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Abstract 

Background: Poor aqueous solubility remains a major constraint in drug development because it can 

limit dissolution, oral absorption, dose feasibility and formulation robustness. Artificial intelligence 

(AI) and machine learning (ML) are increasingly used to predict solubility-related properties and guide 
enabling-formulation design. Objective: This review critically evaluates AI/ML approaches for drug-

solubility enhancement, with particular emphasis on the relationship between predicted endpoints and 

experimentally meaningful pharmaceutical outcomes. Methods: Peer-reviewed literature published 

from January 2010 to 16 July 2026 was identified through structured searches of PubMed/MEDLINE 
and major scholarly publisher databases, supplemented by backward and forward citation tracking. 

Evidence concerning aqueous-solubility prediction, amorphous solid dispersions, cocrystals and salts, 

nanocrystals and nanoparticulate systems, cyclodextrin complexes, solvent and excipient selection, 

generative design, high-throughput screening and automated experimentation was synthesised 
critically. Key findings: Evidence is strongest for molecular-solubility prediction, amorphous solid-

dispersion development, cocrystal screening and nanoformulation optimization. AI/ML can narrow 

experimental search spaces, integrate molecular, material and process variables, and support adaptive 

experiment selection. However, most studies remain retrospective and optimise surrogate endpoints 
such as logS, miscibility, cocrystal formation, particle size or complexation affinity rather than 

prospectively verified biorelevant dissolution or systemic exposure. Heterogeneous datasets, 

inconsistent endpoint definitions, information leakage, limited external validation, uncertain 

applicability domains, incomplete uncertainty reporting and restricted interpretability constrain 
translation. Conclusion: AI is most defensible as an uncertainty-aware decision-support layer 

integrated with mechanistic modelling, Quality by Design and prospective experimentation. 

Regulatory credibility will require predefined contexts of use, transparent data provenance, 

independent validation, human oversight and controlled lifecycle governance.  
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1. Introduction 

Aqueous solubility is a fundamental 

determinant of whether a pharmacologically 

active molecule can be converted into a practical 

drug product. Approximately 40% of approved 

drugs and a substantially larger proportion of 
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development candidates have been estimated to 

exhibit poor aqueous solubility, although 

prevalence varies with dataset composition and 

the definition applied.1 Insufficient solubility 

may restrict the concentration available for 

absorption, delay dissolution, increase dose 

variability and complicate preclinical, clinical 

and manufacturing development. Solubility is 

not an invariant molecular property: reported 

values depend on pH, ionic strength, 

temperature, ionization state, solid form, 

equilibration time and analytical procedure. 

The Biopharmaceutics Classification System 

links solubility and intestinal permeability to 

oral absorption.2 Class II compounds have low 

solubility and high permeability, whereas class 

IV compounds are limited by both properties. 

The Developability Classification System 

extends this framework by incorporating dose, 

intestinal conditions, dissolution-rate limitation 

and the approximate particle size required to 

overcome dissolution-controlled absorption.3 

These classifications emphasis that a 

formulation should not be judged from solubility 

alone. Solubilizing excipients can increase total 

drug concentration without a proportional 

increase in the freely dissolved fraction, and the 

resulting change in permeability may be 

favorable, neutral or adverse.4 

Established enabling approaches include salt 

formation, crystallization, amorphous solid 

dispersions (ASDs), particle-size reduction, 

nanocrystals, cyclodextrin inclusion, surfactant 

and cosolvent systems, lipid-based formulations 

and inorganic carriers.1 Their selection is not 

interchangeable because each modifies a 

different combination of lattice energy, surface 

area, wetting, molecular association, 

supersaturation and precipitation. Conventional 

development combines expert judgement, 

preformulation studies, screening and design of 

experiments (DoE), but the number of possible 

drugs, excipients, ratios, processes and storage 

conditions can create a high-dimensional 

optimization problem. 

AI and ML provide tools for classification, 

regression, ranking, generation and adaptive 

experiment selection. In pharmaceutical 

development they have been proposed for 

candidate prioritization, excipient selection, 

critical-quality-attribute prediction and 

formulation-process optimization.5,6 Their value, 

however, depends on whether the modelled 

endpoint represents the intended pharmaceutical 
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decision. This review evaluates AI/ML 

approaches across major solubility-enhancement 

technologies and examines data provenance, 

validation, interpretability, applicability 

domains, experimental confirmation and 

translational readiness. 

2. Review scope and literature 

identification 

This article was developed as a critical 

narrative review informed by a structured 

literature search. Peer-reviewed publications 

dated from 1 January 2010 to 16 July 2026 were 

identified through PubMed/MEDLINE and 

searches of ScienceDirect, ACS Publications, 

SpringerLink, Royal Society of Chemistry, 

Wiley and other publisher platforms. Backward 

and forward citation tracking was used to 

identify additional primary studies. Search 

concepts combined artificial intelligence, 

machine learning, deep learning, neural 

networks, random forests, support-vector 

machines, gradient boosting, graph neural 

networks, transformers, QSPR/QSAR and 

generative models with aqueous solubility, 

dissolution, supersaturation, amorphous solid 

dispersion, drug-polymer miscibility, cocrystal, 

salt screening, nanocrystal, nanoparticle, 

cyclodextrin, excipient compatibility, 

formulation optimization, active learning, 

robotics and digital twins. 

Eligible studies developed, validated or 

applied an identifiable data-driven method to a 

small-molecule drug, excipient or 

pharmaceutical formulation and assessed an 

endpoint directly relevant to solubility 

enhancement or formulation selection. Primary 

evidence included intrinsic, apparent or kinetic 

solubility; dissolution and supersaturation; ASD 

formation or stability; cocrystal or salt 

formation; cyclodextrin complexation; 

nanoformulation attributes; excipient selection 

and compatibility; and formulation or process 

optimization. General ADMET studies without 

independent analysis of solubility, non-

pharmaceutical materials studies, conference 

abstracts, patents, non-peer-reviewed preprints 

and purely conventional DoE studies without a 

learning component were excluded from the 

primary synthesis. Reviews were used for 

context and citation discovery but were not 

treated as independent confirmation of model 

performance. 

The literature is heterogeneous in endpoint 

definitions, datasets, algorithms and validation 
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practices; therefore, quantitative pooling was not 

appropriate. Evidence was synthesized by 

formulation technique, with particular attention 

to independent chemical systems, external or 

prospective validation, experimental 

confirmation, applicability-domain assessment 

and the difference between authors’ conclusions 

and the present critical synthesis. 

3. Conceptual basis of AI-assisted 

solubility enhancement 

Thermodynamic solubility describes the 

equilibrium concentration in contact with a 

defined solid phase. Intrinsic solubility concerns 

the neutral species of an ionisable compound, 

whereas apparent or total solubility may include 

ionised, complexed or colloid-associated drug. 

Kinetic solubility is commonly measured over a 

restricted period after dilution of a concentrated 

stock and may reflect transient supersaturation. 

Dissolution is a rate process influenced by 

solubility, surface area, hydrodynamics, wetting 

and solid-state properties. These endpoints are 

related but not interchangeable; heterogeneous 

labels impose an upper limit on model 

reliability.7–10 

Input representations range from calculated 

physicochemical descriptors and molecular 

fingerprints to simplified molecular-input line-

entry system strings, molecular graphs, three-

dimensional coordinates, formulation variables, 

spectra, images and process time series. 

Descriptor-based models are often interpretable 

and data-efficient. Deep models can learn task-

specific representations directly from strings or 

graphs, but greater architectural complexity does 

not ensure better prediction. Recursive graph 

models, molecular transformers and graph-

attention networks have all been applied to 

solubility prediction.11,12 Direct comparisons 

have shown that descriptor-based neural 

networks or tree ensembles can equal or 

outperform graph and three-dimensional 

architectures in some datasets.13–16 

Validation must reproduce the intended 

context of use. Random splitting can produce 

optimistic estimates when duplicate 

measurements, close analogues or records from 

the same formulation appear in both training and 

test sets. Drug-wise, scaffold-wise, pair-wise, 

temporal and institution-wise separation provide 

more demanding evidence. Performance metrics 

should be accompanied by uncertainty, 

calibration and applicability-domain assessment. 

Feature attribution can explain model behaviour, 
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but it does not establish causality. The 

scientifically appropriate workflow is therefore 

to define an experimentally meaningful 

endpoint, compare simple and complex 

baselines, quantify uncertainty, assess domain 

membership and prospectively test model-

selected candidates. 

4. AI and ML applications across 

solubility-enhancement techniques 

4.1. Molecular aqueous-solubility 

prediction 

Aqueous-solubility prediction is the most 

mature application. AqSolDB consolidated 

9,982 unique compounds from nine public 

sources and enabled broad benchmarking, but it 

also exposed conflicting values and incomplete 

experimental metadata.7 Quality-oriented 

curation and consensus modelling subsequently 

demonstrated that a smaller, better-qualified 

dataset may outperform indiscriminate 

aggregation of heterogeneous records.8 Curated 

thermodynamic and kinetic datasets with quality 

weighting improved the performance of 

Chemprop and AttentiveFP models and achieved 

strong rank correlations in selected 

pharmaceutical series, although performance 

remained series-dependent.10 

Representation learning has expanded from 

recursive graph networks to attention-based 

transformers and graph neural networks.11,12 

Comparative studies indicate that molecular 

descriptors and fingerprints remain competitive, 

particularly when data are noisy or limited.13–16 

The principal unresolved problem is prospective 

reliability: published models can perform 

substantially worse on newly curated external 

compounds than on familiar benchmark 

datasets.9 Molecular logS prediction should 

therefore be regarded as an upstream risk-

assessment layer. Selection among salts, 

cocrystals, ASDs, nanocrystals, cyclodextrins 

and lipid systems requires additional information 

on pKa, dose, melting point, polymorphism, 

permeability, precipitation, compatibility and 

manufacturability. 

Structure-only prediction has a defined 

ceiling in formulation development. Molecular 

graphs, fingerprints or descriptors can encode 

ionisable groups and lipophilicity, but they do 

not identify the experimental pH, polymorphic 

state, crystal habit or residual solvent unless 

those variables are supplied explicitly. 

Consequently, models trained on unqualified 

logS values may return apparently precise 
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predictions for physically different endpoints. 

For candidate prioritisation, the preferred output 

is a range or calibrated probability accompanied 

by domain membership and a statement of the 

measurement definition. Prospective value 

should be tested using compounds and assay 

conditions concealed before model locking, 

rather than by repeated optimization against 

established public benchmarks.8–10 

4.2. Amorphous solid dispersions and drug-

polymer systems 

ASDs enhance dissolution by maintaining a 

drug in a high-energy non-crystalline state 

within a carrier that may improve wetting and 

inhibit nucleation or crystal growth. ML studies 

have addressed physical stability, 

manufacturability, dissolution and 

pharmacokinetic translation. Han et al. modelled 

three- and six-month stability using 646 

literature-derived formulations involving 50 

drugs and 25 polymers; random-forest and deep-

neural-network models achieved approximately 

82.5% test accuracy under the study’s joint 

stability criterion.17 PharmSD extended the 

programme into a web platform that predicts 

stability and dissolution-related attributes, 

although the underlying evidence overlaps with 

the earlier dataset.18 

Hybrid frameworks have linked ML with 

molecular dynamics and physiologically based 

pharmacokinetic (PBPK) modelling. Gao et al. 

used 674 dissolution profiles to classify 

supersaturation behaviour and estimate time-

dependent dissolution, then applied molecular 

simulation and PBPK modelling to selected 

systems.19 Jiang et al. incorporated molecular 

fingerprints, drug loading, polymer properties 

and hot-melt-extrusion variables to classify 

amorphisation and chemical stability, reporting 

accuracies of 92.8% and 96.0% for the best 

models within the study dataset.20 High-

throughput microscale preparation has also 

generated standardised positive and negative 

examples: a 1,272-formulation study combined 

powder X-ray diffraction with nested cross-

validation and reported 96.7% random-forest 

accuracy for ASD formation.21 

The most clinically oriented work integrated 

molecular-dissolution prediction with PBPK 

models for marketed ASDs. A dataset of 238 

formulations and 1,693 time points was used to 

model molecularly dissolved drug, and most 

pharmacokinetic predictions for 37 marketed 

formulations were reported within two-fold of 

observed values.22 These studies show 
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progression from isolated classification towards 

multiscale decision support. Nevertheless, 

amorphisation, physical stability, dissolution and 

systemic exposure remain distinct endpoints. 

Drug-wise prospective validation, long-term 

storage and direct comparison with expert-led or 

DoE development remain necessary. 

Drug-polymer miscibility deserves separate 

consideration from amorphisation. A dispersion 

can appear X-ray amorphous immediately after 

manufacture while containing composition 

fluctuations or drug-rich domains that later 

nucleate. Predictors therefore need to integrate 

drug and polymer chemistry with drug loading, 

glass-transition behaviour, processing 

temperature, residual solvent or moisture and the 

storage protocol. Polymer identity encoded as a 

simple category is unlikely to transfer to an 

unseen carrier; molecular or material descriptors 

are preferable when extrapolation is claimed. 

Equally, dissolution models should distinguish 

total dispersed drug from the molecularly 

dissolved fraction and should preserve the 

medium, drug loading and time scale of 

precipitation. The most informative workflow 

would rank polymers jointly for 

manufacturability, physical stability and 

sustained supersaturation rather than optimise 

any one response in isolation.17,19,20,22 

4.3. Cocrystal and salt screening 

Machine learning has been widely used to 

prioritise cocrystal coformers from molecular or 

crystallographic information.23–25 The main 

methodological weakness is construction of the 

negative class. Randomly generated molecular 

pairs are not equivalent to combinations 

experimentally shown to fail under defined 

crystallisation conditions, and random pair 

splitting may place the same drug or common 

coformer in both training and test sets. 

Hybrid approaches combine empirical 

classification with physics-based descriptors. A 

combined ML/COSMO-RS workflow used 

cocrystallisation probability and calculated 

excess mixing enthalpy, with improved 

performance over either component in the 

reported evaluation.26 An XGBoost model based 

on molecular descriptors reported a success rate 

above 90% within its development framework.27 

Prospective imatinib screening identified eight 

new multicomponent solid forms and selected 

products with improved physicochemical 

performance.28 Conversely, direct comparison in 

a caffeine system found COSMO-RS more 
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predictive than the evaluated ML models, 

demonstrating that algorithmic novelty does not 

guarantee superiority.29 

Recent models have expanded from binary 

cocrystal classification to richer solid-form 

decisions. A hybrid graph-isomorphism-

network/Mordred model reported balanced 

accuracy of 0.916 across 7,395 successful and 

unsuccessful pairs.30 DualNet was trained on 

22,298 experimentally validated entries and 

simultaneously classified salts, cocrystals and 

physical mixtures, with calibrated uncertainty 

and prospective ciprofloxacin ranking.31 

Formation prediction is nevertheless only an 

upstream step. The resulting form must be 

characterised and evaluated for solubility, 

dissolution, hygroscopicity, stability and 

manufacturability. 

Salt-specific machine-learning evidence 

remains less mature than cocrystal prediction. 

Counterion selection requires ionisation and 

proton-transfer information together with solid-

form propensity, but the development decision 

also depends on hygroscopicity, 

disproportionation, chemical stability and 

performance across gastrointestinal pH. DualNet 

represents an important progression because it 

distinguishes salts, neutral cocrystals and 

physical mixtures, yet its classification endpoint 

cannot identify the pharmaceutically preferred 

form. A defensible platform should therefore use 

sequential models: formation and identity 

prediction followed by experimentally anchored 

property ranking, with uncertainty retained at 

both stages.31 

4.4. Nanocrystals and nanoparticulate 

systems 

Nanocrystals enhance dissolution mainly 

through increased surface area and, at very small 

dimensions, curvature-related increases in 

saturation solubility. Carrier-based nanoparticles 

introduce additional objectives such as drug 

loading, encapsulation, release and colloidal 

stability. He et al. compiled 910 particle-size and 

341 polydispersity records across wet bead 

milling, high-pressure homogenisation and 

antisolvent precipitation. Light-gradient-

boosting models performed best for the two top-

down processes, whereas precipitation was less 

predictable, plausibly reflecting unrepresented 

mixing and nucleation dynamics.32 

Formulation-specific studies have modelled 

solid-lipid-nanoparticle size, lecithin/chitosan 

nanoparticle release and microfluidic liposome 

manufacture.33–35 More than 1,300 
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systematically generated liposome formulations 

were used to predict formation, size and process 

settings with XGBoost and inverse design, 

supported by wet-laboratory validation.36 

Prospective ML-assisted microfluidics produced 

liposomes close to target sizes of approximately 

100 and 600 nm.37 TuNa-AI extended 

optimization to drug-excipient combinations and 

ratios, increasing venetoclax loading and 

reducing an excipient in a trametinib system 

while preserving evaluated performance.38 

These results establish that ML can narrow 

process and composition spaces, but particle 

size, polydispersity and encapsulation efficiency 

are surrogate quality attributes rather than direct 

evidence of improved molecular solubility or 

exposure. Future nanoformulation studies should 

optimise multicomponent target-product profiles 

and report biorelevant dissolution, free-drug 

concentration, stability, pharmacokinetics and 

process-scale robustness. 

Nanoformulation development is inherently 

multi-objective. Reducing particle size may 

accelerate dissolution while increasing 

interfacial energy, aggregation and Ostwald-

ripening risk; greater carrier content may 

improve encapsulation while reducing drug 

loading and increasing dose volume. Model-

selected optima should therefore be reported as 

trade-off surfaces under explicit route, dose and 

excipient constraints rather than as a single 

desirability score. Prospective studies also need 

to test redispersibility after drying, stability 

during storage and the concentration of freely 

available drug after dilution or digestion. These 

measurements determine whether improved 

manufacturing attributes translate into useful 

biopharmaceutical performance.32,36,38 

4.5. Cyclodextrin complexation 

Cyclodextrins can increase apparent 

solubility by forming non-covalent host-guest 

associations, but performance depends on cavity 

complementarity, substitution, ionisation, 

stoichiometry, concentration and auxiliary 

components.39 QSPR models for beta-

cyclodextrin and sulfobutylether-beta-

cyclodextrin used ensemble regression to predict 

complexation free energies.40 A larger dataset of 

approximately 3,000 observations and 1,320 

guest structures was modelled using LightGBM, 

random forests and deep learning; LightGBM 

achieved a mean absolute error of 1.38 kJ/mol 

and an R-squared value of 0.86 within the 

reported evaluation.41 
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Formulation-level work has moved beyond 

binary host-guest affinity. Random-forest 

models based on 596 ternary drug-cyclodextrin-

polymer records predicted total solubility and 

ternary-to-binary enhancement, with reported R-

squared values of 0.887 and 0.815.42 

Classification models have also been developed 

to prioritise inclusion-complex formation using 

recall- or precision-oriented thresholds 

according to the cost of false negatives and false 

positives.43 Stronger binding should not 

automatically be equated with better product 

performance because excessive association may 

reduce freely dissolved drug or slow release. 

Prospective formulation selection should 

therefore measure total and unbound drug, 

phase-solubility behaviour, dissociation, 

precipitation and permeability. 

The formulation target should not be 

maximum host-guest affinity alone. Weak 

binding may provide inadequate solublization, 

whereas very strong association can reduce the 

freely dissolved fraction or delay release. 

Cyclodextrin concentration, substitution pattern, 

complex stoichiometry and self-association 

further influence the phase-solubility response. 

Future models should therefore predict both total 

and unbound drug, identify the relevant host 

grade and incorporate permeability or 

dissociation measurements when oral absorption 

is the objective. Ternary drug-cyclodextrin-

polymer models are promising because they 

move closer to formulation-level solubility, but 

their transferability requires leave-one-drug-out 

and leave-one-host-class-out validation.4,41,42 

4.6. Solvent, excipient and component 

selection 

Data-driven component selection links 

molecular prediction to practical formulation 

design. Deep-learning models have learned 

recurring active-ingredient/excipient patterns 

from historical formulation datasets, but such 

outputs reproduce published practice rather than 

prove optimality.44 High-throughput experiments 

generated 2,304 measurements for three BCS 

class II drugs, 11 excipients and multiple 

biorelevant media, showing that solublization 

depends jointly on drug type, pH, excipient 

concentration and time.45 

Compatibility is an essential constraint. 

PharmDE combines 532 literature-derived 

incompatibility records with 60 expert rules to 

support traceable risk assessment.46 DE-

INTERACT used molecular fingerprints to 

classify 179 incompatible and 3,549 compatible 
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pairs and experimentally examined selected 

predicted incompatibilities.47 A subsequent 

stacking ensemble reported improved class-

specific performance and identified 10 of 12 

experimental incompatibilities compared with 

three detected by DE-INTERACT.48 These 

systems should be treated as preformulation 

triage because compatibility also depends on 

component ratio, impurities, water activity, 

processing and storage. 

Sol_ME addressed drug solubility in lipidic 

environments using 1,379 drug-solvent records 

and 35 experimental combinations; a 

preliminary apalutamide case study reduced 

formulation volume by 75%.49 Retrospective 

analysis of registered ibuprofen products linked 

formulation patterns and drug forms with human 

pharmacokinetic characteristics.50 Such 

observational associations are translationally 

relevant but are vulnerable to confounding and 

survivorship bias. The preferred output is a 

ranked list constrained by safety, dose, 

compatibility, precipitation risk, processability 

and uncertainty rather than a single 

unconstrained optimum. 

Compatibility predictions are conditional 

rather than absolute. Component ratio, water 

activity, excipient impurities, residual solvent, 

processing stress and packaging can convert an 

apparently compatible molecular pair into an 

unstable dosage form. Similarly, high solubility 

in an oil or surfactant does not demonstrate 

maintenance of solublization after aqueous 

dilution or gastrointestinal digestion. 

Component-selection tools should therefore 

operate as linked filters: solubility ranking, 

incompatibility-risk assessment, precipitation 

testing, permitted-exposure constraints and 

process feasibility. Negative predictions should 

trigger targeted experiments rather than 

automatic exclusion, particularly when the 

candidate lies outside the modelled excipient or 

chemical domain.46,48,49 

Table 1. Representative AI/ML applications relevant to drug-solubility enhancement. 

Application Representative evidence Modelled endpoint or decision Principal translational limitation 

Aqueous solubility AqSolDB, quality-oriented curation 

and deep/ensemble models.7,8,10 
Intrinsic/apparent logS, regression 

or rank prediction 
Heterogeneous assay conditions; solid form and pH 

often absent 

Amorphous solid 

dispersions 
Stability, dissolution and PBPK-

linked models.17,19,22 
Physical stability, dissolution 

class/time course, exposure 
Dataset overlap; limited drug-wise prospective 

validation 

Cocrystals and salts 
ML, COSMO-RS hybrids and 

multiclass solid-form 

prediction.26,29,31 

Formation probability; 

salt/cocrystal/mixture ranking 
Formation does not establish solubility, stability or 

manufacturability 
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Application Representative evidence Modelled endpoint or decision Principal translational limitation 

Nanocrystals and 

nanoparticles 
Process models, inverse design and 

tunable composition systems.32,36,38 
Size, polydispersity, formation, 

loading and process settings 
Critical quality attributes are not direct measures of 

free drug or exposure 

Cyclodextrin systems Affinity, inclusion classification and 

ternary solubility models.40–42 
Complexation free energy, 

formation and total solubility 
Binding strength may not maximise free-drug 

concentration or absorption 

Excipient and 

compatibility selection 
Expert systems, fingerprint models 

and lipid-solubility tools.46,48,49 
Compatibility risk, 

solvent/excipient ranking 
Concentration, impurities, process and storage context 

incompletely represented 

Generative and 

autonomous systems 

Digital microstructures, generative 

formulations and self-driving 

manufacture.51,52,56 

Candidate generation, process 

selection and adaptive optimization 
Direct end-to-end solubility-enhancement validation 

remains absent 

5. Generative AI, high-throughput 

experimentation and robotics 

Generative models propose new 

compositions or product structures rather than 

only scoring supplied candidates. A generative 

structure-synthesis method created three-

dimensional digital tablet and implant 

microstructures conditioned on particle size and 

drug loading and reproduced selected transport 

and percolation characteristics of experimental 

samples.51 Conditional generative adversarial 

networks trained on 1,437 three-dimensional-

printing formulations generated 270 candidates, 

selected formulations were fabricated and at 

least one AI-generated formulation was 

successfully printed.52 These studies establish 

technical feasibility but do not yet demonstrate 

autonomous solubility-enhancement design. 

Integrated platforms and automated 

laboratories provide the infrastructure for 

closed-loop development. FormulationAI 

combines predictive models across 

cyclodextrins, solid dispersions, phospholipid 

complexes, nanocrystals, self-emulsifying 

systems and liposomes.53 A spray-drying robot 

automated combinatorial preparation of 

multicomponent solid dispersions, reduced 

processing time approximately eight-fold and 

limited cross-contamination.54 Active-learning 

systems coupled with automated small-angle 

scattering have mapped soft-material 

formulation spaces, although not specifically 

pharmaceutical solubility systems.55 

A self-driving tableting data factory 

integrated a digital formulator, automated 

powder handling, tablet manufacture, testing and 

Bayesian optimization; the reported workflow 

reduced development time to approximately 6 h 

and active-ingredient use by 65% for a 

manufacturability-focused metformin case 

study.56 Proposed self-driving biomaterials 

architectures and current optimization reviews 

describe the transition from automated execution 

to active selection of the next experiment.57,58 

http://www.thebioscan.com/
https://portal.issn.org/resource/ISSN/0973-7049


www.thebioscan.com 21(3): S.I (3), 779-798, 2026 

 

 

 

791 

 

(ISSN: 0973-7049(P)) 

Direct pharmaceutical examples include active-

learning optimization of an enormous 

aceclofenac nanoformulation space and batch 

Bayesian optimization of oral 

microemulsions.59,60 

No reviewed study demonstrated a fully 

autonomous workflow that selected an enabling 

strategy for a previously unseen poorly soluble 

drug and prospectively confirmed improved 

biorelevant dissolution or systemic exposure. 

The near-term role of generative and 

autonomous methods is therefore constrained 

candidate proposal, uncertainty-aware 

experiment selection and standardised data 

generation under expert-defined pharmaceutical 

limits. 

6. Traditional versus AI-assisted 

formulation development 

AI should be compared with the strongest 

relevant conventional alternative rather than 

with an oversimplified concept of trial and error. 

Expert-led screening efficiently uses tacit 

knowledge for small or unfamiliar design 

spaces. DoE provides prospectively balanced 

data, interpretable effects and statistically 

defined local design spaces. Mechanistic models 

represent thermodynamics, nucleation, 

dissolution, diffusion or pharmacokinetics and 

can extrapolate when their assumptions remain 

valid. ML accommodates higher-dimensional 

nonlinear relationships but may reproduce 

dataset-specific correlations. 

The approaches are complementary. DoE 

can generate balanced training data; ML can 

model relationships that exceed low-order 

response surfaces; Bayesian optimization can 

adaptively select experiments; and mechanistic 

models can provide constraints or informative 

predictors. Hybrid ASD, cocrystal and 

cyclodextrin studies demonstrate the value of 

linking statistical predictions with molecular 

simulation, thermodynamic calculations or 

PBPK models.19,22,26,41 Physics-based cocrystal 

screening outperformed selected ML models in a 

defined system, underscoring the need for direct 

comparison rather than assumed algorithmic 

hierarchy.29 

The largest advantage of AI arises when it 

changes the sequence and information value of 

experiments. Active-learning and Bayesian-

optimization studies show that large constrained 

formulation spaces can be explored without 

exhaustive testing.59,60 Efficiency should 

nevertheless be measured as the total resources 
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required to reach a verified formulation decision, 

including data curation, model development, 

software maintenance and experimental 

confirmation. Table 2 compares the principal 

approaches. 

Comparative studies should predefine the 

same drug-substance budget, candidate 

materials, experimental time and acceptance 

criteria for AI-assisted, DoE and expert-led 

arms. Reporting only the number of 

formulations tested favours computational 

approaches while overlooking curation, software 

and model-maintenance costs. Conversely, 

comparing AI with exhaustive grid screening 

understates the efficiency of established 

sequential experimentation. A meaningful 

endpoint is the probability of reaching a 

prospectively verified formulation within the 

complete resource constraint, together with the 

uncertainty and reproducibility of that decision. 

Table 2. Comparative characteristics of formulation-development approaches. 

Approach Strengths Limitations Most appropriate use 

Expert-led screening Uses tacit pharmaceutical knowledge; 

flexible with unfamiliar compounds Subjective; difficult to scale and reproduce Initial strategy selection and small 

design spaces 

High-throughput 

screening 
Direct, standardised measurement; retains 

negative results 
Resource-intensive if candidate space is 

very large 
Generation of formulation-level 

training data 

Design of experiments Prospective balance, interpretable effects 

and local design-space definition 
Limited dimensionality; low-order response 

surfaces may be inadequate 
Defined factor ranges with a moderate 

number of variables 

Mechanistic modelling Physical interpretability and potential 

extrapolation 
Assumptions and uncertain parameters may 

dominate 
Processes with established governing 

relationships 

Conventional ML Flexible nonlinear prediction and rapid 

screening 
Data-dependent; leakage and domain-shift 

risks 
Relevant historical or high-throughput 

datasets 

Deep learning Learns representations from graphs, 

strings, images or time series High data demand and lower transparency Large molecular or multimodal datasets 

Bayesian 

optimization/active 

learning 
Adaptive and experiment-efficient Can efficiently optimise an incomplete 

surrogate objective 
Expensive experiments in constrained 

spaces 

Hybrid ML-mechanistic 

models 
Combines empirical flexibility with 

scientific structure 
Complex validation and uncertainty 

propagation 
Sparse data with reliable mechanistic 

knowledge 

Autonomous 

experimentation 
Closed-loop execution and systematic 

metadata capture 
Infrastructure-intensive; requires human 

governance 
Repeated workflows with machine-

readable endpoints 

7. Challenges and translational 

limitations 

The dominant barriers are data-related. 

Formulation datasets are small, fragmented and 

selectively published; unsuccessful 

formulations, long-term stability results and 

scale-up failures are particularly scarce. Multiple 

time points or concentrations from one system 

inflate row counts without adding independent 

chemical diversity. Endpoint ambiguity 

compounds this problem: intrinsic, apparent, 

kinetic and thermodynamic solubility, total 

dispersed drug and molecularly dissolved drug 
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are frequently pooled despite different 

meanings.7–10 

Information leakage occurs when test data 

contain exact duplicates, close analogues, shared 

drugs or repeated formulations represented 

during training. Similarity-aware splitting 

methods show that conventional random 

partitions can inflate performance in out-of-

distribution applications.61 Molecular 

benchmarks also exhibit coverage bias, and 

scaffold splitting does not guarantee 

representation of the wider pharmaceutical 

chemical space.62 Validation should be matched 

to the claim: drug-wise separation for new active 

ingredients, excipient-wise separation for new 

materials, laboratory-wise separation for process 

transfer and prospective independent testing for 

broad deployment. 

Interpretability, calibration and applicability 

domains remain inconsistently reported. Feature 

importance and Shapley values describe model 

behaviour but do not establish causality. Point 

predictions should be accompanied by 

uncertainty and a mechanism for abstention 

when the candidate lies outside the training 

domain. Reporting should include data 

provenance, endpoint definitions, preprocessing, 

partitions, hyperparameters, software versions, 

trained models and full performance outputs. 

FAIR data principles provide a foundation for 

reuse, while PROBAST+AI offers transferable 

domains for assessing bias and applicability 

even though it was not designed specifically for 

pharmaceutics.63,64 

Regulatory credibility will depend on 

context of use and the consequence of model 

error. The US Food and Drug Administration’s 

2025 draft guidance proposes a risk-based 

framework for AI models used to support 

regulatory decisions, and the European 

Medicines Agency’s reflection paper addresses 

AI across the medicinal-product lifecycle.65,66 

Models used only to rank exploratory 

experiments require less evidence than models 

used to define a design space, replace testing or 

control commercial manufacture. Lifecycle 

governance should include version control, drift 

detection, documented retraining rules, 

revalidation and auditable links between 

predictions, experiments and decisions. 
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Table 3. Major methodological challenges and minimum corrective practices.  

Challenge Risk to interpretation Minimum corrective practice 

Endpoint heterogeneity The model learns mixed or source-specific labels Define solubility type, pH, temperature, solid form, units and analytical 

method 

Publication and survivorship 

bias Successful formulations dominate training data Retain experimentally documented failures and discontinued candidates 

Information leakage Internal test performance is inflated Use drug-, pair-, batch-, laboratory- or time-grouped splitting 

Restricted applicability 

domain 
Precise predictions are returned for unsupported 

candidates Report domain membership, uncertainty and abstention criteria 

Class imbalance Accuracy obscures failure to detect rare adverse 

outcomes Report recall, precision, calibration and decision-specific thresholds 

Interpretability overreach Associations are mistaken for mechanisms Confirm feature-based hypotheses through controlled experiments 

Incomplete reproducibility Models cannot be independently checked Share data/code or controlled-access validation; report versions and 

partitions 

Lifecycle drift Performance degrades after material, process or 

software changes Monitor drift, control retraining and revalidate changes 

8. Future perspectives 

Progress should be judged by prospective 

improvement in pharmaceutical decisions rather 

than marginal benchmark gains. Explainable AI 

should provide testable hypotheses, indicate 

domain membership and identify the most 

informative confirmatory experiment. 

Uncertainty should distinguish measurement 

error, model uncertainty, limited chemical 

coverage and omitted process variables. Physics-

informed models can incorporate 

thermodynamics, mass balance, composition 

constraints, dissolution, precipitation and 

particle-growth relationships, while data-driven 

components can estimate uncertain parameters 

or correct systematic model error. 

Integration with Quality by Design (QbD) 

offers a practical development framework. AI 

can link quality target product profiles, critical 

material attributes, critical process parameters 

and adaptive experimentation. Quality by 

Computational Design has been proposed as a 

broader paradigm combining AI, multiscale 

simulation and clinically guided inverse 

design.67 A physiology-based 

ML/PBPK/molecular-dynamics framework for 

long-acting injectables illustrates how target 

exposure can be translated backwards into 

release and formulation requirements, although 

the platform is not direct oral-solubility 

evidence.68 

Digital twins could connect material state, 

formulation microstructure, process 

measurements, dissolution and predicted 

exposure, provided that the model is 

operationally updated from the physical system. 
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Current reviews identify data integration, 

equipment transfer, uncertainty and regulatory 

complexity as major barriers.69,70 Multimodal 

models may combine structures, spectra, 

diffraction, thermal data, images, dissolution 

curves and process time series, but they must 

preserve source provenance and endpoint 

context. 

Federated learning may enable collaborative 

use of proprietary failed-formulation and 

stability data. MELLODDY demonstrated cross-

company learning across more than 21 million 

compounds, over 40,000 assays and more than 

2.6 billion activity records without centralising 

proprietary discovery data.71 Transfer to 

formulation development will require common 

ontologies, harmonised experimental methods, 

privacy safeguards and partner-held external 

validation. Priority studies include multicentre 

solubility challenges with complete metadata, 

drug-wise ASD validation, two-stage cocrystal 

formation/property models, direct AI-versus-

DoE nanoformulation benchmarks, cyclodextrin 

studies measuring free drug and end-to-end 

autonomous optimization using biorelevant 

dissolution or exposure as the objective. 

Table 4. Priority studies required for translational validation. 

Priority study Essential design features Outcome required for translation 

Multicentre solubility 

challenge 
Undisclosed compounds; full pH, temperature, ionisation 

and solid-form metadata External error, calibration and chemical-domain performance 

Drug-wise ASD validation New drugs and polymers; at least six months of stability; 

biorelevant dissolution Prospective stability and dissolution versus expert/DoE controls 

Two-stage solid-form 

platform 
Formation model followed by property model and 

experimental characterisation 
Solubility, dissolution, hygroscopicity, stability and 

manufacturability 

Nanoformulation benchmark Identical drug, excipient list, budget and endpoints for AI, 

DoE and experts 
Resource use, free drug, dissolution, stability and 

pharmacokinetics 

Cyclodextrin external study Total and unbound drug, phase solubility, dissociation and 

permeability Host selection that improves biopharmaceutical performance 

Federated formulation 

learning Harmonised metadata and partner-held independent tests Cross-organisation generalisation without centralising 

proprietary records 

Autonomous enabling-

formulation study 
Closed-loop preparation, characterisation and active 

learning Prospective improvement in biorelevant dissolution or exposure 

9. Conclusion 

AI and ML can reduce experimental search 

spaces, identify nonlinear formulation 

relationships and support candidate prioritization 

across molecular solubility prediction, ASDs, 

cocrystals and salts, nanoformulations, 

cyclodextrin systems and excipient selection. 

The most mature evidence concerns 

retrospective molecular and formulation 

prediction, while prospective experimental 

confirmation and independent replication remain 

less common. 
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The central limitation is the widespread 

optimization of surrogate endpoints. Accurate 

prediction of logS, miscibility, cocrystal 

formation, particle size or complexation affinity 

does not by itself establish stable biorelevant 

dissolution, manufacturability or improved 

systemic exposure. No modelling architecture is 

universally superior; descriptor-based 

ensembles, deep networks and physics-based 

methods each perform differently according to 

data quality and chemical domain. 

The most scientifically defensible role of AI 

is therefore as an uncertainty-aware decision-

support layer within mechanistically informed 

and experimentally closed-loop development. 

Credible translation requires context-rich data, 

explicit unsuccessful examples, leakage-resistant 

validation, prospective testing, applicability-

domain assessment, transparent reporting and 

lifecycle control. The decisive measure of 

progress will be whether AI-assisted workflows 

reproducibly deliver better formulation decisions 

with fewer resources while maintaining 

experimentally verified pharmaceutical 

performance. 
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