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Poor aqueous solubility limits the development of many orally administered drug can-

didates, particularly those in Biopharmaceutics Classification System (BCS) class II 

and, in some cases, class IV. Conventional solubility-enhancement approaches, includ-

ing particle-size reduction, solid dispersions, amorphous systems, lipid-based formula-

tions,  cyclodextrin  complexation,  nanocrystals,  salt  formation  and  pharmaceutical 

cocrystals, are effective but often require extensive, formulation-specific experimenta-

tion. Growing pharmaceutical datasets and advances in artificial intelligence (AI) and 

machine learning (ML) now offer predictive, data-driven support. Models have been 

reported for predicting aqueous and formulation-phase solubility, screening drug-ex-

cipient  combinations,  estimating drug-polymer interaction,  optimizing compositions 

and predicting dissolution or supersaturation behaviour. Bayesian optimization, active 

learning and surrogate modelling are being explored to reduce the number of formula-

tion experiments, and integration with physiologically based pharmacokinetic (PBPK) 

modelling, Quality by Design (QbD) and automated experimentation may further sup-

port rational development. However, small and heterogeneous datasets, experimental 

variability, limited interpretability and external validation, data leakage and uncertain 

regulatory acceptance remain significant barriers. This review discusses AI and ML in 

the solubility enhancement of poorly water-soluble drugs, progressing from molecular 

solubility prediction to drug-excipient selection, advanced formulation design and for-

mulation optimization. Particular emphasis is placed on experimentally validated ap-

plications and on the distinction between computational prediction and demonstrated 

pharmaceutical performance.
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Current  challenges,  research  gaps  and  opportunities  for 

reliable,  explainable  and  experimentally  integrated  AI-

driven formulation platforms are outlined.

INTRODUCTION

Poor aqueous solubility is one of the major challenges 

encountered during the development of orally admin-

istered drug products. A considerable number of drug 

candidates exhibit limited water solubility, which can 

result  in slow or incomplete dissolution in gastroin-

testinal fluids and consequently restrict the amount of 

drug available for absorption. This problem is particu-

larly important for BCS class II drugs, which exhibit 

low aqueous solubility despite relatively high perme-

ability.1 Therefore, improving the solubility and disso-

lution behaviour of poorly water-soluble drugs remains 

an important objective in pharmaceutical formulation 

development.2,3

Drug solubility is influenced by several physicochem-

ical  characteristics,  including  molecular  size,  hy-

drophobicity,  ionization,  hydrogen-bonding capacity, 

melting point and crystal lattice energy.4 The solid-state 

form of the drug is also important: crystalline material 

generally possesses greater lattice stability, and there-

fore  lower  apparent  solubility,  than  its  amorphous 

counterpart, and poor solubility may arise either from 

unfavourable  interaction  with  water,  as  in  highly 

lipophilic molecules, or from strong interactions within 

the  drug  crystal.  These  factors  make  solubility  en-

hancement a complex formulation problem that cannot 

be addressed effectively using a single universal ap-

proach.

Several  conventional  strategies  have  therefore  been 

developed to improve the aqueous solubility and dis-

solution of poorly soluble drugs. These include parti-

cle-size  reduction,  micronization,  nanocrystals,  salt 

formation,  pharmaceutical  cocrystals,  cyclodextrin 

complexation, solid dispersions, amorphous solid dis-

persions (ASDs), surfactant-based systems and lipid-

based  formulations.2,3,5-8 Although  these  approaches 

can substantially improve drug performance, formula-

tion  development  commonly  involves  extensive  ex-

perimental screening. Selection of suitable excipients, 

drug-to-excipient ratios and processing conditions may 

require  numerous  experiments  because  formulation 

variables  frequently  interact  in  nonlinear  and  drug-

specific ways.

The increasing application of artificial intelligence (AI) 

and machine learning (ML) in pharmaceutical research 

provides an opportunity to complement conventional 

formulation-development  approaches.  AI  refers 

broadly to computational technologies capable of per-

forming  tasks  associated  with  intelligent  decision-

making, whereas ML enables computational models to 

learn  relationships  from  experimental  or  molecular 

data. In pharmaceutical science, these approaches can 

be used to predict physicochemical properties, identify 

important formulation variables, screen drug-excipient 

combinations  and  optimize  formulation  composi-

tions.9,10

One of the most established applications is the predic-

tion of aqueous drug solubility. Early computational 

approaches,  such as the ESOL model,  demonstrated 

that molecular descriptors could be used to estimate 

aqueous solubility.11 The subsequent development of 

large, curated datasets, including AqSolDB, has pro-

vided diverse molecular features for model training.12 

Recent studies have expanded this concept from simple 

aqueous-solubility prediction toward formulation-spe-

cific applications, including prediction of drug solu-

bility in polymeric and lipidic environments.13,14

AI/ML approaches are also increasingly being investi-

gated for drug-excipient compatibility and formulation 

selection.  Predictive  models  can  potentially  identify 

promising drug-excipient combinations before exten-

sive experimental screening, thereby reducing the for-

mulation search space.15 Similarly, machine learning 

has been applied to amorphous solid dispersion devel-

opment, lipid-based formulations, dissolution model-

ling  and  formulation  optimization.9,10,13,14 These 

applications are particularly relevant because solubility 

enhancement is rarely determined by a single variable; 

rather,  drug properties,  excipient characteristics,  for-

mulation  composition  and  manufacturing  conditions 

may collectively determine the final performance of a 

dosage form.

Despite these opportunities, the pharmaceutical appli-

cation of AI is associated with important challenges. 

Pharmaceutical datasets are often relatively small and 

heterogeneous, while solubility measurements can vary 
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according to experimental conditions such as pH, tem-

perature, medium composition and analytical method-

ology. Inadequate external validation, overfitting, data 

leakage and limited model interpretability may further 

restrict the generalizability of AI models.16 Therefore, 

computational predictions should be considered com-

plementary  to,  rather  than  replacements  for,  experi-

mental pharmaceutical evaluation.

The objective of this review is to examine critically the 

role of AI and ML in the solubility enhancement of 

poorly  water-soluble  drugs.  The  review  progresses 

from fundamental solubility prediction to drug-excipi-

ent interaction modelling, advanced formulation sys-

tems, dissolution and supersaturation prediction, PBPK 

integration  and  formulation  optimization.  Particular 

emphasis is placed on experimentally supported appli-

cations and on the integration of  AI with QbD and 

experimental formulation development.

The central premise of this review is that AI/ML may 

enable a transition from predominantly empirical solu-

bility-enhancement development toward a more pre-

dictive  and  data-driven  workflow.  However,  its 

practical value depends on the quality of pharmaceuti-

cal  data,  appropriate  model  validation,  mechanistic 

interpretation, and experimental confirmation of pre-

dicted formulations.

2. LITERATURE SEARCH APPROACH

This is a narrative review and not a systematic review. 

Sources were identified through targeted searches of 

PubMed-indexed and publisher-hosted literature and of 

regulatory agency publications, using combinations of 

the  terms  artificial  intelligence,  machine  learning, 

aqueous  solubility  prediction,  poorly  water-soluble 

drugs, amorphous solid dispersion, lipid-based formu-

lation,  drug-excipient  compatibility,  dissolution, 

PBPK, Quality by Design and formulation optimiza-

tion. Foundational papers on solubility enhancement 

and on solubility datasets were combined with recent 

studies and reviews on ML in formulation science. The 

reference set is selective, no performance figures have 

been pooled across studies, and numerical results are 

quoted only where they were reported by the original 

authors for their own data.

3.  CONVENTIONAL  SOLUBILITY-

ENHANCEMENT  STRATEGIES  AND  THEIR 

DATA REQUIREMENTS

Solubility-enhancement strategies can be grouped ac-

cording to whether they modify the drug solid, the drug 

environment or the delivery system. Physical modifi-

cations,  such as particle-size  reduction,  nanocrystals 

and amorphization, increase the surface area or the free 

energy of the solid. Chemical modifications, such as 

salt formation and cocrystallization, alter the solid-state 

structure or ionization behaviour of the molecule. Car-

rier-based approaches, such as solid dispersions, cy-

clodextrin complexes and lipid-based systems, change 

the microenvironment in which the drug dissolves or is 

presented to the gastrointestinal tract.2,3 Table 1 sum-

marizes representative strategies and the variables that 

a data-driven model would need to capture.

Table 1: Representative Solubility-Enhancement Strategies and Variables Relevant to ml

Strategy Principal mechanism Typical limitations Variables a model must capture

Particle-size reduc-

tion / nanocrystals 3
Larger surface area; faster 

dissolution rate

Does not raise equilibrium 

solubility; aggregation and 

physical instability

Particle size, stabilizer type and 

level, milling or precipitation condi-

tions

Salt formation 5
Ionization; altered solid-state 

properties

Requires ionizable groups; 

possible conversion back to 

free form

pKa, counter-ion, pH of medium, 

hygroscopicity

Cyclodextrin com-

plexation 6
Inclusion of lipophilic moi-

ety in a hydrophilic host

Limited drug loading; large 

excipient mass

Cyclodextrin type, molecular fit, 

stoichiometry, stability constant

Amorphous solid 

dispersions 8
Higher free energy; polymer-

stabilized supersaturation

Recrystallization on storage or 

dissolution; hygroscopicity

Polymer, drug loading, miscibility, 

glass-transition behaviour, process 

route

Lipid-based formula-

tions 7
Pre-dissolved drug; disper-

sion and digestion in the gut

Drug precipitation on disper-

sion; excipient variability

Drug solubility in lipids and surfac-

tants, composition ratios, dispersion 

behaviour
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Strategy Principal mechanism Typical limitations Variables a model must capture

Pharmaceutical 

cocrystals 3
New crystalline phase with 

altered lattice energy

Coformer screening is empiri-

cal; possible dissociation

Coformer choice, hydrogen-bond-

ing motifs, solvent and process

Compiled by the author from the cited references.

Two observations  follow from this  overview.  First, 

each strategy is governed by a different set of interact-

ing variables, so a single model is unlikely to serve all 

of  them;  a  solubility  predictor  for  ASD  polymer 

screening has little in common with a model for cy-

clodextrin binding. Second, because the experimental 

search space is large and the cost per experiment (ma-

terial, time, analytical effort) is substantial, even mod-

est reductions in the number of experiments needed to 

reach a robust formulation are attractive. This is the 

practical rationale for data-driven methods, and also the 

reason they must be judged by how much experimental 

work they save without compromising performance.

4. MACHINE LEARNING FOUNDATIONS FOR 

PHARMACEUTICAL FORMULATION DATA

4.1 Data and molecular representation

The quality of any ML model is limited by the data 

from which it learns. Pharmaceutical formulation data 

may  be  of  several  types:  molecular  structures  and 

computed  descriptors  for  the  drug  and  excipients, 

measured  physicochemical  properties  (solubility, 

melting  point,  logP,  pKa),  formulation  composition 

and  process  parameters,  and  performance  outcomes 

such  as  dissolution  profile,  physical  stability  and 

bioavailability. Molecules are commonly encoded as 

numerical descriptors (for example molecular weight, 

lipophilicity,  counts  of  hydrogen-bond  donors  and 

acceptors, topological indices), as binary substructure 

fingerprints, or as learned representations derived from 

molecular graphs.9,17 The choice of representation in-

fluences what the model can learn and how well it can 

be interpreted.

4.2 Algorithms commonly used

Regression approaches,  including multiple linear  re-

gression and penalized regression, are transparent and 

often serve as baselines. Tree-based ensembles (ran-

dom forest, gradient boosting) handle nonlinear rela-

tionships and mixed variable types and are frequently 

used on tabular formulation data. Support vector ma-

chines and Gaussian process models are popular for 

small datasets, the latter having the added advantage of 

providing an uncertainty estimate that can guide the 

choice of the next experiment.  Neural networks,  in-

cluding deep and graph-based architectures, can model 

complex structure-property relationships but typically 

need  larger  datasets  and  careful  regularization.9,10,18 

Table 2 summarizes the main approaches and the situ-

ations in which each is most useful.

Table 2: Commonly Used ml Approaches in Solubility and Formulation Studies

Approach Typical pharmaceutical use Strengths Cautions

Linear and penalized 

regression

Baseline solubility models from a 

few descriptors

Transparent; stable in small 

datasets

Cannot capture strong non-

linearity

Random forest / gradient 

boosting

Solubility, stability and compati-

bility classification

Handles nonlinear effects and 

mixed inputs

Can overfit if tuned repeat-

edly; limited extrapolation

Support vector machines
Classification of formulation out-

comes

Effective in high-dimen-

sional, small datasets

Sensitive to scaling and 

kernel choice

Gaussian process models
Data-efficient modelling; active 

learning
Gives uncertainty estimates

Computationally heavier 

for large data

Neural networks / graph 

networks

Molecular fingerprints to solubil-

ity; complex endpoints

Flexible; learns representa-

tions

Data hungry; opaque; may 

not generalize outside train-

ing space

Compiled by the author from general ML methodology 

and the cited reviews.

4.3 Working with small and heterogeneous datasets

A  defining  feature  of  formulation  science  is  that 

datasets are typically small relative to the number of 
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variables, and that data produced in different laborato-

ries are not strictly comparable because of differences 

in methods, media and analysts. Several strategies are 

used to manage this. Simple models with few parame-

ters  are  preferred;  domain  knowledge  is  encoded 

through  physically  meaningful  descriptors;  related 

datasets  may  be  combined,  provided  differences  in 

measurement conditions are recorded and accounted 

for; and active learning, in which the model selects the 

most informative next experiment, reduces the number 

of experiments required to define a response.9,10 None 

of  these  strategies  removes  the  need for  well-docu-

mented,  reproducible  experimental  data,  which  re-

mains the most valuable resource.

4.4 Model validation

Reported performance depends heavily on how data are 

split. Random splits of molecules or formulations that 

are chemically near-identical give optimistic estimates, 

whereas splits by scaffold, by drug, or by time give a 

more realistic picture of how the model will behave on 

a genuinely new compound. Data leakage, in which 

information from the test set influences model devel-

opment  through  preprocessing,  feature  selection  or 

repeated tuning, is a recognized source of inflated per-

formance across ML-based science.16 The applicability 

domain, meaning the region of chemical and formula-

tion space in which the model has been trained and can 

be trusted, should be defined, and predictions outside it 

should be flagged.19

5. PREDICTION OF AQUEOUS SOLUBILITY

5.1 From simple descriptors to curated datasets

Computational estimation of aqueous solubility has a 

long history. The ESOL approach showed that aqueous 

solubility could be estimated directly from molecular 

structure using a small number of calculated descrip-

tors in a simple regression model, providing a trans-

parent  baseline  that  remains  widely  used  for 

comparison.11 Later work benefited from the assembly 

of larger and more carefully curated datasets. AqSolDB 

brought  together  solubility  values  from  multiple 

sources into a single curated reference set with calcu-

lated two-dimensional descriptors for a diverse range 

of compounds, enabling more systematic benchmark-

ing  of  models.12 Other  work  emphasized  dataset 

integrity, reporting predictive models of aqueous solu-

bility built on a large dataset described as being of high 

integrity.20

5.2  Machine  learning,  physicochemical  knowledge  

and generalization

More recent work has examined how ML can be com-

bined  with  physicochemical  relationships  to  predict 

solubility in organic solvents and in water, an approach 

that is relevant to formulation because many processes 

involve  non-aqueous  media.21 A  further  study  has 

specifically  examined the generalization,  complexity 

and predictive ability of ML models of intrinsic aque-

ous  solubility,  which  underlines  the  importance  of 

testing models beyond the data on which they were 

built.18 Reviews of computational solubility prediction 

in water-based systems describe qualitative and quan-

titative approaches and discuss their roles in discovery 

and development settings.19

5.3 Data quality is the limiting factor

Experimental solubility is not a single fixed number. It 

depends on solid form, pH, temperature, ionic compo-

sition, equilibration time and analytical method, and 

values  reported  for  the  same  compound  may  differ 

between  laboratories.  When  such  values  are  pooled 

without harmonization, part of the model error reflects 

the noise in the data and not the model itself, which 

places  an  upper  limit  on  the  accuracy  that  can  be 

demonstrated.12,20 Intrinsic  solubility  (of  the  neutral 

species) should be distinguished from apparent solu-

bility at a given pH, and thermodynamic from kinetic 

solubility measurements; mixing them in a training set 

is a common source of avoidable error.
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5.4 What solubility prediction does and does not de-

liver

Even an accurate predictor of intrinsic aqueous solu-

bility does not by itself yield a formulation. It helps to 

prioritize candidates,  flag likely BCS class II  or  IV 

behaviour early and select which enhancement strategy 

to  attempt  first,  but  the  solubility  that  matters  in  a 

dosage form is determined by the formulation envi-

ronment (polymer, lipid, surfactant, pH, and the dy-

namic conditions of the gut), not by the molecule alone. 

This is why the field has moved toward formulation-

phase predictions, discussed next.

6.  SOLUBILITY  AND  MISCIBILITY  IN 

FORMULATION-RELEVANT MEDIA

6.1 Lipid-based formulations

Lipid-based formulations keep the drug in a dissolved 

or  solubilized  state  in  the  gastrointestinal  tract,  and 

selection  of  lipid  and  surfactant  excipients  depends 

strongly on the drug's solubility in them.7 Screening 

this solubility experimentally for many excipients is 

laborious. The Sol_ME tool addressed this by using an 

artificial  neural  network with  molecular  fingerprints 

trained on 1,379 drug-solvent entries to predict drug 

solubility in lipidic excipients.13 The authors reported a 

correlation coefficient of 0.998 for the model and, in a 

case study with apalutamide, identified cinnamon oil as 

a suitable carrier, reporting a 75% reduction in formu-

lation volume and about 80% agreement between pre-

dicted and experimentally measured solubilities across 

35 drug-solvent combinations.13

This study is instructive for the central theme of this 

review. The very high correlation on the modelling data 

describes how well the model fits compounds drawn 

from the same collection, while the 80% agreement on 

experimental testing is a more modest but more rele-

vant measure of how the model performs in the labo-

ratory.  The  gap  between  the  two  illustrates  why 

computational  metrics  and  experimentally  demon-

strated performance should be reported separately. A 

subsequent study described the formulation, pharma-

cokinetic and pharmacodynamic evaluation of a unit-

dose lipid formulation for apalutamide developed with 

the  assistance  of  Sol_ME,22 extending  the  evidence 

from  solubility  prediction  towards  in  vivo  perfor-

mance, although the strength of that evidence should be 

judged from the original report.

6.2 Polymers and amorphous solid dispersions

ASDs depend on selecting a polymer that is miscible 

with the drug and that maintains the amorphous state 

and  supersaturation  during  storage  and  dissolution.8 

Because many drug-polymer pairs and ratios are pos-

sible,  experimental  screening  is  costly.  One  study 

combined high-throughput screening with ML to pre-

dict  the  formation  of  both  binary  and ternary  ASD 

formulations for early discovery and development, a 

design that addresses the scarcity of consistent data by 

generating  it  systematically.14 Combining  automated 

experimentation with ML in this way is attractive be-

cause the same experimental platform provides both 

the training data and the means of validating predic-

tions,  reducing  the  heterogeneity  that  limits  models 

trained on literature data.

Table 3 lists the studies discussed so far and what each 

contributes.  The  table  separates  the  nature  of  the 

evidence,  because  a  model  that  reports  prediction 

accuracy on a dataset and a study that experimentally 

confirms formulations answer different questions.

Table 3: Selected AI/ml Studies Discussed and the Nature of the Evidence

Study Task
Approach and data (as re-

ported)
Nature of evidence

ESOL 11
Aqueous solubility from 

structure

Regression on calculated molecu-

lar descriptors

Computational benchmark; trans-

parent baseline

AqSolDB 12
Curated aqueous solubility 

reference set

Multi-source compilation with 2D 

descriptors

Data resource enabling benchmark-

ing

Sun et al. 20 Aqueous solubility models
Models built on a large dataset of 

controlled integrity

Computational; emphasizes data 

quality

Boobier et al. 21
Solubility in organic sol-

vents and water

ML combined with physicochemi-

cal relationships

Computational; broader solvent 

scope
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Study Task
Approach and data (as re-

ported)
Nature of evidence

Sol_ME 13
Drug solubility in lipid 

excipients

Neural network, fingerprints, 

1,379 entries; apalutamide case

Computational plus experimental 

confirmation (35 combinations)

Lu et al. 14
Binary and ternary ASD 

formation

High-throughput screening plus 

ML

Computational and experimental 

screening data

Nguyen et al. 15
Drug-excipient compati-

bility
ML prediction of compatibility

Computational; assess against ex-

perimental stress data

Compiled by the author from the cited sources; de-

tails are limited to what the sources report.

7.  DRUG-EXCIPIENT  COMPATIBILITY  AND 

EXCIPIENT SELECTION

Incompatibility between drug and excipient,  through 

chemical  interaction,  moisture-mediated  degradation 

or physical change, can compromise stability and must 

be excluded early in development. Conventional com-

patibility studies use thermal and spectroscopic meth-

ods and stressed storage,  which are time-consuming 

when  many  excipients  are  considered.  ML  models 

trained on documented compatibility outcomes offer a 

way to rank excipients before experiments, and have 

been explored with the aim of  supporting safer and 

more efficient formulations.15

Several  points  deserve emphasis.  Compatibility data 

are scarce, imbalanced (compatible pairs usually out-

number  incompatible  ones)  and  reported  inconsis-

tently, and an incompatibility may depend on moisture, 

temperature, impurities and processing, none of which 

is captured by structure alone. Models should therefore 

be treated as screening tools that prioritize which pairs 

to test,  with experimental confirmation by the usual 

analytical methods, and false negatives (incompatible 

pairs  predicted as  compatible)  are  more  costly  than 

false positives. Sensitivity for the incompatible class 

and the risk-based use of predictions should be reported 

alongside overall accuracy.

A related application is excipient selection for solubil-

ity enhancement more generally, in which the model 

proposes polymers, surfactants, lipids or cyclodextrins 

most likely to support a given drug. Here, as in com-

patibility, the practical benefit is a smaller, better-cho-

sen experimental set; the value of a model is measured 

by how often its  top-ranked suggestions are experi-

mentally  confirmed,  compared  with  a  conventional 

screening strategy.9,10

8.  DISSOLUTION,  SUPERSATURATION  AND 

STABILITY PREDICTION

For many solubility-enhanced systems, the key perfor-

mance attribute is  not  equilibrium solubility but  the 

extent and duration of supersaturation during dissolu-

tion. Amorphous systems and some lipid and cocrystal 

formulations  generate  supersaturated  solutions  that 

may precipitate before absorption, so the formulation 

must  maintain  supersaturation  long  enough  for  ab-

sorption, often with the help of precipitation-inhibiting 

polymers.3,8 Modelling this  behaviour  requires  time-

resolved  data  rather  than  a  single  solubility  value, 

which makes datasets harder to obtain and compare.

ML approaches to dissolution use formulation compo-

sition,  drug  properties,  process  parameters  and  test 

conditions to predict dissolution profiles, and related 

approaches aim to predict physical stability, such as the 

tendency  of  an  amorphous  system to  crystallize  on 

storage. Reviews of ML in formulation science identify 

dissolution and stability prediction as active but less 

mature areas than solubility prediction, in part because 

of the limited availability of standardized datasets.9,10 

Mechanistic  models  of  dissolution  and  precipitation 

can  be  combined  with  ML  so  that  the  data-driven 

component learns residual effects not captured by the 

mechanism, an approach sometimes described as hy-

brid or physics-informed modelling.

For stability,  the relevant  prediction horizon is  long 

(months to years)  while  available experimental  data 

come from accelerated conditions. Extrapolation from 

accelerated to real-time storage is itself uncertain, and 

a model trained on short-term data should not be as-

sumed to predict shelf life without supporting real-time 

results.
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9.  FORMULATION  OPTIMIZATION:  FROM 

EXPERIMENTAL  DESIGN  TO  ACTIVE 

LEARNING

9.1 Quality by Design and design of experiments

Quality by Design is a systematic approach in which 

product  and  process  understanding,  based  on  sound 

science and risk management,  is  built  into develop-

ment, with critical quality attributes linked to critical 

material attributes and process parameters.23 In prac-

tice, QbD commonly uses design of experiments (DoE) 

and response-surface modelling to map the relationship 

between formulation variables and responses such as 

dissolution, particle size or stability. These are, in a 

broad sense, early forms of data-driven modelling, and 

ML can be seen as an extension that handles larger 

variable sets and more complex nonlinear responses.

9.2 Surrogate modelling, Bayesian optimization and  

active learning

In surrogate modelling, a computationally cheap sta-

tistical model approximates the relationship between 

formulation inputs and outputs, and is used to explore 

the  design  space  and  select  experiments.  Bayesian 

optimization  builds  on  this  by  using  the  surrogate's 

predictions and uncertainty to choose the next experi-

ment that is most likely to improve the target response, 

balancing  exploration  of  uncertain  regions  with  ex-

ploitation of promising ones. Active learning applies 

the same logic to model building, selecting the experi-

ments  that  are  most  informative  for  improving  the 

model. The common aim is to reach a satisfactory for-

mulation or a reliable model with fewer experiments 

than a conventional factorial or screening design; re-

views of ML in formulation science discuss this aim in 

more detail.9,10

These methods work best when the response can be 

measured  quickly  and  reproducibly,  the  number  of 

variables  is  moderate,  and constraints  (for  example, 

acceptable excipient levels) are encoded. They can be 

coupled with automated formulation and testing plat-

forms to form closed-loop systems, in which an algo-

rithm proposes formulations, a robot prepares and tests 

them and results are fed back. Closed-loop systems are 

still  developing,  and  their  value  for  solubility  en-

hancement will depend on the availability of reliable 

automated assays for solubility, dissolution and stabil-

ity.9

9.3 Multi-objective problems

Real  formulations  must  satisfy  several  objectives  at 

once: adequate solubility and dissolution, physical and 

chemical  stability,  manufacturability,  acceptable  ex-

cipient  load  and  cost.  Multi-objective  optimization 

identifies the set of trade-off solutions (the Pareto front) 

so that the formulator can choose among them. Con-

straints derived from regulatory acceptability of excip-

ients and from process capability should be part of the 

optimization problem, and not applied afterwards.

10. INTEGRATION WITH PBPK MODELLING 

AND IN VIVO PERFORMANCE

Improved in  vitro  solubility  or  dissolution does  not 

automatically translate into improved bioavailability. 

Absorption  depends  on  the  interplay  of  dissolution, 

supersaturation,  precipitation,  gastrointestinal  transit, 

permeability and first-pass metabolism. PBPK models 

represent these processes mechanistically and can esti-

mate the effect of formulation on plasma exposure, and 

so are a natural partner for ML, which can supply in-

puts  (such as  predicted  solubility  or  dissolution pa-

rameters) that are difficult to measure.9,10

A recent study described integrating AI with PBPK 

modelling to predict the in vitro and in vivo fate of 

amorphous solid dispersions, linking formulation-level 

predictions to systemic exposure.24 The attraction of 

such pipelines is that they connect a formulation deci-

sion to a clinically relevant outcome; the risk is that 

errors  compound,  since  uncertainty  in  the  ML-pre-

dicted input propagates through the mechanistic model. 

Credibility therefore requires verification against mea-

sured pharmacokinetic data, uncertainty quantification 

and, where possible, testing in a compound that was not 

used to build the model.

The  overall  chain  from molecule  to  patient  can  be 

summarized  as  prediction  of  solubility,  selection  of 

excipients, optimization of composition, prediction of 

dissolution and supersaturation, PBPK simulation and, 

finally,  experimental  confirmation  including  in  vivo 

studies where justified. Evidence of value is strongest 

at the ends of this chain that have been experimentally 



K. Ravi, Int. J. of Pharm. Sci., 2026, Vol 4, Issue 10, 2903-2915 | Review

  

              INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES 2911 | P a g e

tested, and weakest where predictions have only been 

compared with other predictions.

10.1 An integrated, experiment-anchored workflow

Bringing the preceding sections together, an AI-sup-

ported  solubility-enhancement  programme  can  be 

organized as a sequence in which each computational 

step  is  followed  by  an  experimental  check  that 

determines whether the programme proceeds. Table 4 

outlines such a workflow. It is the author's synthesis of 

the approaches discussed in this review and is not a 

validated protocol.

Table 4: Outline of an Experiment-Anchored, Ai-Supported Workflow for a Poorly Soluble Drug

Stage Decision Role of AI/ML Experimental anchor

1. Characterize
Is solubility or dissolution 

limiting absorption?

Predict aqueous solubility and BCS 

tendency from structure 11,12

Measure equilibrium solubility, 

pKa, melting point and solid 

form

2. Choose strategy
Which enhancement approach 

is most promising?

Rank strategies using drug proper-

ties; flag candidates for ASD, lipid 

or salt routes 9,10

Small feasibility experiments for 

the top two or three strategies

3. Screen excipi-

ents

Which polymers, lipids or 

surfactants?

Predict formulation-phase solubil-

ity or miscibility 13,14; screen com-

patibility 15

Confirm top-ranked excipients; 

test compatibility by standard 

methods

4. Optimize
Which composition and 

process settings?

Surrogate modelling, Bayesian 

optimization or active learning 

within QbD limits 23

Sequential experiments chosen 

by the algorithm; verify against 

DoE where feasible

5. Predict perfor-

mance

Will dissolution and supersat-

uration be adequate?

Dissolution and stability models; 

hybrid mechanistic-ML models

Dissolution testing in biorelevant 

media; accelerated and real-time 

stability

6. Translate Is in vivo benefit expected?
PBPK simulation with ML-derived 

inputs 24

Pharmacokinetic study where 

justified; compare with model 

prediction

7. Document
Is the evidence credible and 

auditable?

Record data provenance, model 

version and limits of use 25,26
Change control and periodic re-

verification

Prepared  by  the  author  as  a  synthesis  of  the  ap-

proaches discussed in this review.

Two features of this workflow deserve emphasis. First, 

the experimental anchors define the stopping rules: a 

model whose top-ranked suggestions are not confirmed 

at stage 3 should be re-examined or abandoned before 

effort is invested in later stages. Second, the benefit of 

the  workflow can  be  measured,  for  example  as  the 

number of experiments or the quantity of drug sub-

stance needed to reach a target performance compared 

with a conventional approach, and such measurement 

should accompany any claim that AI has accelerated 

development.

For  a  student  or  early-career  researcher,  a  practical 

starting  point  is  stage  3,  applied  to  a  drug  already 

available in the laboratory: measure its solubility in a 

small  panel  of  candidate  excipients,  build  a  simple 

baseline model, and test whether the model's ranking of 

a few additional excipients is confirmed by measure-

ment. Such a small project teaches data curation, vali-

dation  and honest  reporting,  and  yields  the  kind  of 

experimentally confirmed result that the literature still 

lacks.

11.  VALIDATION,  REPRODUCIBILITY  AND 

DATA QUALITY

Table 5 lists the main weaknesses that affect AI studies 

in  pharmaceutical  formulation  and  ways  to  address 

them, and Table 6 offers a short checklist for authors, 

reviewers and students appraising such studies.

Table 5: Common Pitfalls in AI/ml Formulation Studies and Mitigation

Pitfall How it arises Mitigation

Small dataset / overfit-

ting

Many descriptors, few formulations; repeated 

model tuning

Simple models; regularization; nested cross-val-

idation; held-out test set
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Pitfall How it arises Mitigation

Data leakage

Preprocessing or feature selection on all data; 

near-duplicate compounds in train and test sets 
16

Fit all preprocessing within training folds; split 

by scaffold, drug or time

Inconsistent experi-

mental data

Different pH, temperature, solid form and 

methods across sources

Record metadata; harmonize or model condi-

tions explicitly; prefer internally consistent data

Publication bias Failed formulations rarely reported
Include negative results; generate balanced data 

with screening platforms

Limited applicability 

domain

Model used outside its chemical or formulation 

space 19
Define the domain; flag extrapolation; report 

uncertainty

Computation without 

confirmation

Accuracy on dataset presented as formulation 

success

Experimental validation of top predictions; re-

port prospective hit rate

Opaque models Black-box predictions without rationale
Report interpretable baselines; use explanation 

tools with caution

Compiled by the author from the cited literature.

Table 6: Appraisal Checklist for AI/ml Formulation Studies

Question Why it matters

Is the training data source, size and measurement protocol described? Data quality limits attainable accuracy 12,20

Was the test set truly independent (by compound, scaffold or time)? Guards against leakage and optimistic estimates 16

Is a simple baseline model reported for comparison? Shows whether complexity adds value

Is the applicability domain stated, and are uncertainties given? Prevents unjustified extrapolation 19

Were the best predictions confirmed experimentally, and what was 

the hit rate?

Distinguishes prediction from demonstrated per-

formance 13

Are code, data and processing steps available? Enables reproducibility and independent testing

Is there a link to in vivo or clinically relevant performance? Solubility is a means, not an end 24

Compiled by the author from the cited literature.

Data  sharing  and  standardization  deserve  emphasis. 

Formulation science would benefit from shared, well-

annotated  datasets  that  include  negative  results  and 

complete  metadata  (solid  form,  pH,  temperature, 

method, equilibration time), as has happened with cu-

rated solubility collections.12 Without such resources 

each group works with small, idiosyncratic datasets and 

models cannot be compared fairly.

12.  REGULATORY  AND  QUALITY 

PERSPECTIVES

As AI enters development, regulators have begun to set 

expectations. The US Food and Drug Administration 

has issued draft guidance on considerations for the use 

of AI to support regulatory decision-making for drug 

and  biological  products,  which  adopts  a  risk-based 

approach in which the credibility of a model is assessed 

for  its  specific  context  of  use.25 The  European 

Medicines Agency has published a reflection paper on 

the use of AI across the medicinal product lifecycle, 

addressing matters such as data quality, model perfor-

mance and the need for human oversight.26 These doc-

uments  are  broader  than formulation,  and neither  is 

specific to solubility enhancement, but their principles 

are directly applicable: the model's intended use should 

be defined, its performance and limits documented, and 

its impact on product quality assessed in proportion to 

risk.

Within the QbD framework, a model that informs de-

velopment decisions but whose outputs are confirmed 

by experiments carries lower regulatory risk than one 

that is used to justify a control strategy or to replace 

testing.23 Documentation  of  data  provenance,  model 

version, validation and change control is part of good 

practice. Developers should also be aware that regula-

tory guidance on AI is evolving, and that current na-

tional  and  regional  documents,  including  those  of 

Indian authorities, should be consulted before AI-de-

rived evidence is included in a submission.
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13. CHALLENGES AND RESEARCH GAPS

The main challenges can be summarized as follows. 

Data are limited, heterogeneous and often proprietary, 

and negative results are under-reported. Many studies 

stop  at  computational  validation,  so  the  number  of 

experimentally confirmed, prospectively tested formu-

lations remains small  compared with the number of 

models published. Interpretability is limited for com-

plex models, which weakens trust and makes it hard to 

extract  mechanistic  insight.  External  validation  on 

compounds structurally distinct from the training set is 

rare.  Formulation-phase  predictions  (solubility  in 

polymers, lipids and mixed systems) lag behind aque-

ous  solubility  prediction  in  data  availability  and 

benchmark standardization. Linking predictions to in 

vivo performance is complicated by the propagation of 

uncertainty through PBPK models. Finally, uncertainty 

about  regulatory  acceptance,  and  limited  access  to 

computational expertise and automation in many aca-

demic  and  smaller  industrial  settings,  slow  transla-

tion.9,10,16

Several  research  gaps  follow.  Shared  benchmark 

datasets with complete metadata and negative results 

are needed. Prospective studies should report how often 

top-ranked predictions are confirmed and how many 

experiments were saved compared with conventional 

development.  Methods for uncertainty quantification 

and  applicability-domain  assessment  should  become 

standard.  Hybrid  mechanistic-ML  models  deserve 

further development for dissolution, precipitation and 

stability. Finally, systematic comparisons between AI-

guided and conventional development of the same drug 

would give the most convincing evidence of value.

14. FUTURE PERSPECTIVES

The most likely near-term development is closer inte-

gration of  prediction and experiment.  Automated or 

high-throughput platforms can generate consistent data 

at scale, active learning can direct what is measured, 

and ML can in turn shorten the cycle between hypoth-

esis  and  test.9,14 Multi-scale  integration,  in  which 

molecular predictions feed formulation-phase models 

and these feed PBPK simulation, is a longer-term goal 

that will depend on better uncertainty handling at each 

step. Explainable models that connect predictions to 

recognizable  physical  factors  (lipophilicity,  lattice 

energy, hydrogen-bonding, miscibility) will  be more 

acceptable to formulators and regulators than purely 

statistical ones.

Large  language  models  and  other  generative  tools 

may help with literature extraction and with the struc-

turing of formulation databases, but their outputs re-

quire verification against primary sources, since errors 

in  extracted  data  would  propagate  into  models.  For 

students and early-career researchers in pharmaceutics, 

practical skills in experimental design, data curation 

and basic ML, together with an understanding of vali-

dation, are likely to become part of routine formulation 

training.

CONCLUSION

AI and ML are increasingly applicable to the solubility 

enhancement of poorly water-soluble drugs, from pre-

dicting  aqueous  and  formulation-phase  solubility  to 

selecting  excipients,  optimizing  compositions  and 

connecting formulation to  in  vivo exposure through 

PBPK modelling. The strongest studies combine com-

putational prediction with experimental confirmation, 

as illustrated by tools that were tested against measured 

solubilities and by approaches that couple automated 

screening with ML. The principal limitations are the 

size, consistency and availability of data, limited in-

terpretability, infrequent external and prospective vali-

dation, and evolving regulatory expectations. AI should 

therefore be regarded as a complement to, and not a 

replacement for, experimental formulation science. Its 

value will be determined by whether predictions are 

confirmed in the laboratory, reduce the experimental 

effort needed, and ultimately yield formulations with 

demonstrated improvement in pharmaceutical perfor-

mance.
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