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ABSTRACT

Machine-learning models can predict pharmacokinetic quantities and concentration-time profiles with
increasing flexibility, yet prediction alone does not reveal whether the learned relation is dimensionally
coherent, pharmacologically plausible, stable under perturbation, or transferable beyond the training domain.
This methodological framework examines symbolic regression as a route to explicit pharmacokinetic equations
while treating interpretability as a constrained scientific objective rather than a by-product of algebraic
compactness. The proposed approach separates equation discovery from mechanistic attribution and requires
candidate expressions to preserve measurement level, units, temporal structure, biological directionality where
justified, and the distinction between molecular, physiological, and population-level variables. Mechanistic
knowledge is introduced as an admissibility constraint or structural prior rather than as proof that the
recovered expression is causal. The framework further proposes multi-criterion model selection based on
predictive adequacy, parsimony, dimensional validity, stability, mechanistic plausibility, uncertainty, and
performance under predefined extrapolation tests. Black-box predictors, population pharmacokinetic models,
physiologically based pharmacokinetic models, and hybrid scientific-machine-learning approaches remain
necessary comparators because symbolic transparency does not guarantee superior prediction or
extrapolation. The central contribution is therefore a validation-oriented strategy for discovering closed-form
relationships that can be inspected, challenged, and rejected. Its scope is methodological: recovered equations
remain hypotheses conditioned on data quality, identifiability, chemical and population coverage, model
specification, and external validation, and should not be interpreted as mechanistic laws or implementation-
ready dosing rules without independent evidence.
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INTRODUCTION but accuracy does not remove persistent problems of data
quality, interpretation, validation, and generalization [1].
Machine learning has expanded the range of For pharmacokinetics, these problems are unusually

pharmacokinetic tasks that can be approached directly
from concentration data, covariates, and other predictors,
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consequential because a prediction may be numerically
acceptable while obscuring which variables drive
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exposure, whether the relation respects units, or whether it
is likely to fail when dose, population, chemical series, or
sampling design changes. The methodological goal
developed here is therefore narrower than “interpretable
artificial intelligence™: it is the discovery of explicit
mathematical relationships whose scientific admissibility
can be inspected independently of their predictive error.
Fit-for-purpose use of artificial intelligence in quantitative
drug development requires transparent validation, attention
to context of use, and explicit treatment of generalizability
[2]. Those requirements motivate a distinction between an
equation that is readable and an equation that is
scientifically defensible. A compact expression can still
exploit confounding, encode an accidental scaling relation,
or extrapolate catastrophically. Conversely, a complex
conventional pharmacometric model remain
scientifically useful because its parameters, compartments,
and assumptions are tied to an established modeling
purpose. Closed form is therefore proposed here as an
additional representational advantage, not as a replacement
criterion for pharmacometric validity.
Explainable-machine-learning workflows can accelerate
covariate identification and help inspect functional
relationships in  population modeling, but their
explanations remain conditional on the fitted predictive
model [3]. This is different from searching directly for the
mathematical form of a relationship. The distinction
matters because post-hoc attribution asks what a model
used, whereas symbolic equation discovery asks whether a
compact candidate relation can itself serve as the model.
Neither operation establishes mechanism, yet the latter
makes algebraic structure, variable interactions,
asymptotic behavior, and dimensional consistency directly
examinable.

Symbolic regression searches explicit mathematical
expressions and has been developed as an approach to
interpretable scientific discovery, while remaining
vulnerable to noise, search-space explosion, complexity
choices, and validation failure [4]. We therefore propose a
pharmacokinetic use of symbolic regression in which
interpretability is conditional on four separable tests: the
expression must be readable, dimensionally admissible,
pharmacologically plausible within its stated context, and
demonstrably stable under relevant validation and
extrapolation challenges. These requirements define the
methodological problem addressed in the sections that
follow.

may

Symbolic regression and closed-form discovery

Unlike regression with a prespecified equation, symbolic
regression searches over mathematical structures as well as
their constants. Physics-inspired approaches show that

decomposition, symmetry, separability, and other
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structural properties can make recovery of compact
equations tractable on benchmark physical relationships
[5]. The relevance to pharmacokinetics is methodological
rather than evidential: PK data do not inherit the clean
generative structure of those benchmarks. Nevertheless,
searching mathematical form creates a possibility
unavailable to a fixed predictor—candidate expressions
can be inspected for limiting behavior, monotonicity,
parameter meaning, and dependence on variables before
they are accepted.

Pharmacometrics now provides a closer precedent.
Symbolic neural networks have been used to automate
identification of human-readable covariate functions in a
disease-progression model [6]. That result supports the
feasibility of learning explicit functional relations inside a
pharmacometric setting, but it does not establish closed-
form PK law discovery, causal covariate effects, or
superiority over conventional covariate modeling. We
therefore treat symbolic components as generators of
hypotheses about functional form. Their output becomes
scientifically useful only after the recovered relation is re-
evaluated against the data-generating context and
competing formulations.

Physical and dimensional restrictions can also be
incorporated into symbolic model discovery so that the
search favors scientifically admissible expressions rather
than merely low-error ones [7]. For PK, the proposed
extension is to constrain the operator library and candidate
construction by units, positivity where biologically

required, and known structural relationships when
justified. These constraints should prune impossible
equations without forcing the search toward a

predetermined mechanistic answer. The desired output is
thus not the “truest-looking” equation, but a small set of
explicit candidates that survive empirical, dimensional,
and pharmacological challenge.

Pharmacokinetic data  structure and dimensional
constraints

Pharmacokinetic data are not interchangeable scalar labels.
Concentration—time observations are indexed by time,
dose, sampling design, subject, formulation, and often
additional covariates; derived quantities such as exposure
summaries depend on how the underlying profile is
sampled and analyzed. Deep-learning approaches to
noncompartmental illustrate that temporal
sampling and the method used to reconstruct or summarize
a profile are part of the modeling problem itself [§].
Symbolic discovery should therefore preserve whether a
target is an observed concentration, a derived summary, or
an estimated model parameter rather than pooling these as

equivalent numerical outcomes.

analysis
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Artificial neural networks can predict concentration—time
trajectories ~ without  exposing a  closed-form
pharmacokinetic relationship [9]. This establishes an
important comparator: a flexible predictor may fit temporal
behavior while providing no algebraic object to test for
units or asymptotic plausibility. The proposed symbolic
workflow must not gain apparent interpretability by
flattening the time dimension. Time, dose, concentration,
and subject-level variables should enter with declared units
and provenance, and repeated measurements should
remain associated with their experimental or clinical
hierarchy. Otherwise, a compact equation can be
interpretable syntactically while representing a statistically
invalid data transformation.

The same level-of-analysis problem arises when molecular
structure is linked to in vivo outcomes. Machine learning
from chemical structure has predicted PK parameters and
exposure curves in a defined rat data set, while the resulting
relationships remain bounded by species and chemical
space [10]. Accordingly, a symbolic equation connecting
molecular descriptors to clearance is not equivalent to a
physiological clearance equation, even when both predict
the same endpoint. We propose that every candidate
relation carry a level tag—molecular, experimental,
individual, population, or physiological—and that
dimensional closure be evaluated within that level. Cross-
level equations may be valuable, but their mechanistic
interpretation must remain explicitly limited.

Embedding mechanistic priors and units

Hybrid scientific-machine-learning approaches
demonstrate that known pharmacokinetic structure can be
retained while learned components represent unresolved
dynamics [11]. The evidence is a precedent for
architectural separation, not proof that any learned
component corresponds to a missing biological

mechanism. For symbolic regression, the analogous
proposal is to distinguish fixed structure from discoverable
structure. Known mass-balance relationships, dosing
inputs, or compartmental connections may be held fixed
when justified, while symbolic search is restricted to the
unresolved function. This prevents the algorithm from
spending search capacity rediscovering established
identities and makes any new relation easier to localize and
challenge.

Physics-informed machine learning provides a broader
vocabulary for incorporating scientific knowledge through
governing equations, constraints, architectures, or loss
functions [12]. In PK equation discovery, units can serve
as a particularly strict prior because dimensional
inconsistency is disqualifying even when predictive error
Other  priors—positivity,  boundedness,
monotonicity, or conservation—should be imposed only
when the biological context warrants them. Incorrect priors
can suppress valid behavior, so constraint provenance
should be recorded and sensitivity to relaxing each prior
should form part of validation.

PBPK modeling provides a complementary example in
which explicit physiological structure can be combined
with machine learning for parameter estimation or
component emulation [13]. This modularity suggests that
symbolic regression need not compete with mechanistic
PK models at the whole-model level. It can instead operate
at defined interfaces: learning a covariate function, an
empirical scaling term, or an unresolved input—output
relation while leaving validated physiological structure
intact. The resulting equation would remain an empirical
component until independently supported.

These constraints are consolidated in Table 1 as
assumptions that must remain visible before a discovered
closed-form relationship is interpreted scientifically.

is  low.

Table 1. Assumptions conditioning scientific interpretation of a discovered pharmacokinetic equation

Assumption Risk if violated

Proposed methodological remedy

Evidence status

Temporal observations and
derived PK summaries remain
distinguishable

A compact relation may
encode sampling or
summarization artifacts

Preserve time, dose, sampling, and
target provenance before symbolic

Evidence-grounded;

search remedy proposed

Predictors and outcomes
occupy a declared level of
analysis

misread as physiological
mechanism

Molecular association may be Tag molecular, experimental, individual,
population, and physiological variables

Evidence-grounded;

explicitly taxonomy proposed

Candidate expressions are
dimensionally closed

Low-error equations may be
physically meaningless

Reject unit-inconsistent operators and

Evidence-grounded;

transformations during search implementation proposed

Incorrect constraints can
suppress admissible
relationships

Mechanistic priors are valid for
the intended context

alternatives, and separate fixed from

R h prior, test rel .
ecord each prior, test relaxed Evidence-grounded:

discoverable structure procedure proposed

Mechanistic modules and
empirical relations remain
distinguishable

Learned terms may acquire
unjustified biological meaning

Confine symbolic discovery to defined
interfaces and retain empirical labels

Evidence-grounded;
framework synthesis

until independently validated proposed

Discovery of relationships across absorption, distribution,
and clearance
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The value of symbolic regression is greatest when the
target relationship is specified before equation search
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begins. Human pharmacokinetic endpoints can be
predicted from molecular and early experimental
information, and uncertainty-aware models can support
drug-design decisions within a defined chemical space
[14]. That evidence supports learnability, not the existence
of a universal analytical law linking structure to exposure.
We therefore propose that symbolic discovery distinguish
endpoint equations from cross-endpoint relations. An
equation predicting clearance from molecular or in vitro
variables should be labelled an empirical clearance
relation; an equation linking clearance, volume, and
exposure through an established identity occupies a
different mechanistic level.

Multi-property and multi-species modeling can exploit
statistical dependence among pharmacokinetic tasks while
representing predictive uncertainty [15]. For symbolic
regression, however, shared predictive signal should not
automatically be converted into a shared physiological
equation. Species, route, formulation, and measurement
context may change both coefficients and functional form.
Cross-species symbolic candidates should therefore be
retained only when the transfer question is explicit and the
equation is challenged against species-held-out data or
independent physiological expectations.
Concentration-time prediction adds a third relationship
class: trajectory structure. Recent work shows that
machine-learning  models can  predict plasma
concentration-time profiles under defined validation
settings [16]. A symbolic trajectory model should preserve
time and dosing as explicit variables or act inside a
declared dynamical structure rather than reducing an entire
profile to a single unconstrained scalar mapping. The
proposed discovery space thus contains three separable
targets—endpoint relations, cross-endpoint relations, and
trajectory relations. Absorption, distribution, and clearance
may contribute to all three, but the manuscript does not
assume that one discovered expression can identify their
underlying mechanisms. Each candidate remains
conditional on the variables observed, the scale analyzed,
and the experimental or clinical context represented.

Model selection for parsimony and plausibility

Once symbolic search produces multiple equations with
similar predictive performance, model selection becomes
the central scientific step. Recent symbolic-regression
methodology treats
optimization objective rather than an informal preference
[17]. In pharmacokinetics, however, minimum algebraic
complexity should not be equated with maximum
credibility. A very short expression may omit a relevant
process, exploit correlation among covariates, or behave
implausibly outside the observed range. Parsimony is
therefore proposed as one criterion within a constrained
selection problem, not as the final objective.

Population-pharmacokinetic = model-selection methods
differ substantially workflow, and
susceptibility to overfitting, and no universally optimal
selector is established [18]. Symbolic regression inherits
the same problem in amplified form because it searches
both structure and coefficients. Selection should therefore

explicitly parsimony as an

in assumptions,

separate predictive adequacy from scientific admissibility.
First, candidate equations that fail prespecified predictive
checks are removed. Second, dimensionally invalid or
contextually impossible expressions are rejected. Third,
remaining equations are compared for complexity,
stability, and dependence on weakly supported terms. Only
then should pharmacological plausibility be considered.
Domain knowledge can be incorporated directly into
symbolic-regression search and used to restrict candidate
functions toward scientifically plausible relations [19]. Yet
plausibility can itself become a source of confirmation
bias. An equation should not be preferred merely because
it resembles a familiar one-compartment or allometric
relationship. The proposed criterion is stronger: a
candidate must state which prior it satisfies, whether that
prior was enforced or merely observed after fitting, and
whether alternative admissible expressions fit comparably
well. Mechanistic familiarity without discriminating
evidence is insufficient.

This produces a workflow in which equation discovery and
equation acceptance are deliberately separated. Table 2
summarizes the manuscript-derived analytic stages used to
move from heterogeneous PK observations to a ranked,
challengeable candidate relation.

Table 2. Proposed analytic workflow for ranking symbolic pharmacokinetic relationships after equation generation

Workflow stage Question asked

Decision signal Main scientific risk

What was measured, at what level, with

ntext registration . . .
Context registratio which units and sampling structure?

Complete provenance and
dimensional specification

Mixing endpoints, scales, or
derived quantities

Candidate Which explicit forms fit within the Reproducible search yielding  Search-library bias or premature

generation allowed operator and prior set? multiple viable expressions convergence
Admissibility Is the expression dimensionally and Unit closure and justified Accepting numerically accurate

screening contextually possible? structural constraints but impossible equations

s . Does the candidate retain adequate fit on
Predictive screening

Prespecified external or Selecting elegance despite poor

held-out data? resampled predictive checks prediction
Parsimony Can similar performance be achieved with Stable accuracy-complexity trade- Treating shortest form as
assessment fewer unsupported terms? off mechanistic truth
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Plausibility review what alternatives remain?

What prior does the relation satisfy, and Explicit rationale plus competing Confirmation bias toward familiar

admissible forms PK equations

note: All stages constitute the proposed framework. Evidence supporting the separation of parsimony, model selection, and domain-informed
plausibility is provided in the preceding section; no numerical acceptance threshold is implied.

Extrapolation beyond the training domain

Extrapolation is the strongest test of whether an
interpretable equation captures a transferable relationship
rather than a local regularity. A recent first-in-human
comparison of standard PBPK, high-throughput PBPK,
and machine learning showed that these approaches can
have complementary strengths under different information
settings [20]. The relevant lesson is not that mechanistic
models invariably extrapolate better, but that translational
prediction changes the task: assumptions that are harmless
during interpolation can become dominant when human
physiology, dose, or chemical properties depart from the
training distribution.

Chemical-space locality creates a parallel problem. Local
and global machine-learning models for ADME properties
can behave differently across chemical neighborhoods,
demonstrating that performance depends on where a query
compound lies relative to the available data [21]. A
symbolic equation is not exempt from this dependence.

Closed form makes its asymptotic behavior visible, but
visibility does not make that behavior correct. An
algebraically smooth expression may become biologically
absurd when molecular descriptors, doses, covariates, or
physiological variables move beyond the region that
determined its coefficients.

We therefore propose that every symbolic PK relationship
be accompanied by an extrapolation profile defined before
interpretation. The profile specifies which shifts were
actually tested: chemical series, species, population, dose
or regimen, route or formulation, sampling pattern, and
relevant physiological state. Interpolation performance and
extrapolation performance should be reported separately.
Failure under one shift need not invalidate the equation for
another context, but it narrows its admissible claim.
Figure 1 synthesizes this argument by placing an explicit
candidate equation inside a distributed field of data-level,
constraint, and transfer challenges rather than treating
closed form as the endpoint of discovery.
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Figure 1. Closed-form pharmacokinetic discovery as a constraint-and-transfer problem

Comparison with black-box predictors

A meaningful comparison with black-box prediction must
avoid making interpretability the only criterion on which
symbolic regression can win. Direct comparisons among
scientific machine learning, population pharmacokinetics,
and classical machine-learning methods show that relative
performance can depend on the drug, data regime, and
modeling assumptions [22]. Symbolic regression should
therefore be benchmarked on the same inputs, targets,
splits, and missing-data rules as competing approaches. If
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a black-box model predicts materially better, that
difference remains scientifically relevant even when its
internal mapping is harder to inspect.

Recent comparative work on plasma concentration-time
prediction likewise reinforces that model ranking depends
on representation, endpoint, and validation design [23]. For
symbolic methods, conventional predictive metrics should
be complemented by equation-specific  criteria:
complexity, dimensional wvalidity, coefficient and
structural stability across resampling, and behavior under
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predefined shifts. These additions do not compensate for
poor prediction; they test a different proposition—whether
a model that is sufficiently predictive also offers a more
inspectable scientific representation.

Across data-driven PK studies, model rankings depend on
model class, endpoint, and validation regime rather than a
universal hierarchy [9, 22, 23]. The proposed framework
therefore treats black-box models as active comparators
rather than straw alternatives. They can reveal when an
explicit equation sacrifices excessive predictive

Table 3. Applicability-domain matrix for interpreting

information, identify nonlinearities that the symbolic
operator set cannot capture, and provide an upper or lower
benchmark for selected tasks. Conversely, symbolic
models provide direct access to algebraic form and limiting
behavior that black-box systems may not expose.

Table 3 converts this comparison into an applicability-
domain matrix: the relevant question is not which model
family is intrinsically superior, but which transfer claim is
supported after each model has been challenged on the
same domain boundary.

symbolic and non-symbolic pharmacokinetic predictions

What closed form makes

Transfer domain ‘What must be tested . What remains unproven
inspectable
. . Performance away from training Descriptor dependence and Biological transfer to unfamiliar
New chemical series . . .
chemistry asymptotic form chemistry
. Prediction under altered input Dose/time dependence and Linearity or unchanged kinetics
New dose or regimen — . .
pattern limiting behavior outside tested range
. Performance across covariate Explicit covariate functional Transportability across
New population L .
distributions form unrepresented physiology
New species or - Where species or Conservation of mechanism
. Cross-system prediction . .
physiology physiological terms enter across systems
New sampling Robustness to schedule, sparsity, Dependence on time and Immunity to measurement or
context or observation pattern observed variables reconstruction artifacts
Matched in-domain Equal-input comparison with Accuracy-complexity trade- Superiority beyond the
benchmark alternative models off benchmarked task

note: The matrix is a proposed interpretation aid derived from the preceding extrapolation and model-comparison arguments. “Inspectable” does not

mean validated, causal, or transferable.

The mechanistically constrained symbolic regression
framework

Hybrid  pharmacometric-machine-learning  guidance
emphasizes transparent separation between mechanistic
and learned components and fit-for-purpose validation
[24]. Building on that principle, the framework proposed
here treats symbolic regression as a bounded discovery
module rather than an autonomous replacement for
pharmacometrics. Its input is not simply a matrix of
predictors and outcomes; it is a registered modeling
context containing variable definitions, units, level of
analysis, sampling structure, intended prediction target,
and the transfer question the equation will eventually face.
A pre-search analysis plan should also define the
comparator models, validation split, permissible
transformations, and intended interpretation level. Fixing
these choices before examining preferred equations
reduces the risk that constraints, operator sets, or
complexity penalties are tuned retrospectively to make a
particular symbolic form appear scientifically compelling.
The second component is a constraint registry. Each
restriction imposed on the search—dimensional
homogeneity, positivity, allowable operators, fixed
structural identities, monotonicity, conservation, or
parameter bounds—is declared with its scientific rationale.

ISSN (Online) 2249-6084 (Print) 2250-1029

Integration of machine learning with PBPK and QSAR
provides precedent for modular modeling in which data-
driven and mechanistic components operate at explicit
interfaces [25]. The proposed symbolic module follows the
same principle: a known PK relationship can remain fixed
while an unresolved covariate, scaling, or input-output
function is searched symbolically. This makes the learned
component localizable and prevents a successful fit from
being mistaken for wholesale reconstruction of
physiology.

Candidate generation is followed by three gates. The
admissibility gate removes dimensionally invalid or
contextually impossible expressions. The comparative gate
evaluates predictive adequacy against conventional
pharmacometric, black-box, or hybrid alternatives. The
transfer gate challenges surviving candidates under
prespecified shifts. Continuous-time neural models are
relevant comparators because they can learn flexible
longitudinal PK/PD dynamics without yielding simple
symbolic expressions [26]. Their inclusion prevents the
evaluation from conflating continuous-time flexibility with
symbolic transparency.

Finally, interpretation is assigned only after validation. We
propose three labels: descriptive equation for a
reproducible empirical mapping within its data domain;
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structurally informed equation when justified priors
constrain its form; and mechanistic candidate when the
relation additionally survives targeted experiments or
independent mechanistic tests capable of falsifying it.
These labels are deliberately asymmetric: increased
readability can move an equation from opaque to
inspectable, but only independent evidence can strengthen
the mechanistic claim. The framework therefore uses
symbolic regression to generate scientifically examinable
hypotheses while preserving the option to reject them.

Validation, 1dentifiability, and failure modes

Predictive success is insufficient when coefficients or
functional forms are given pharmacological meaning.
Hybrid neural ordinary differential-equation studies
demonstrate that parameter identifiability and robustness
can remain separate problems even when observed
dynamics are fitted well [27]. Symbolic regression adds
structural identifiability questions: distinct expressions
may approximate the same observations, algebraically
equivalent forms may appear different, and correlated
predictors may exchange roles across resampled data. A
reported equation should therefore be accompanied by
evidence that its structure, not only its predictions, is
reasonably stable. Algebraically equivalent expressions
should also be canonicalized where possible before
stability is judged; otherwise superficial changes in
notation can be mistaken for structural disagreement, while
genuinely different equations with similar predictions can
be overlooked.

Population  implementation  introduces  additional
uncertainty. Low-dimensional neural ODEs can
incorporate inter-individual variability in established
pharmacometric software, while estimation stability and
variability modeling remain explicit considerations [28].
For symbolic PK relations, population validation should
similarly distinguish fixed functional structure from
subject-level variability and should test whether the
discovered form persists when influential individuals,
covariate ranges, or sampling patterns change.

Hybrid dynamical models require both predictive checks
and parameter/structural identifiability assessments [11,
27, 28]. We extend this principle into a proposed validation
hierarchy. First, simulation experiments with known
generating equations can test recovery failure and
operator-library bias. Second, repeated search across
resamples structural recurrence and
coefficient stability. Third, external data should challenge
the equation within its stated domain. Fourth, prespecified
extrapolation tests should probe the exact transfer claim.
Finally, any mechanistic interpretation should face
experiments or perturbations that distinguish the candidate
relation from plausible alternatives.

can quantify
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Failure is informative at each level. Persistent predictive
error rejects the candidate as a predictor; dimensional
inconsistency rejects it as scientifically admissible;
unstable weakens  interpretability;
identifiability prevents strong parameter meaning; and
extrapolation failure narrows the applicability domain.
None of these outcomes requires abandoning symbolic
regression. They define what the recovered equation is
allowed to claim.

structure non-

Limitations

Symbolic regression does not remove uncertainty by
converting predictions into equations. Uncertainty
estimates can themselves degrade under distribution shift,
so calibration within the training domain cannot be
assumed to remain valid during extrapolation [29].
Moreover, the selected operator library, complexity
penalty, priors, data preprocessing, and search algorithm
all shape which expressions can be discovered. A
reproducible equation may therefore reflect the modeling
language offered to the algorithm as much as an underlying
biological relationship.

Applicability-domain analysis is essential when molecular
or learned predictors are transported beyond supported
chemical space [30]. The same principle applies to dose,
population, species, formulation, and sampling domains,
although the appropriate domain representation will differ.
Observational PK data also contain collinearity, sparse
sampling, measurement error, treatment selection, and
latent physiological variation that can support several
competing equations. Sparse coverage may also make a
seemingly simple domain boundary unstable when the
observed covariate distribution is narrow.

Uncertainty, dataset shift, and applicability-domain
limitations jointly constrain transfer of learned PK
relationships [21, 29, 30]. Consequently, the proposed
framework cannot guarantee that symbolic models will
outperform  black-box  predictors, recover true
mechanisms, or extrapolate better than PBPK or
population models. Its contribution is a more explicit
procedure for exposing these failures. Prospective
evaluation on diverse PK tasks is required before any
framework-specific performance or decision advantage
can be established.

CONCLUSION

Closed-form pharmacokinetic equations are valuable only
when their interpretability survives scientific scrutiny.
Symbolic regression creates an opportunity to search
explicit functional relationships rather than accepting
either fixed equations or opaque predictors, but algebraic
readability alone does not confer mechanistic meaning or

wWww.eijppr.com

156



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | August 2026 | Volume 16 | Issue 4 | Page 150-158
Nguyen Thanh Huy, Discovering Closed-Form Pharmacokinetic Relationships with Symbolic Regression to Improve Interpretability, Mechanistic

Plausibility, and Extrapolation Beyond Black-Box Prediction

extrapolative validity. The framework proposed here
therefore couples symbolic discovery to data-level
declaration, dimensional constraints, explicit mechanistic
priors, multi-criterion model selection, matched
comparison with alternative predictors, prespecified
extrapolation challenges, and identifiability-aware
validation.

This architecture reframes symbolic regression as a
hypothesis-generation and model-discrimination tool
within pharmacometrics. A candidate expression may
remain useful as a descriptive relation even when it cannot
support a mechanistic interpretation; failure under a
particular transfer test may narrow its domain without
invalidating interpolation. mechanistic
language should be strengthened only when independent
evidence distinguishes the relation from alternative
explanations. The practical objective is not to replace
black-box, population, or physiologically based
pharmacokinetic models, but to add a disciplined route for

Conversely,

discovering equations that are inspectable enough to be
challenged. Prospective, cross-domain evaluation will be
needed to determine when that added transparency
translates into better scientific inference or more reliable
extrapolation.
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