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Abstract: Poly lactic-co-glycolic acid (PLGA) nanoparticles’ particle size is a crucial quality parameter, but precise pre-experimental
prediction is still challenging since it depends on coupled polymer, drug, and formulation variables across heterogeneous investigations.
Hydrodynamic particle size was modeled in this study using a carefully selected literature-derived dataset that included 430
formulations from 59 literature references and 15 predictors. Nevertheless, the suggested model shows very little cross-study generality.
Drug hydrogen-bond acceptor count (mol Hacceptors), LA/GA ratio, surfactant concentration, drug/polymer ratio, drug lipophilicity,
and polymer molecular weight were consistently found to be the main predictors of particle size by interpretable machine learning (ML)
analyses, with distinct non-linear and interaction-dependent behavior. A grouped external hold-out split at the literature-reference level
and random 5-fold cross-validation were used to assess the performance of the proposed model. While performance declined on the
external reference-level test set (RMSE = 61.56 nm, MAE = 49.63 nm, R2 = 0.18), random 5-fold cross-validation demonstrated good
apparent in-distribution performance (RMSE = 49.75 nm, MAE = 26.63 nm, R2 = 0.76). These results demonstrate that study-aware
external validation is necessary prior to widespread predictive implementation, but they also support the use of interpretable machine
learning for formulation screening and hypothesis creation.
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1 Introduction

As an approach to drug delivery, PLGA (poly
lactic-co-glycolic acid) nanoparticles have been utilized
extensively due to their biodegradable nature,
biocompatible properties and their ability to be modified
physically and chemically [1,2]. The production of these
nanoparticles can be accomplished at scale by utilizing a
variety of methods for polymerization; therefore,
researchers can systematically modify the physical
characteristics of the polymers, including the ratios of

lactic and glycolic acid, molecular weights, and chemical
compositions of the end-groups, along with various
formulation and processing factors, to enable the
fine-tuning of the rates of degradation of the polymer and
the release of drugs, enhance the stability of fragile
pharmaceutical products and allow for the administration
of the drugs via multiple routes [3,4]. Furthermore,
PLGA has had a documented history of being accepted by
regulatory bodies for use in the controlled release of
pharmaceutical products, such as long-acting depot
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formulations, which demonstrates the translation of this
material into a viable candidate for the development of
advanced nanomedicine [3,5].

Researchers throughout the biomedical community
continue to explore the utilization of PLGA nanoparticles
to encapsulate small molecules, biologics, nucleic acids,
and imaging agents, as well as to surface-engineer them
with techniques such as PEGylation and/or the
attachment of ligands to modulate their biodistribution,
cellular interaction and therapeutic index [6,7].

Particle size is one of the critical parameters that
affect the performance of PLGA nanoparticles. Particle
size influences the colloidal stability, drug loading and
release, diffusion and transport across physiological
barriers, and interactions with immune surveillance
pathways, which subsequently impact the
pharmacokinetics and efficacy of therapy [8,10,9].
Therefore, the size of nanoparticles, as well as their shape
and surface chemistry, affect the mechanisms of cellular
uptake and organ level distribution of the drug carrier,
leading to the necessity to strictly control both the size
and polydispersity of nanoparticles during both research
and manufacturing [11,12,13].

However, it is difficult to produce nanoparticles of a
predetermined size with good reproducibility. PLGA
nanoparticles are formed through tightly coupled,
nonlinear processes that include solvent–antisolvent
mixing, supersaturation-induced nucleation and growth of
polymer particles, precipitation of polymer, and
stabilization of polymer particles through surfactants,
which collectively respond to changes in the formulation
and processing variables of the fabrication route [14,15].
Many fabrication routes for PLGA nanoparticles, such as
nanoprecipitation and emulsion-based techniques, involve
numerous process variables that interact with each other
in a complex manner and often in a non-intuitive fashion,
leading to considerable batch-to-batch variability [16,17].
Although microfluidic platforms provide better control
over the mixing process and reproducibility, they also add
additional process variables, such as the architecture of
the channels, the ratio of the flow rate, and the residence
time, further increasing the complexity of the design
space, and emphasizing the need for systematic,
data-driven strategies to optimize the formulation of
nanoparticles [18,19].

Optimization of PLGA nanoparticles has largely
employed either one-factor-at-a-time experimentation or
statistically based methodologies, primarily the Design of
Experiments (DoE), which is part of the Quality by
Design (QbD)/DoE paradigm [20]. While QbD/DoE
provides an efficient method to identify local factor
effects and interactions, many practical aspects of
developing nanoparticles increasingly present researchers
with sparse datasets, heterogeneous protocols among
different studies, and high dimensional parameter spaces
that are expensive and time-consuming to evaluate
experimentally [15,17]. As a result, there is increasing
interest in the application of ML as a supplementary

methodology to learn complex structure-process-property
relationships directly from experimental data to facilitate
improved predictions and more efficient formulation
development [21,22]. Within the larger scope of
nanomedicine, workflows guided by ML have shown
value in navigating large combinatorial formulation
landscapes, combining high-throughput experimentation
with iterative model-driven refinement, and optimizing
target biological endpoints, such as cellular uptake [23].
Simultaneously, recent studies on PLGA nanoparticle
synthesis have demonstrated the capability of ML-based
regression frameworks to accurately predict the sizes
(and, in certain instances, zeta potentials) of PLGA
nanoparticles, providing evidence that ML-based rational
design and process optimization may be applied to PLGA
nanoparticle synthesis [24,25].

Although many challenges remain to implement ML
in the design of PLGA nanoparticles, the two biggest
problems are predictive robustness, which is typically
influenced by relatively low sample numbers, variations
in protocol among samples, and shifts in data sets that
increase an ML algorithm’s susceptibility to overfitting,
and therefore potentially degrade its performance when it
is used on new formulations, equipment, or
manufacturing settings [21,22]. Another significant
problem is lack of validation and the relative lack of
interpretability that constrains both scientific and
regulatory confidence: formulation scientists must have
the ability to obtain reliable predictions, and in addition to
that they need to understand what formulation and
processing parameters drove those predictions so that
they could modify those parameters in order to produce a
particle of a desired size [26,27]. Both of these problems
will be solved if researchers follow established guidelines
and best practices in developing their ML algorithms, i.e.,
leakage-free pre-processing, principled hyper-parameter
search, and performance evaluation that is aligned with
the way the ML model will ultimately be used, and
include validation that tests the ML model’s ability to
generalize [28]. Additionally, cross-validation, especially
cross-validation that takes into account the structure of
the experiments, provides a robust estimate of
performance of the ML model based upon internal data,
whereas external validation using independent data sets or
experimental protocols provides a very strict test of
whether or not the ML model can be transferred to other
conditions [29,30,31]. Finally, improvements in
Explainable AI provide the opportunity for systematic
exploration of how the ML model behaves; for example,
feature-attribution methods (for example, methods based
on Shapley-values) allow identification of the most
influential formulation and processing factors and
interactions between them that are consistent with an
understanding of the mechanisms behind
nanoprecipitation and emulsification [27,28].

The aim of this study was to develop a
literature-derived, study-aware ML workflow for
predicting the particle size of PLGA nanoparticles from
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formulation descriptors, while explicitly accounting for
heterogeneity across independent studies. In addition to
model development, the study systematically compares
conventional random cross-validation, which primarily
reflects in-distribution performance, with reference-level
external testing that evaluates the model’s ability to
generalize across different literature sources. This design
enables a more realistic assessment of predictive
performance and highlights the impact of study-level
variability on model reliability.

2 Materials and Methods

2.1 Study Design and Data Sources

This study developed and evaluated predictive models for
the hydrodynamic diameter of PLGA nanoparticles using
a custom-curated, literature-derived formulation dataset.
Records were retained only when hydrodynamic particle
size and the required formulation descriptors were
reported sufficiently for structured extraction, and
duplicate formulations or repeated measurements were
consolidated at the formulation level before
modeling [28]. The final modeling population consisted
of 430 unique formulations obtained from 59 separate
literature references. Each formulation was assigned a
Literature Reference Identifier so that data splitting could
be performed at the study level, thereby limiting leakage
of study-specific information between development and
test partitions and enabling a more realistic assessment of
out-of-study prediction. This modeling dataset was
custom-curated for the present study and is not identical
to the broader Mendeley PLGA nanoparticle data record.
Table 1 summarizes dataset composition and the exact
development/external split used for evaluation, as shown
in Figure 1.

2.2 Definitions and Preprocessing of Features

Each formulation was described by 15 features spanning
polymer, drug, surfactant, solvent, and phase-ratio
descriptors. These included polymer molecular weight,
copolymer composition (LA/GA), drug physicochemical
descriptors (for example mol logP, mol TPSA,
mol Hacceptors, mol heteroatoms, and
mol melting point), and formulation descriptors such as
drug/polymer ratio, surfactant concentration,
surfactant HLB, aqueous/organic ratio, pH, and
solvent-related variables. The full predictor dictionary is
provided in Table 2.

Prior to modeling, exact duplicates were removed so
that repeated formulations would not disproportionately
weight the fitted models. There were no missing values in
the final feature matrix; therefore, no imputation was
required. Because the particle-size distribution was

right-skewed, the outcome was modeled on the
logarithmic scale as y = log10(PSnm), where PSnm
denotes hydrodynamic particle size in nanometers.
Predictions were back-transformed as P̂Snm = 10ŷ for
performance reporting and prediction-versus-actual
visualization.

2.3 Supervised Machine Learning Workflow

A Random Forest (RF) regression framework was
selected as the main model because particle size depends
on nonlinearly coupled formulation effects [32,33,34].
RF can capture non-linear interactions without
pre-specification, and the fitted ensemble supports
complementary interpretability analyses including
permutation importance, SHAP, and partial dependence
plots. The final RF model used 400 trees
(n estimators = 400), max features = ‘sqrt’,
min samples split = 2, min samples leaf = 1,
bootstrap = True, and random state = 42; all other
parameters were left at their default settings. These
settings were selected to balance predictive stability and
ensemble diversity, thereby reducing correlation among
trees and improving generalization. The baseline
comparator was a dummy regressor that predicted the
training-set mean, and a validation-curve analysis of
n estimators was utilized to investigate the impact of
ensemble size independently.

2.4 Training, Cross-Validation, and External
Reference-Split Testing

Two complementary validation regimens were used. The
external reference-split evaluation is the primary basis for
claims of model generalizability in this study since random
cross-validation estimates in-distribution performance [35,
36].

–Random 5-fold cross-validation (CV): standard
shuffled 5-fold cross-validation was used to estimate
in-distribution performance. Out-of-fold predictions
were generated for all samples to construct
prediction-versus-actual plots.

–External reference-split evaluation: a grouped
hold-out test split was created at the
literature-reference level such that no references were
shared between training and test sets. The external
split comprised 12 references and 80 formulations,
whereas model development used the remaining 47
references and 350 formulations. The external test set
was created using a grouped random split at the
literature-reference level with a fixed random seed
(random state = 42). This split was performed once
and was not repeated.
This design explicitly distinguishes performance

under conventional random splitting from performance
under cross-study domain shift.
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Fig. 1: The proposed work

Table 1: Summary of dataset composition and external reference-split evaluation.

Dataset component References Formulations Notes

Total curated dataset 59 430 All unique formulations retained for modeling
Model-development set 47 350 Used for fitting and internal cross-validation
External reference-split test set 12 80 No literature references shared with development set
Predictor set – 15 Polymer, drug, surfactant, solvent, and phase-ratio descriptors

2.5 Performance Metrics

Performance was quantified on back-transformed particle
sizes (nm) using root mean squared error (RMSE), mean
absolute error (MAE), and coefficient of determination
(R2) [37,38,39]. For random 5-fold cross-validation,
pooled out-of-fold metrics are reported together with
fold-wise RMSE behavior in the validation-curve
analysis; external reference-split results are reported as
held-out test-set point estimates.

Root mean squared error (RMSE) is a measure of the
average prediction error in the same units as the target
variable, calculated as the square root of the average of
the squared discrepancies between predicted and
observed values as shown in Equation (1) [32]:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (1)

Mean absolute error (MAE) is a measure of the
average size of prediction mistakes, independent of their
direction, and is calculated by averaging the absolute
disparities between projected and actual values as shown

in Equation (2) [35]:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (2)

Coefficient of determination (R2) measures the
percentage of the observed data’s variance that the
prediction model can account for, as shown in
Equation (3) [36]:

R2 = 1−

n

∑
i=1

(yi − ŷi)
2

n

∑
i=1

(yi − ȳ)2
(3)

The validation-curve analysis summarized fold-wise
RMSE distributions across cross-validation folds for
varying estimator settings.

2.6 Interpretability and Robustness Analyses

To ensure interpretability and mitigate reliance on a single
explanation method, three complementary approaches
were used:
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Table 2: Features dictionary used for the literature-derived PLGA nanoparticle model.

Feature Unit/Type Encoding/Derivation Scientific Rationale

polymer MW Mol. weight Numeric, as reported Captures chain length, viscosity,
and precipitation behavior

LA/GA Lactide:glycolide
ratio

Numeric ratio Reflects polymer composition,
hydrophobicity, and chain packing

polymer endgroup Categorical Curated polymer
descriptor

May influence polymer polarity and
interfacial behavior

mol logP Dimensionless Drug physicochemical
descriptor

Represents lipophilicity and phase
partitioning tendency

mol TPSA Å2 Drug physicochemical
descriptor

Captures polarity and hydrogen-
bonding-related transport behavior

mol Hacceptors Count Calculated molecular
descriptor

Represents drug hydrogen-bond
acceptor capacity

mol heteroatoms Count Calculated molecular
descriptor

Summarizes polar atom content and
interaction potential

mol melting point ◦C Drug physicochemical
descriptor

Proxy for crystal lattice strength
and solvation behavior

drug/polymer Ratio Numeric formulation
ratio

Controls relative solute loading
during particle formation

surfactant concentration Concentration Numeric, as reported Affects stabilization and interfacial
coverage

surfactant HLB Dimensionless Surfactant descriptor Reflects surfactant balance and
emulsification tendency

aqueous/organic Phase ratio Numeric ratio Represents solvent–antisolvent
environment during precipitation

pH Unitless Coded/curated aqueous-
phase descriptor

Can affect ionization and colloidal
stabilization

solvent identity Categorical Organic-solvent
descriptor

Captures solvent-specific effects on
miscibility and evaporation

solvent polarity index Dimensionless Curated solvent
descriptor

Represents solvent polarity and
mixing behavior

–Permutation feature importance was computed on the
external test set as the increase in RMSE on the log10
scale after shuffling each feature repeatedly. Larger
increases indicate greater reliance of the fitted model
on that feature for out-of-study prediction.

–SHAP (TreeSHAP) values were computed to
characterize the magnitude and direction of each
feature’s contribution to predictions at the sample
level and summarized using a global beeswarm plot.

–Partial dependence plots (PDPs) were used to
visualize average marginal associations of selected
predictors with the fitted model output, while SHAP
dependence plots were used to examine directionality
and interaction structure for dominant drivers. These
plots describe model behavior and should not be
interpreted causally.

2.7 Software and Reproducibility

All analyses were conducted in Python using standard
ML and scientific-computing libraries with fixed random
seeds for reproducibility. Evaluation used a

leakage-resistant workflow, including group-aware
splitting at the literature-reference level for the external
test. The curated dataset and analysis code are available
upon reasonable request.

3 Results

The curated dataset comprised 430 unique PLGA
nanoparticle formulations described by 15 feature
variables. Observed particle sizes ranged from 20.2 to
1012.0 nm (median = 167.3 nm; IQR = 138.6–210.8 nm).
Because the distribution was right-skewed, particle size
was modeled on the log10 scale and back-transformed to
nanometers for reporting.

For external reference-split testing, 80 formulations
from 12 literature references were held out as the test set,
while the remaining 350 formulations from 47 references
were used for model development. Table 1 summarizes
dataset composition and the development of external split.
Under external reference-split evaluation, predictions
were compressed toward intermediate values: smaller
particles were systematically overpredicted and larger
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particles were systematically underpredicted, consistent
with shrinkage toward the center of the training
distribution.

Nevertheless, the RF still had some measurable signal
above and beyond the baseline predictor:

–Baseline (mean predictor): RMSE = 68.14 nm,
MAE = 57.26 nm, R2 =−0.01

–Random Forest: RMSE = 61.56 nm, MAE = 49.63 nm,
R2 = 0.18

Under random 5-fold cross-validation, out-of-fold
predictions clustered near the identity line in the central
region of the size distribution, with larger errors toward
the extremes. In pooled out-of-fold terms, the RF model
achieved RMSE = 49.75 nm, MAE = 26.63 nm, and
R2 = 0.76.

These results demonstrate that strong apparent
performance under random CV does not fully translate to
cross-study prediction, consistent with the presence of
unmeasured study-specific variability.

Permutation importance was calculated on the
external test set as the increase in RMSE (log10 scale)
after repeated shuffling of each feature. Larger values
indicate greater reliance of the fitted model on that feature
for external predictions. mol Hacceptors and LA/GA
produced the largest RMSE increases, identifying them as
the strongest predictors under the more stringent
out-of-study evaluation. On the other hand, SHAP
analysis showed a broadly similar ranking of dominant
predictors while additionally revealing the direction and
sample-level magnitude of each feature’s contribution.
Agreement between permutation importance and SHAP
supports internal consistency of the fitted model’s
explanations, but it should not be interpreted as evidence
of causal mechanism.

The depicts little variation of model performance
across the tested ensemble sizes
(n estimators = 50,100,200,400,800); mean
cross-validation RMSE changed only modestly and the
fold-wise RMSE distributions overlapped substantially,
indicating that performance in this setting was not highly
sensitive to the number of trees. An ensemble size around
400 trees therefore represented a reasonable operating
point.

The PDPs show average marginal effects on the
model output on the log10 scale. Rug plots indicate data
density across the observed feature range, so trends in
sparse regions should be interpreted cautiously. Together,
the PDPs provide further evidence of non-linear
relationships:

–LA/GA: increasing effect on model output up to an
intermediate regime followed by a plateau.

–Surfactant concentration: rapid change at low
concentrations with diminishing marginal effect at
higher levels.

–Polymer molecular weight: a threshold-like rise at low
to moderate values followed by stabilization.

The SHAP dependence plot for LA/GA within the
fitted model demonstrated a positive directional
association, with higher LA/GA values often associated
with larger anticipated particle sizes. The color gradient
indicates interaction with the surfactant regime, and the
discrete grouping represents frequently used formulation
parameters. Model behavior, not mechanism, is described
by these relationships.

A SHAP dependence plot for mol Hacceptors
indicated a structured and nonlinear association. For
drugs having low acceptor numbers, SHAP values were
positive and indicated increased predicted sizes. Drugs
having intermediate to high acceptor counts typically
showed negative SHAP values indicating decreased
predicted sizes. Color mapping based on surfactant
concentrations indicated that the magnitude of the
drug-descriptor effect was variable under different
surfactant conditions, which is consistent with
coupled-model associations. Mol Hacceptors refers to the
calculated total count of hydrogen-bond acceptor atoms
within a drug molecule.

Together, these analyses indicate that particle size in
this literature-derived dataset is influenced by non-linear
relationships across polymer composition, surfactant
conditions, and drug polarity-related descriptors.

4 Discussion

The major challenge with literature-based formulation
models is how often one finds domain shift for each
individual study. The way formulations are prepared, the
rate at which solutions are injected into the solution
stream, whether additional components are added to the
solution stream in order to help mix and/or provide some
form of mechanical shearing, etc., are all things that can
cause differences in what is measured as an average
diameter but cannot be predicted based on our current
descriptor set. As such, cross-validation can predict too
high of a deployable performance if two samples from the
same original literature study end up being used in both
the training and the testing folds.

Even though the external performance was reduced,
the interpretability analyses showed that mol Hacceptors
and LA/GA were always among the most significant
predictors of the fitted model. This result makes sense
given that the polymers used to make PLGA formulations
vary widely in their chemical composition (and thus
hydrophobicity and chain packing) and that drug
molecules’ ability to participate in hydrogen bonding
affects their distribution and interface behavior during the
formation of nanoparticles. In addition, these descriptors
have been consistently reported throughout many studies;
therefore, it is likely that they will continue to be among
the most important predictors even after pooling multiple
studies together.

Other significant predictors of importance included
surfactants (i.e., HLB and concentration), polymer
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Fig. 2: SHAP dependence plot for mol Hacceptors colored by surfactant concentration.

molecular weight, and drug-to-polymer ratios. Each of
these relates to the mechanisms associated with colloidal
stability, solution viscosity, and phase separation during
particle formation. Furthermore, SHAP dependence plots
suggested non-linear and interaction-dependent behavior;
this supports the fact that the fitted model reacts to
formulation regimes rather than reacting to the linear
effect of any one single variable.

However, several factors limit the present model and
constrain mechanistic interpretation. First, the dataset
combines heterogeneous literature conditions, while key
process variables such as mixing energy, injection rate,
temperature history, solvent evaporation conditions, and
particle-sizing protocols were not available as structured
predictors. Second, the observed predictor-outcome
relationships are associative rather than causal because
many formulation choices co-vary within individual
studies. Third, although the model was robust to the
number of trees, the external compression of predictions
indicates that improved cross-study prediction will likely
require richer process metadata, hierarchical approaches
that account for study effects, or new prospective datasets
collected under standardized conditions. Additional
limitations include publication bias, selective reporting
bias, and literature-curation bias, all of which may distort
the observed feature distribution and apparent
feature-outcome relationships in a literature-derived ML
dataset.

Future work should therefore focus on incorporating
process-level descriptors and measurement metadata,
evaluating performance with more rigorous study-aware

validation designs, and prospectively validating the
workflow on newly prepared formulations under
standardized conditions. A useful prospective validation
study would reserve a predefined panel of PLGA
formulations as an external test set, prepare all
formulations under harmonized protocols, and measure
particle size using a standardized analytical method.

5 Conclusions

This research establishes an interpretable
machine-learning method for predicting the
hydrodynamic size of PLGA nanoparticles from carefully
selected literature formulation data. The suggested model
performed well in-distribution under random 5-fold
cross-validation (RMSE = 49.75 nm, MAE = 26.63 nm,
R2 = 0.76), but its accuracy significantly decreased on an
external test at the literature-reference level
(RMSE = 61.56 nm, MAE = 49.63 nm, R2 = 0.18),
suggesting limited cross-study generalization probably
caused by variations in protocols, measurement
conditions, and unreported covariates. Meaningful
predictors with nonlinear and interaction effects that can
direct experimental prioritizing were consistently found
by interpretable analyses, including mol Hacceptors,
LA/GA ratio, surfactant concentration, drug/polymer
ratio, drug lipophilicity, and polymer molecular weight.
The model is best used as a screening and
hypothesis-generation tool rather than an off-the-shelf
predictor given the external validation findings;
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predictions should be confirmed in the context of each
study or laboratory. Future work should expand and
standardize the dataset with richer process and
measurement metadata, use modeling techniques that take
study effects into account (such as hierarchical or
mixed-effects models), pursue domain adaptation or
prospective calibration with local experimental data, and
quantify uncertainty to better convey prediction
confidence in order to move toward broader applicability.
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