechanistic patient—drug model box, which
feeds prediction/optimization, which feeds clinical decision support, which feeds back (a dashed return arrow) to the
observation box to represent the closed loop. The safety envelope should be rendered as a dashed boundary enclosing
Layers 3—6 only, not the whole diagram, to reflect that Layers 1-2 are inputs rather than sites of active inference.

Figure 2 (biological observability gradient). A 4x9 grid or heat-map-style figure with the nine physiological domains
from Section 3.1 as rows and the four maturity tiers from Table 3 (Section 3.2) as columns, with each cell populated
by the representative examples already given in that table. This figure should not include any effect sizes, percentages,
or performance numbers; it is a qualitative maturity map, not a quantitative result.

Figure 3 (mathematical patient—drug dynamical system). A schematic showing the observation equation (Section
4.2) feeding the state-estimation block (Section 4.6), which outputs to both the homeostatic-deviation comparison
(Section 4.3) and the mechanistic PK/PD block (Sections 4.4-4.5), which together feed the

IJWOS | Volume 3 Issue 8, August 2026 | https://ijjwos.com 517



International Journal of Web of Multidisciplinary Studies
E-ISSN: 3049-2424

counterfactual/optimization block (Section 4.7), closing the loop back to a new observation. Equations should be
reproduced verbatim from the corresponding subsections rather than re-derived for the figure.

Figure 4 (technology maturity and translational roadmap). A horizontal timeline or staged-funnel figure
corresponding to the six stages in Section 9, annotated with the specific technologies from Section 7 placed at their
appropriate stage (for example, closed-loop insulin delivery at “Stage V/VL,” hybrid vancomycin dosing at “Stage
IIL,” GI capsule sensing at “Stage I"’). No projected dates should be included, since none are supported by evidence in
this review.

6. Positioning Relative to Existing Frameworks

Table 2 compares OAD-PDM against the closest work identified in Section 1.7, organized by the functional
components each addresses. This table is intended to make the review's central claim falsifiable: if an existing
framework already covers all rows for a given system, our proposed synthesis adds nothing beyond aggregation, and
the review should be read that way.

Table 2. Functional comparison of existing frameworks and the proposed synthesis

Conventiona P4/multi-omics OAD-PDM
Component 1 TCPM [3] | DLDT [4] digital-twin (this
MIPD/TDM perspectives [5,6] review)
Explicit,
. . . 1ti-
. Limited Routine . Multi-omics plus ut
Multimodal . . . | High-frequency .. . . compartmen
. . (mainly physiologic digital-twin  inputs
continuous observation L EHR ,
labs/TDM) al indicators (conceptual)
asynchronou
s
Yes
Implicit treat t- Y ith
o mplici . (treatmen Yes (state- es,. . wi
Latent state estimation = (population free Conceptual explicit
. .| space/Kalman) )
PK) physiologic uncertainty
al profile)
Proposed as
. a first-class
Explicit Not output (this
observability/confiden | No . Not emphasized Not emphasized .
emphasized review's
ce output _r
contribution
)
Mechanistic . Yes
Y - 5
PK/PD/PBPK Yes Not central S Zsci f(i\cla)incomyc1n Not central generalized
coupling P and
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bidirectional
(conceptual)
Adopts
existing
Counterfactual .
- No Yes Partial Conceptual causal-
treatment prediction .
inference
machinery
Cross-
Single Six clinical .. domain,
. C Critical . ..
Domain scope drug/indicatio | cohorts, . .| Broad, aspirational explicitly
illness/vancomycin .
n general maturity-
graded
Multi-
Clinical validation . cohort Proposed/conceptu | Perspective/conceptu | Conceptual,
Established . .
status retrospectiv | al al not validated

e validation

Read this way, the honest summary is: TCPM is the strongest existing instantiation of state-to-treatment causal
inference from routine data; DLDT is the strongest existing instantiation of mechanistic, state-space precision dosing
for a specific critical-care drug problem; and the P4/multi-omics perspectives are the strongest existing statements of
the broad aspiration. In the frameworks examined in this review, none makes biological observability and cross-
compartment confidence an explicit, first-class output of the state-estimation step, and none generalizes the
bidirectional physiology-PK coupling beyond a single drug or a single causal-inference pipeline. That gap, not the
general idea of combining Al, sensing, and pharmacology, is what OAD-PDM is proposed to fill conceptually; a
broader or differently constructed literature sample might identify additional frameworks that close part of this gap,
and the comparison in Table 2 should be read as bounded by the purposive sampling described in Section 2.

7. lustrative Case Studies

We use three case studies at deliberately different maturity levels to show where the framework's components already
have empirical grounding and where they remain aspirational. These are illustrative applications of individual layers
or layer-pairs from Section 5, not new experiments, and none should be read as a test of the complete six-layer
architecture.

7.1 Case Study I: Closed-loop insulin delivery (mature)

Automated insulin delivery (AID) and hybrid closed-loop systems couple CGM (Layer 2) with an onboard control
algorithm (a simplified, disease-specific version of Layers 3-5) to titrate subcutaneous insulin delivery (Layer 6)
continuously. This is the field's clearest existing proof that a Sense-Estimate-Predict-Intervene-Observe loop can
operate safely and effectively in real patients over sustained periods. Wang and colleagues' 2025 systematic review
and meta-analysis, pooling data from 1,156 subjects, reported that, compared with standard control, Al-driven closed-
loop systems significantly reduced time outside target glucose range (standardized mean difference 0.90, 95% CI
0.69—-1.10, P < 0.001) [11]. We do not claim OAD-PDM improves on these systems; we use closed-loop insulin
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delivery as the field's existence proof that the general control loop is achievable when (a) the relevant physiological
variable is measurable with adequate fidelity and latency and (b) the intervention is finely and safely titratable. Neither

1o ¢¢

condition holds yet for most of the domains in Section 3.2's “emerging” or “latent” tiers, which is precisely why

generalizing this success is nontrivial rather than a matter of swapping in a different sensor.

7.2 Case Study II: Vancomycin precision dosing (actively converging)

Vancomycin is a narrow-therapeutic-index antibiotic whose clearance depends heavily on renal function, itself
dynamic in critical illness, making it a natural test case for hybrid mechanistic-Al dosing. Multiple recent studies
converge on a similar conclusion using different populations and designs. Chen and colleagues developed a hybrid
population pharmacokinetic-machine learning (PPK-ML) approach for predicting vancomycin exposure in adult
sepsis patients, reporting that the hybrid approach improved on standalone population pharmacokinetic and machine-
learning approaches under data-scarce conditions [12]. In critically ill children, a separate group led by Chen
developed an ML-population-PK hybrid model specifically to predict pre-dose clearance and volume of distribution
before the first dose, aiming to inform initial dosing under exactly the kind of data scarcity that motivates the OAD-
PDM observability framing [13]. Shi and colleagues report a related PopPK-informed machine-learning model for
vancomycin in a general TDM population, reporting that the model accurately predicted 24-hour area-under-the-curve
exposure and proposing it as a point-of-care clinical decision-support tool to improve target attainment and reduce
dose-adjustment iterations [14]. Together these studies support the review's core methodological claim in Section 1.5:
hybrid mechanistic-ML approaches are not merely theoretically appealing but are actively being developed and
reported as outperforming single-paradigm approaches for at least this one well-studied drug, which is consistent with,
though does not by itself establish, the more general architecture proposed here.

7.3 Case Study III: Continuous GI sensing and oral drug absorption (experimental)

Absorption is the least observable step of oral pharmacokinetics: clinicians infer it from downstream plasma
concentrations rather than measuring it directly. The PillTrek ingestible capsule described in Section 3.2, capable of
continuous multiplexed biochemical profiling (electrolytes, metabolites, hormones) within the GI tract, is a concrete
step toward direct observation of the absorptive compartment rather than only its consequences [8]. We present this
case explicitly as emerging and experimental: the reported work was demonstrated in animal studies, not yet
validated as a human pharmacokinetic monitoring tool, and no published work known to us has yet coupled such a
device to a mechanistic absorption model of the kind sketched in Section 4.4 within a living patient. We include it
precisely because it is the clearest current illustration of Layer 2 (observation) technology outpacing Layer 4
(mechanistic coupling), a gap the framework is designed to name rather than one it claims to have closed.

Taken together, these three case studies illustrate different layers and layer-pairs of the architecture in Section 5 at
three different maturity levels; none constitutes evidence that the complete six-layer OAD-PDM system functions as
an integrated whole, and no such evidence currently exists for any comparably general framework in this space,
including the ones discussed in Section 6.

8. Discussion
8.1 What this review adds, stated plainly

We are not claiming to have invented digital twins, Al-based physiological state estimation, continuous biosensing,
counterfactual treatment prediction, or hybrid PK/ML dosing. Section 1.7 and Table 2 name the strongest existing
work in each of these areas explicitly. The contribution offered here is threefold and comparatively modest: (1) a
conceptual argument, grounded in the observability gradient of Section 3, that biological observability and estimation
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confidence should be explicit, structured outputs of any patient-state estimator used for pharmacotherapy, not an
implicit property left to the model's internals; (2) a common mathematical notation (Section 4) that makes the
physiology-pharmacology coupling explicit and bidirectional, rather than treating pharmacokinetic parameters as
fixed covariates; and (3) an evidence-mapping exercise (Table 2) intended to make future novelty claims in this space

easier to check against what has already been published, given how quickly this literature is moving.

8.2 Why hybrid mechanistic-AI modelling, specifically

The case for hybrid modelling made in Section 1.5 is not merely conceptual. The vancomycin literature reviewed in
Section 7.2 reports hybrid PPK-ML models outperforming single-paradigm approaches under realistic data-
availability constraints, in more than one independent study and population. The general argument mirrors a broader
pattern described across pharmacometric and digital-twin literature: mechanistic models constrain predictions to what
is biologically and pharmacologically plausible (non-negative concentrations, mass balance, known elimination
pathways) but can struggle to capture patient-specific nonlinearities and heterogeneous data; unconstrained machine
learning captures such nonlinearities readily but offers no guarantee of biological plausibility and is vulnerable to
distribution shift. Neither failure mode is hypothetical in a pharmacotherapy context, where a physically implausible
or poorly calibrated prediction can translate directly into patient harm.

8.3 Multiple timescales

Section 3.4's asynchrony problem has a second dimension beyond sampling rate: different physiological processes are
meaningful on structurally different timescales, cardiac electrophysiology in seconds, glycaemic dynamics in minutes,
hormonal and drug-effect dynamics in hours, inflammatory and organ-adaptive processes in days, and genomic or
disease-trajectory information effectively static over the timescale of a single hospitalization. A state-estimation
architecture for this problem needs to represent multiple coupled timescales explicitly rather than forcing every input
onto a single update clock. This is a design requirement rather than a novel technical claim: timescale separation and
multiscale coupling are already treated formally within quantitative systems pharmacology and multiscale systems-
biology modelling, and existing continuous-time and irregularly sampled modelling approaches (state-space models,
Bayesian filtering with variable update intervals, neural ODEs) are candidate implementations rather than open
research questions in themselves. OAD-PDM's contribution here is limited to insisting that the clinical observation-
to-state interface respect this structure, not to proposing a new multiscale-modelling method.

8.4 Translation and validation barriers

The gap between conceptual architecture and deployable system is large and is not primarily a modelling problem.
Sensor-level barriers (biofouling, drift, calibration, long-term stability) documented in the wearable-sensing literature
reviewed in Section 1.3 apply directly to Layer 2 [10,15]. Data-infrastructure barriers, including fragmented EHR
systems, missing and non-standardized longitudinal data, and interoperability, apply to Layer 2's aggregation step.
Model-level barriers include the near-total absence of external, prospective validation for most “digital twin” claims
documented by Tudor and colleagues' 2025 scoping review discussed in Section 5 [1], and the well-documented risk
that machine-learning models trained on one population or hospital system perform unpredictably on another. Each of
these is an active, unresolved research area in its own right; none is solved by the architecture proposed here, which
instead tries to make explicit where in the pipeline each barrier sits.

8.5 Safety, uncertainty, and the case against autonomy for now

We deliberately did not design OAD-PDM around autonomous prescribing. The Layer 6 human-in-the-loop
requirement (Section 5) and the explicit uncertainty/observability output (Section 4.8) both follow from the same
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premise: a system whose confidence in its own state estimate cannot be inspected should not be permitted to act on
that estimate without review. Closed-loop insulin delivery (Section 7.1) remains, to date, the domain-specific
exception where a narrow, well-instrumented, well-understood physiological loop has accumulated enough validated
evidence to support a higher degree of automation, and even there, clinical oversight and fail-safes remain standard
practice.

8.6 Ethical and governance considerations

Continuous, multimodal biological monitoring raises privacy and data-governance questions that are independent of
the modelling questions addressed here: who owns continuously collected physiological and genomic data, how it is
secured, and how patients retain meaningful control over its use. The Immorta Bio/Theriome/American Board of
Precision Medicine perspective discussed in Section 1.7 addresses this directly by proposing blockchain-based data
governance as part of a P4 medicine implementation [5]; we do not evaluate that specific mechanism here, but we
note that any deployable version of the architecture in Section 5 would need an explicit governance layer of this kind,
not merely a technical one.

9. Future Research Roadmap

We propose six non-simultaneous stages, deliberately ordered from least to most clinically consequential, consistent
with the caution argued for in Section 8.5:

1. Reliable multimodal sensing. Longitudinal validation of continuous biosensors (beyond glucose) against

reference-standard measurements, and quantification of drift, biofouling, and cross-compartment translation error.

2. Validated state estimation, including a workable definition of O.. External, prospective validation of latent-state
estimators against held-out populations and hospital systems, with uncertainty reported alongside point estimates as
standard practice, and initial work toward an operational, calibratable definition of the observability annotation
proposed in Section 4.8.

3. Hybrid mechanistic-AI PK/PD models. Extension of the vancomycin-style hybrid approach (Section 7.2) to
additional narrow-therapeutic-index drugs and to non-antibiotic domains such as anticoagulation and
immunosuppression.

4. Prospective, disease-specific digital twins. Building on existing mechanistic examples (Section 1.7's neonatal
aminoglycoside twin, Section 7.2's vancomycin work) rather than attempting a single general-purpose twin first.

5. Clinician-supervised adaptive therapy. Decision-support deployment with mandatory human review, explicit
uncertainty display, and prospective outcome tracking.

6. Highly constrained closed-loop systems. Automation restricted, as with insulin delivery today, to narrow, well-
validated, well-instrumented physiological loops with demonstrated safety margins, not a general claim of readiness
for autonomous pharmacotherapy.

10. Limitations

Of this review. This is a purposive, critical review rather than a formal systematic scoping review; no fixed multi-
database protocol was pre-registered, and no PRISMA-style flow counts are reported, for the reasons given in Section
2. The literature evaluated is not exhaustive, and the pace of publication in this area (several of the papers discussed
here appeared within the twelve months preceding this review) means the comparative landscape in Table 2 will likely
shift quickly. Two references discussed in Section 1.7 and cited throughout, the DLDT paper [4] and the Immorta
Bio/Theriome/American Board of Precision Medicine P4 perspective [5], could be confirmed as to title and venue,

IJWOS | Volume 3 Issue 8, August 2026 | https://ijjwos.com 522



International Journal of Web of Multidisciplinary Studies
E-ISSN: 3049-2424

and for [4] as to first author, but a complete, independently verified author byline, volume, and page range could not
be obtained through the channels available during preparation of this manuscript; both should be checked against the
primary journal record before submission. Several claims present in earlier drafts of this project's working notes,
including specific participant counts, additional named studies, and several proposed mathematical refinements, could
not be independently verified during preparation of this manuscript and have been deliberately omitted rather than

reproduced on the basis of an unverified secondary source.

Of the proposed framework. OAD-PDM is conceptual. It has not been implemented as a working system, has not
been validated against real patient data, and several of its components, most notably the explicit O; observability
annotation, are proposed structural requirements rather than established methods with a track record or an agreed
estimation procedure. The mathematical formulation in Section 4 simplifies substantially: real PK/PD relationships
for most drugs are more complex than the illustrative one-compartment model shown, multi-drug interactions are not
addressed, and the framework does not resolve, it only names, the compartment-translation problem in Section 3.3.

Of clinical translation. Nothing in this review should be read as evidence that dynamic, Al-assisted, mechanistically
constrained pharmacotherapy currently improves patient outcomes beyond what existing MIPD, TDM, and closed-
loop systems already achieve in their specific, validated domains. That evidence, where it exists at all, is domain-
specific (Section 7) and should not be generalized to the framework as a whole.

11. Conclusion

Continuous biological sensing, Al-based physiological inference, and mechanistic pharmacology are each advancing
quickly, and, contrary to a naive reading of the field, they are already being combined in several serious, partially
validated ways: temporal causal inference on routine physiological data, state-space digital twins for critical-care
precision dosing, and hybrid mechanistic-machine-learning pharmacokinetic models for specific drugs. What remains
underdeveloped in the frameworks examined in this review is not the aspiration to combine these tools but a common,
biologically honest account of how incomplete, asynchronous, multi-compartment observations should be converted
into a patient state whose confidence and observability are explicit, and how that state should be coupled,
bidirectionally and mechanistically, to drug behaviour. The Observability-Aware Dynamic Patient-Drug Model
proposed here is offered as a conceptual architecture for that problem, not as a validated clinical system. Its value, if
any, will be established the way the closed-loop insulin literature establishes value for a narrower claim: through
prospective, externally validated, uncertainty-reporting evidence, one well-instrumented physiological loop at a time.
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