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ABSTRACT
Formulation development still consumes scarce
drug substance, months of stability storage and a
great deal of expert intuition. Machine learning
(ML) offers a different economy, one in which
experiments are chosen for the information they
return rather than for their place in a factorial
grid. This review traces that shift across three
stages of maturity. The first is descriptor-based
prediction, where classical equations such as the
General Solubility Equation and ESOL gave way
to fingerprint, graph and physics-informed
models trained on curated sets such as AqSolDB.
The evidence examined here shows that aqueous
solubility models have reached a floor set largely
by the reproducibility of the measurements
themselves, which ranges from about 0.15 log
unit for standardised potentiometric methods to
roughly 1 log unit

across heterogeneous
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literature. The second stage is stability
prediction, covering amorphous solid
dispersions, glass-forming ability, co-crystal

formation, excipient compatibility and protein
formulation, where classifiers reach 80 to 97%
accuracy on in vitro endpoints but rarely report
applicability domains. The third stage closes the
loop: Bayesian optimisation and active learning
coupled to robotic platforms, which have located
high-solubility ~curcumin formulations after
testing about 3% of a 7,776-member design
space and produced in-specification tablets
within six hours of material characterisation.
Only in vitro and in silico evidence is
considered; studies relying on human or animal
data were excluded by design. The review closes
with a critical appraisal of data quality,
validation practice and regulatory credibility,
drawing a lesson from the correction of a
prominent autonomous-synthesis claim, and sets
out what is needed before autonomous
formulation laboratories can be trusted with

regulated products.

Keywords: machine learning; drug formulation;
solubility; drug stability; amorphous solid
dispersion; Bayesian optimisation; self-driving
laboratory; quality by design.
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1. Introduction

A new chemical entity reaches the formulation
scientist with three unwelcome properties more
often than not. It is poorly soluble, it is available
in gram quantities at best, and its long-term
stability is unknown. The classical response,
codified in the quality-by-design framework of
ICH Q8(R2), is to map a design space through
structured experimentation and to confirm
stability under the storage conditions of ICH
Q1A(R2) 2. The framework is sound. Its cost is
the problem. A factorial design over five
excipients at three levels already demands
hundreds of runs, and real-time stability data

arrive on a calendar measured in months.

Machine learning changes the arithmetic in two
distinct ways, and the distinction organises this
review. In the first, a model trained on historical
data predicts a property, such as solubility or
physical stability, before any material is spent. In
the second, a model decides which experiment to
run next, so that the data needed to answer a

question shrink as the model learns. The first is

Stage 1 Descriptor-based property prediction

prediction; the second is decision. Self-driving
laboratories (SDLs) are the point where decision-
making is handed to an algorithm that also
controls the robot **,

Figure 1 sets out the three stages around which this
review is organised and shows how they close into a
single loop.

Several reviews have mapped parts of this
territory, from computational pharmaceutics as a
discipline ° to ML-directed formulation ® and the
broader SDL literature in chemistry and
materials science . What is missing is an account
that follows a single thread from the molecular
descriptor to the autonomous experiment and
asks, at each step, how good the evidence
actually is. That is the purpose here. The
argument advanced is that the limiting factor in
ML-guided formulation has moved. It is no
longer the learning algorithm. It is the quality,
scope and reporting of the data on which the
algorithms are trained and against which they are
judged, and closed-loop experimentation matters
chiefly because it is the most efficient way yet

devised to generate such data.
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Figure 1. The three stages of machine learning guided formulation design form a single closed loop rather
than a linear pipeline. Stage 1 predicts molecular properties, such as aqueous solubility and melting point,
firom structure-derived descriptors, fingerprints or learned graph embeddings, and is judged against simple
Dphysical baselines. Stage 2 extends the same machinery to mixtures by concatenating descriptors of drug,
excipient and process, and returns ranked candidate formulations together with an applicability domain.
Stage 3 replaces prediction with sequential decision making: a surrogate model carrying its own uncertainty
proposes the next experiment through an acquisition function, a robotic platform prepares and characterises
it, and the measured result is returned to the surrogate and to the models of Stages 1 and 2. Arrows indicate
the direction of information flow. The diagram is original to this review and summarises the workflow
described in Sections 3 to 7.

2. Scope and approach

This is a narrative review. Peer-reviewed
literature, benchmark datasets and regulatory
documents published between 2001 and 2026
were identified through PubMed, Europe PMC,
publisher databases and snowballing from the
reference lists of key reviews, using
combinations of the terms machine learning,
solubility, stability, solid dispersion, formulation,
Bayesian  optimisation  and  self-driving
laboratory. Every reference was checked against

its publisher or registry record.

One boundary was applied throughout. Studies
whose findings rest on human or animal data,
including pharmacokinetic, bioavailability and in
vivo efficacy outcomes, were excluded. The
evidence considered is therefore computational,
physicochemical or in vitro. This choice is
deliberate rather than merely restrictive, since in
vitro endpoints such as equilibrium solubility,
amorphous stability and release rate are exactly
that

the quantities ML-guided formulation

optimises in the laboratory.

No meta-analysis was attempted. The included

studies report different endpoints (log S,

classification accuracy, mean absolute error on

release fraction, number of experiments to an
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optimum) on datasets that are neither
independent nor comparable in their splitting
protocols. A pooled estimate across them would
answer no sensible question, and the synthesis is
therefore narrative, supported by two structured

tables.

3. Representing a molecule and a
formulation

Every predictive model begins with a decision
about what the computer is allowed to see. The
earliest solubility models saw very little, and did
remarkably well. The General Solubility
Equation (GSE) of Jain and Yalkowsky estimates
the aqueous solubility of a nonelectrolyte from
only its melting point and octanol-water partition
coefficient, and it was validated across 580
pharmaceutical,

organic ~ compounds  of

environmental and industrial relevance

Delaney's ESOL removed the need for a
measured melting point by regressing 2,874
solubility values on nine calculated properties, of
which

proportion and rotatable bond count carried the

log P, molecular weight, aromatic
weight °. Both are interpretable, and both remain
baselines against which more elaborate models

ought to be compared, and often are not.
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Three families of representation followed. Hand-
crafted descriptors extend the ESOL idea to
thousands of computed properties. Circular
fingerprints such as the extended-connectivity
fingerprint encode substructures around each
atom without a predefined dictionary '°. Learned
most

representations, prominently  directed

message-passing neural networks, build a
molecular vector from the graph itself; on 19
public and 16 proprietary datasets such models
matched or outperformed fixed descriptors '!.
The MoleculeNet benchmark offered a useful
caution against treating architecture as destiny,
reporting that for physical and biophysical
endpoints the choice of featurisation can matter

more than the choice of learning algorithm 2.

A formulation is harder to represent than a
molecule. It is a mixture, often of a drug with a
polymer, surfactant or co-former, defined also by
composition

and process history. Most

formulation models therefore concatenate
descriptors of each component with weight
fractions and process variables, an approach used

for solid dispersions '

and for printed dosage
forms ', It works, but it discards the physics of
interaction between components, which is why
formulation datasets must be far larger than
datasets to

single-molecule generalise

comparably.

4. Solubility: a prediction problem
approaching its ceiling
Solubility is the most intensively modelled

property in pharmaceutics and also the most
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instructive, because its history shows a field

discovering the limits of its own data.

4.1 From curated sets to challenges

The available training data have grown and,
more importantly, have been curated. AqSolDB
merged nine public sources into 9,982 unique
compounds with standardised units and a
reliability grade '°. The OPERA suite, built on
curated PHYSPROP data under OECD
validation principles, delivered physicochemical
models with test-set R? between 0.71 and 0.96
1617 For organic solvents, which matter for
crystallisation and for lipid-based and spray-
dried formulations, SolProp assembled more than
5,000

predictions at temperatures up to 550 K and

experimental values and supported

beyond %,

Against this improving supply of data, the
community organised two blind challenges. The
first asked participants to predict 32 molecules
from a training set of 100 intrinsic solubilities
measured potentiometrically at 25 °C and 0.15 M
ionic strength, with measurements rejected above

% The second,

a 4% coefficient of variation
more revealing, split its test compounds into a
tight set and a contentious set according to how
well independent laboratories agreed:
reproducibility averaged about 0.17 log unit for
the tight set and about 0.62 log unit for the
contentious one *°. The second challenge thus
measured two things at once, the predictions and

the yardstick.
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4.2 The reproducibility ceiling

The uncomfortable finding of the last decade is
that solubility models now compete with the
noise in their own reference values. Palmer and
Mitchell put the question directly and answered
it against the prevailing assumption: literature
solubility data carry roughly 0.6 to 0.7 log unit of
uncertainty against less than 0.05 for carefully
standardised potentiometric measurements, yet
models trained on the cleaner data were not
correspondingly more accurate, which points to
the modelling approach rather than data noise as

21

the binding constraint Interlaboratory

@

CheqSol, between-lab SD [22]
Tight set, between-lab [20]
Shake-flask, between-lab SD [22]
CheqSol vs shake-flask RMSE [22]
Contentious set, between-lab [20]
Literature data uncertainty [21]

Upper interlab spread [23]

0.5 1.0 15 2.0
Reproducibility (log units)

0.0

comparison sharpens the picture from the
measurement side: average between-laboratory
of 0.15

potentiometric and 0.24 log unit for shake-flask

standard deviations log unit for
determinations, with the two methods agreeing at
an RMSE of 0.34 log unit *. A more recent
analysis of aggregated public data found
interlaboratory spread reaching 1.0 log unit for
some compounds and argued that this sets a
lower bound on achievable prediction accuracy;
external validation of models trained on such
data gave RMSEs between 1.74 and 2.17 log
units .
(b)

Upper interlab spread

1
|
Multi-solvent model, data-noise level [24] |
1
1
1

SolTranNet, scaffold CV on AqSolDB [25]
SolTranNet, withheld test set [25]
External validation, lower [23]

External validation, upper [23]

0.5 1.0 15 2.0
Reported RMSE (log units)

0.0

Figure 2. Reported errors of aqueous solubility models are large relative to, and bounded below by, the
reproducibility of the reference measurements themselves. (a) Reproducibility of experimental solubility
determinations, expressed in log units: between-laboratory standard deviations for potentiometric (CheqSol)
and shake-flask methods and the root mean square error between the two methods %>, between-laboratory
agreement for the tight and contentious compound sets of the second solubility challenge *°, the uncertainty
attributed to heterogeneous literature data *!, and the upper interlaboratory spread reported for aggregated
public data 3. (b) Reported model errors on the same axis: the data-noise level approached by a
physicochemically informed multi-solvent model **, scaffold-split cross-validation and withheld-test errors for
a transformer model %, and the range of external validation errors reported for models trained on aggregated
public data . The dashed line marks the upper interlaboratory spread from panel (a). All values are as
reported in the cited sources; no error bars are shown because these are single reported summary statistics
rather than distributions measured here.

4.3 What a defensible solubility model reports

Three reporting practices separate models that

transfer from models that do not, and none of
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redundant dataset measure memorisation. An
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applicability domain must be declared, so that a
prediction for a molecule outside the training
chemistry is flagged rather than silently returned;
this has been a formal expectation of validated
structure-property models since the OECD
principles were issued '’. And the comparison
baseline must include a simple model. Where a
gradient-boosted ensemble on two thousand
descriptors cannot beat the General Solubility

Equation on the same split, that fact is a result

and belongs in the paper.

Interpretability deserves more scepticism than it
receives. Shapley additive explanations give a
uniquely determined attribution of a prediction
across input features 2’ and are now routine for
solubility and stability models. What they
explain is the model, not the physical system. A
high attribution to topological polar surface area
states what the learned function uses; it becomes
a mechanistic claim only when independent

evidence supports it.

5. Stability: the harder and more
valuable problem

Solubility can be measured in a day. Stability
cannot, and that asymmetry makes it the more
valuable target for prediction: a model that
correctly unstable

rejects an amorphous

dispersion saves six months, not six hours.

5.1 Physical stability of amorphous systems

Amorphous solid dispersions raise apparent
solubility at the cost of thermodynamic stability,
so their design is a problem of predicting
recrystallisation. Two lines of work converged

on this. The experimental line classified 51
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organic molecules by their behaviour on melt-
quenching into three crystallisation classes and
linked poor glass-forming ability to low
molecular weight and structural rigidity **. The
computational line took the descriptor route:
support vector machine models trained on 131
melt-quenched drugs recovered the classification
with 86% accuracy on the crystallisation dataset
and confirmed a molecular weight threshold near

300 for reliable glass formation %,

Formulated dispersions add the polymer. A

random forest trained on 646 stability
observations described by more than twenty
82.5%

checked

molecular descriptors reached

classification accuracy and was

experimentally against 17B-estradiol dispersions

13

in polyvinylpyrrolidone The same group
extended the approach into a publicly usable
platform predicting physical stability, dissolution
type and dissolution rate and screening drug-
polymer pairs in silico *°. More recent work
combining high-throughput screening with
machine learning across 1,272 binary and ternary
systems, of which 188 were amorphous, reported
96.7% classification accuracy for whether an

1 3'. That

amorphous dispersion forms at al
headline figure needs its class imbalance read
alongside it, since the crystalline class dominates
by roughly six to one, which is precisely why the
accompanying precision of about 88% and F1 of

84% are the more informative numbers.

5.2 Crystallisation and co-crystals

Whether a molecule will crystallise well is a
question of manufacturability, and it has been
modelled directly from structure with classifiers
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that separate good crystal formers from poor
ones and predict how a synthetic modification
shifts that behaviour **. Co-crystal formation, a
standard route to improved dissolution, has been
predicted by neural networks trained on the co-
crystal content of the Cambridge Structural
Database, achieving roughly 80% accuracy for
untested co-former pairs **. Both models share a
structural weakness worth naming: they are
trained on the crystallographic record, which
records successes far more completely than
failures. A model trained on what has been
deposited learns what crystallographers chose to

deposit.

5.3 Chemical stability and excipient
compatibility

Chemical degradation has been addressed for
two decades by isoconversion methods rather
than by learning. The accelerated stability
assessment programme, built on a humidity-
corrected Arrhenius relationship, estimates shelf
life from protocols lasting about two weeks **.
These remain the practical standard, and any ML

approach to chemical stability must be judged

against them rather than against no method at all.

Excipient compatibility is where learning has
recently added something. A stacked model
combining mol2vec embeddings with two-
dimensional descriptors reported accuracy of
0.98, an area under the curve of 0.93 and a
Matthews correlation coefficient of 0.86, and in
experimental checking identified 10 of 12 known
incompatibilities against 3 of 12 for an earlier

rule-based tool **. The Matthews coefficient is

the number to trust here, since accuracy on an
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imbalanced compatibility dataset is close to

uninformative.

5.4 Biologics formulation
Protein formulation is a search over buffer, pH,
ionic strength and excipients for a composition
that keeps the molecule monomeric for two
years. Neural networks trained on accelerated-
stress and  high-throughput  biophysical
measurements have been used to predict real-
time monomer retention, validated by leaving
each protein out of training in turn, which is the
appropriate test when the question is whether the
model transfers to a new molecule *’. The
decision-making variant is more

identified the

striking.
Bayesian optimisation most
thermally stable formulation for three tandem
single-chain variable fragment variants in 25
experiments, under a third of the runs a classical
design of experiments approach required *. That
result belongs as much to section 7 as to this one,
and it is the clearest single demonstration in the
formulation literature that choosing experiments

beats predicting outcomes when material is

scarce 39.

5.5 Process and printability

Manufacturability has been modelled in the same
descriptor-based idiom. Models trained on 614
drug-loaded formulations built from 145

excipients predicted three-dimensional
printability with 76% accuracy, and extrusion
and printing temperatures to within 8.9 °C and
8.3 °C ', A larger study across 968 formulations
drawn from 114 publications reached up to 93%

accuracy for filament extrusion and predicted
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drug release time to within about 24 minutes *. 43 drug-polymer pairs achieved a test mean
Release-rate  prediction has also been  absolute error of 0.114 in released fraction and
demonstrated for long-acting injectables: a  guided the design of two new poly(lactic-co-
gradient-boosted model trained on 181 release  glycolic acid) formulations, evaluated in vitro *'.
profiles comprising 3,783 measurements across

Table 1. Representative approaches to aqueous and organic-solvent solubility prediction, with the datasets
and reported performance on which each rests. All entries are computational or in vitro; none involves
human or animal data. GSE, General Solubility Equation; SD, standard deviation; CV, cross-validation;
MAE, mean absolute error.

Approach Data Validation Reported performance Ref.
reported
GSE, two physical inputs 580 nonelectrolytes External set Interpretable physical baseline | ®
ESOL, 9 calculated properties 2,874 measured values | Held-out test Comparable to GSE without K
melting point
Curated reference database 9,982 unique Reliability Standardised benchmark 15
compounds grading resource
OECD-compliant descriptor models | Curated PHYSPROP | 5-fold CV and Test R20.71 to 0.96 (mean 16
external 0.82)
Quality-weighted descriptor AqSolDB subsets Leave-one-out MAE 0.348, RMSE 0.483,R> | %6
selection 0.94
Physicochemically informed ML, Mixed aqueous and Held-out test Approaches data-noise level 2
multi-solvent organic (~0.7 log)
Transformer, aqueous AqSolDB Scaffold-split CV | RMSE 1.459 CV, 1.711 25
withheld
Solvent and temperature-dependent | >5,000 values External Valid to 550 K and above 18
model (SolProp)
Aggregated-data reassessment Public aqueous data External RMSE 1.74 to 2.17 log units z
validation

Table 2. Machine learning applied to stability, compatibility and manufacturability endpoints. Every study
listed is in vitro or in silico. ASD, amorphous solid dispersion; MCC, Matthews correlation coefficient; RF,
random forest; SVM, support vector machine; BO, Bayesian optimisation.

Endpoint Data Model Reported performance Ref.
Crystallisation tendency | 51 molecules Experimental Three-class scheme, rigidity and low 8
from the melt classification mass predict poor glass formation
Glass-forming ability 131 drugs SVM on 86% of crystallisation dataset predicted | %
descriptors
ASD physical stability 646 observations RF among 8 82.5% accuracy, confirmed 13
algorithms experimentally
ASD formation, binary 1,272 systems (188 RF 96.7% accuracy, precision ~88%, F1 3
and ternary amorphous) 84%
Co-crystal formation Cambridge Structural Neural network ~80% accuracy on untested pairs 33
Database
Drug-excipient Curated compatibility | Stacked mol2vec Accuracy 0.98, AUC 0.93, MCC 0.86 36
compatibility set model
Protein monomer Accelerated-stress Neural network Leave-one-protein-out validation 37
retention biophysical data
Protein formulation 3 scFv variants BO Optimum in 25 experiments, under one 38
optimisation third of design-of-experiments
3D printability 614 formulations, 145 Ensemble 76% accuracy; temperatures within 8.9 14
excipients °Cand 8.3 °C
3D printing performance | 968 formulations Neural network Up to 93% accuracy; release time +24 40
min
Long-acting injectable 181 profiles, 3,783 Gradient boosting Test MAE 0.114 released fraction 4
release measurements
VOLUME 1, ISSUE 5, SEPTEMBER 39 PUBLISHED BY WISELEAF
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6. From predicting a property to
choosing an experiment

Everything above is prediction. A model is fitted
to data that already exist and is asked what it
thinks about a molecule it has not seen.
Formulation development, however, is not a
prediction task. It is a sequential decision task

under a budget of material, time and instrument

hours, and the appropriate machinery is different.

Bayesian optimisation is that machinery. A
surrogate model, most often a Gaussian process,
carries not only an estimate of the objective
across the design space but an estimate of its
own uncertainty; an acquisition function converts
the two into a single proposal for the next
experiment, balancing exploitation of promising
regions against exploration of ignorant ones **.
Chemistry has produced variants suited to its
own awkwardness: optimisers that handle
categorical variables such as solvent identity
alongside continuous ones **, and formulations of
the problem that respect the constraints a
laboratory actually imposes, such as excipients
that cannot be combined or compositions that

must sum to unity *.

The benchmark that most changed opinion was a
synthetic one. In a controlled comparison run as
a game against expert chemists, Bayesian
optimisation of a palladium-catalysed direct
arylation reached better yields in fewer
experiments and did so more consistently than
human decision-making, before being applied to
further reaction classes *°. The result transfers to
formulation with one adjustment: a formulation
objective is usually multiple, since solubility,
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stability and manufacturability must be satisfied
together, so multi-objective acquisition functions
that return a Pareto set rather than a single

optimum are the appropriate tool *°.

Active learning is the same idea with a different
objective. Rather than optimising a property, the
algorithm requests the experiments that would
most reduce model uncertainty, which is the
correct strategy when the goal is a model that
transfers rather than a single good formulation.
Applied on a robotic platform to polymer-protein
hybrids, active learning identified copolymers
that preserved or improved the activity of three
chemically distinct enzymes under thermal stress
*7. The materials community formalised the
closed-loop version of this at instrument scale,
with on-the-fly Bayesian active learning driving
a synchrotron beamline through cycles lasting

seconds to minutes *®.

7. Self-driving formulation
laboratories

An SDL is the point at which the decision
algorithm is wired to the hardware that executes
it, so that design, execution, analysis and

redesign proceed without a human in the loop *’.

7.1 What the demonstrations established

The canonical demonstration is a mobile robot
that worked autonomously for eight days,
a ten-

performing 688 experiments across

dimensional space under batched Bayesian
search and identifying photocatalyst mixtures
about six times more active than the starting
compositions *. A modular thin-film platform
optimised hole mobility by varying composition
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and processing together, establishing that process
parameters belong inside the search space rather

than outside it >

. A community perspective
drawn from academia, industry and national
laboratories set out what such systems require in

infrastructure, algorithms and skills °'.

Large language models have since been used as
the planning layer, with one agent handling six
task including the

types optimisation of

palladium-catalysed cross-couplings **

and a
related system linking a language model to
eighteen expert chemistry tools **. These are best
understood as an interface improvement of real
consequence, lowering the barrier between a
scientific question and a machine-executable
protocol, rather than as a new source of chemical

knowledge.

7.2 Closing the loop on formulation

Formulation-specific autonomy is younger and,

for this review, more important. Three
demonstrations mark the current state.
A semi-autonomous robotic formulator

combining liquid handling with Bayesian
optimisation searched a 7,776-member excipient
design space by testing 256 combinations, about
3% of the space, and found seven curcumin
formulations exceeding 10 mg/mL within days,
an efficiency gain reported as roughly tenfold

54

over exhaustive screening An automated

crystallisation  platform applied Bayesian
optimisation to the cooling crystallisation of
lamivudine, varying cooling rate, seed mass and
supersaturation, and improved its objective by

about 10% after a single iteration, which is
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notable less for the magnitude than for the
demonstration that scale-up-relevant process
variables can sit inside the loop . Most
consequential for solid dosage forms, a digital
formulator coupled to a self-driving tableting line
reduced the path from material characterisation
to in-specification tablets to six hours while
consuming about 65% less drug substance than

conventional development *°.

The drug-substance saving is the figure that
matters. Material scarcity, not instrument time, is
the binding constraint in early formulation, and it
is the constraint that closed-loop experimentation

relieves most directly.

7.3 The cautionary case

Enthusiasm for autonomy should be tempered by
the most instructive episode in the field. An
autonomous inorganic synthesis laboratory
reported producing a large number of predicted
target compounds during 17 days of continuous
operation *’. Independent reanalysis argued that
roughly two thirds of the claimed successes were
better explained as known, compositionally
disordered variants of the predicted ordered
phases, attributing the error to automated
Rietveld refinement applied without human
judgement and to predictions that ignored

disorder °*. The paper was subsequently
corrected, with its title amended, five compounds
withdrawn from the count and the meaning of

novelty clarified *.

The lesson is not that autonomy failed. It is that
autonomy removes the human from the analysis

step as well as the decision step, and that
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automated characterisation is the weakest link in
the chain. In formulation the analogous risks are
concrete:  automated  dissolution  profiles
misassigned through a baseline artefact, a
powder diffraction pattern of an amorphous
dispersion read as a halo when a weak Bragg
reflection is present, or a turbidity reading taken
as solubility. Any formulation SDL intended for
regulated work needs orthogonal confirmation of
its own analytics, and a defined point at which a

human examines the raw signal.

8. Critical appraisal

Five weaknesses run across the literature

reviewed here, and they are more alike than the

diversity of endpoints suggests.

Data quality bounds everything. In solubility
this is now quantified, with interlaboratory
spread of 0.15 to 1.0 log unit depending on
method and compound setting a floor beneath

which reported accuracy should be disbelieved

22 In stability the equivalent figure is

unknown, because no comparable interlaboratory

study of amorphous dispersion stability

classification exists. That absence is itself a

finding: stability models are being compared to

each other without anyone knowing the

reproducibility of the labels.

Negative results are missing. Formulation
datasets are assembled from publications, and
publications report formulations that worked.

Co-crystal models trained on deposited

structures, printability models trained on

published prints and stability models trained on

reported dispersions all inherit this asymmetry.
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Closed-loop platforms are valuable here for a
reason rarely stated: they generate failures at the
same fidelity as successes, and those failures are

what supervised models lack.

Validation practice is uneven. Scaffold or

cluster splitting, leave-one-molecule-out
protocols and declared applicability domains
appear in some of the strongest work reviewed

3725 and are absent elsewhere. Where a

here
model reports only a random-split metric on a
redundant dataset, its headline number is not

comparable with anything.

Class imbalance is under-reported. Several
stability classifiers report accuracies above 90%
on datasets where one class predominates heavily
3!, Matthews correlation, balanced accuracy or
the full confusion matrix should be mandatory
for these endpoints,

and precision on the

minority class is wusually the quantity a

formulator cares about.

Interpretability is often overstated. Attribution
methods explain a fitted function ?’. Treating a
high-attribution descriptor as a mechanism,
absent independent physical evidence, converts a

modelling artefact into a scientific claim.

9. Regulatory and data-infrastructure
outlook

Regulators have begun to set out how models
used in drug development will be judged. A 2025
FDA draft guidance sets out a risk-based
credibility assessment framework for artificial
intelligence supporting regulatory decisions on
and biological products,

drugs scaling the

evidence required to the consequence of the
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model being wrong *°. The European Medicines
Agency's reflection paper, adopted in September
2024, takes a lifecycle view and stresses
documentation, data governance and human
oversight . Neither is an obstacle to the work
reviewed here. Both imply, however, that a
model supporting a formulation decision must
arrive with its training data, validation protocol,
failure  modes

applicability domain and

documented, a higher standard than most

published formulation models meet.

Stability testing itself is under revision, with the
consolidated ICH Q1 draft guideline endorsed at
Step 2 in April 2025, merging the Q1A to QIF
series with Q5C °'. How far modelled stability
evidence can substitute for storage data remains
the open question, and it is the question the field

should be organising its evidence to answer.

Underneath all of this sits data infrastructure.
The FAIR principles were written for exactly this
situation, in which machines rather than people
are the primary consumers of data . A
formulation dataset that is findable, accessible,
interoperable and reusable, and that records
failures and measurement uncertainty alongside

successes, is worth more to the field than another

architecture benchmarked on AqSolDB.

10. Future directions

Four specific things would move this field

further than another round of model comparison.

First, an interlaboratory reproducibility study for

a stability endpoint, on the model of the

20

solubility challenges Ten laboratories, a

shared set of drug-polymer dispersions, a
VOLUME 1, ISSUE 5, SEPTEMBER
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common storage protocol and a common
analytical decision rule would establish the label
noise that every published stability classifier is

implicitly claiming to beat.

Second, a public formulation dataset that
includes failures, with composition, process
parameters, raw analytical signals and
uncertainty, deposited under FAIR terms. The
closed-loop platforms now operating are its

natural producers >**°.

Third, reporting standards for formulation
machine learning: mandatory scaffold or cluster
splits, declared applicability domains, minority-
class metrics, comparison against a simple
physical baseline such as the General Solubility
Equation or an isoconversion stability estimate,
and release of code and data. None of this

requires new methodology.

Fourth, closed-loop platforms that optimise

across objectives and scales at once. Present

54
, a

demonstrations  address  solubility
crystallisation process > or tablet specification *°
largely in isolation, whereas the formulation
problem is the joint one, and the constrained

multi-objective machinery for it already exists

44,46

11. Conclusion

Descriptor-based prediction brought formulation
science a genuine capability and then ran into a
wall built from its own reference data. Aqueous
solubility models are now accurate to roughly the
reproducibility of the measurements that define
the problem, and further gains will come from
better data rather than better architectures.
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Stability prediction has more room, and
correspondingly more value, but it lacks the
interlaboratory  calibration that made the
solubility ceiling visible. The most consequential
development is not a better predictor at all. It is
the reframing of formulation as a sequential
decision problem, in which algorithms choose
experiments and robots run them, and in which
the scarce resource being conserved is drug
substance. That reframing has already produced
in-specification tablets in hours and high-
solubility formulations from a small fraction of a

design space.

The technology is ahead of the evidence
standards that would let it be trusted. Closing
that gap is a matter of reporting discipline,
shared data including failures, and orthogonal
verification of automated analysis, none of which

requires an advance in machine learning.
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