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Abstract

Quality by Design (QbD) studies generate structured formulation datasets, but response surface
models may not fully describe nonlinear or response-specific behavior in nanoparticle systems.
This study reanalyzed a published silymarin-loaded lecithin/chitosan nanoparticle QbD dataset to
determine whether independent explainable machine learning could add predictive and interpretive
value to conventional QbD outputs. Twenty-nine formulation runs, comprising six
formulation/process inputs and three critical quality attributes—particle size, polydispersity index
(PDI), and entrapment efficiency—were extracted and modeled. A model-zoo of 105 regression
variants per response was evaluated using leave-one-out cross-validation, followed by optimized-
checkpoint comparison with reported QbD/RSM predictions, permutation feature importance,
partial dependence analysis, and predictive design space mapping. Model performance was
response dependent: XGBoost provided the best global particle-size prediction (R*=0.926; RMSE
= 27.52 nm), Extra Trees was best for PDI (R* = 0.695; RMSE = 0.0379), and distance-weighted
KNN was best for entrapment efficiency (R? = 0.938; RMSE = 1.72%). At the optimized
checkpoint, Gaussian Process regression predicted particle size with lower error than RSM (0.789
vs. 8.804 nm), and checkpoint-compatible Random Forest predicted PDI more closely than RSM
(0.0004 vs. 0.032 absolute error), whereas RSM remained slightly closer for entrapment efficiency.
Explainable Al identified lecithin:chitosan ratio and drug amount as recurring formulation drivers,
while the predicted acceptable region was concentrated within intermediate formulation ranges.
These findings support explainable machine learning as a complementary layer for QbD-based
nanoparticle development rather than as a replacement for response surface modeling.

Keywords:

Explainable artificial intelligence; Quality by Design; Lecithin/chitosan nanoparticles; Machine
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Introduction

Lecithin/chitosan nanoparticles are self-assembled colloidal carriers formed through interactions
between negatively charged phospholipid groups of lecithin and protonated amino groups of
chitosan [1,2]. This carrier system is relevant for poorly water-soluble drugs because lecithin can
provide a lipidic environment for hydrophobic molecules, whereas chitosan contributes cationic
charge, mucoadhesive behavior, and colloidal stabilization [3,4]. However, the final properties of
these nanoparticles are strongly influenced by formulation composition and processing conditions
[1,2]. Variables such as lecithin:chitosan ratio, drug amount, mixing method, mixing time, heating,
and lipidic solubilizer use can affect particle formation, aggregation behavior, size distribution,
and drug entrapment [2,5]. Therefore, lecithin/chitosan nanoparticles provide a suitable
formulation system for evaluating how data-driven methods can support the interpretation of
formulation behavior.

Quality by Design (QbD) provides a systematic framework for linking formulation and process
variables with critical quality attributes [6,7]. In nanoparticle development, particle size,
polydispersity index (PDI), and entrapment efficiency are commonly monitored because they
influence dispersion quality, physical stability, drug loading, and formulation reproducibility [7,8].
Response surface methodology (RSM) is frequently used in QbD studies because it provides
mathematical equations, response plots, and optimized factor settings [6,9]. These features make
RSM useful when the number of experimental batches is limited. At the same time, RSM generally
depends on a predefined polynomial structure. If formulation behavior is nonlinear, local, or
controlled by complex interactions, a single polynomial model may not fully describe the
experimental response.

Dawoud et al. [5] reported the development of silymarin-loaded lecithin/chitosan nanoparticles by
integrating QbD with artificial intelligence. In that study, [-optimal screening was used to evaluate
six formulation and process variables, and D-optimal design was subsequently used to optimize
lecithin:chitosan ratio and drug amount. The optimized formulation showed nanosized particles
with low PDI and high entrapment efficiency. The authors also applied artificial neural network
modeling mainly for prediction of drug release at selected time points [5]. Their work provided an
important example of how QbD and Al can be combined in nanoparticle formulation development.

Although that study established a useful experimental and computational benchmark, it also leaves
an important question for further investigation. The Al component was primarily based on neural
network modeling and was focused on release prediction [5]. Less attention was given to whether
other machine-learning algorithms could predict the main QbD-related quality attributes, namely
particle size, PDI, and entrapment efficiency, while also explaining the contribution of each
formulation variable [10,11]. This distinction is important because neural networks may perform
well for prediction but are often less transparent [10,12]. For small tabular formulation datasets,
alternative methods such as gradient boosting, extra trees, support vector regression, kernel ridge
regression, Gaussian process regression, k-nearest neighbors, and explainable boosting models
may be appropriate depending on the response being modeled [10,13].

The present study used this published dataset rather than generating a new wet-laboratory dataset.
This choice was deliberate. The aim was not to reproduce the original formulation experiment, but
to reanalyze an available QbD dataset using independent explainable machine-learning methods.
Repeating the same experimental study would require new materials, solvents, instruments, and
analytical resources, while also introducing variability due to differences in material batch,
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laboratory environment, and processing conditions. Such repetition is important when
experimental confirmation is required, but it is not necessary for initial benchmarking of
computational methods on an already reported dataset. A published dataset also provides a
transparent reference point because the original QbD predictions, optimized formulation, and
observed checkpoint values are available for comparison.

Use of published formulation data is also relevant from sustainability and reproducibility
perspectives [10,13]. Many QbD studies are designed to reduce experimental burden while still
generating structured data. These datasets are often underused after the original optimization is
completed. Reanalysis of such data can help determine whether additional information can be
extracted without immediate repetition of laboratory work [10]. It also allows different algorithms
to be compared under the same data conditions. If a computational workflow shows value during
secondary analysis, future experimental studies can be planned more efficiently, with fewer
unnecessary batches and clearer confirmatory objectives.

This type of analysis is increasingly relevant because pharmaceutical development is moving
toward digital and model-informed workflows [10,14]. However, the use of Al in formulation
science requires careful validation. Small DoE datasets are valuable but are also vulnerable to
overfitting when complex models are used without appropriate validation [11,13]. A high training
fit alone does not establish that a model is useful. The model must be evaluated using a validation
strategy suitable for small datasets and should generate outputs that can be interpreted in
formulation terms [15,16]. Explainable Al can help meet this need by identifying the relative
importance of formulation variables and by showing how important variables influence predicted
responses across the design region [10,14].

The aim of the present study was to develop an independent explainable machine-learning
workflow for predictive design space mapping of lecithin/chitosan nanoparticles using the
published QbD dataset. The specific objectives were to extract and preprocess the reported
formulation data, train a broad model-zoo for particle size, PDI, and entrapment efficiency [10,13],
validate model performance using leave-one-out cross-validation [16,17], compare selected Al
predictions with the reported QbD/RSM predictions at the optimized formulation checkpoint, and
interpret the selected models using explainable Al tools. In addition, Al-based digital design space
maps were generated to visualize formulation regions predicted to satisfy predefined criteria for
all three critical quality attributes.

This work does not claim that Al universally replaces QbD or that machine learning is superior for
every nanoparticle response. Instead, it examines where independent explainable Al can add value
to an existing QbD dataset. By combining model comparison, checkpoint evaluation, feature-
importance analysis, partial-dependence interpretation, and predictive design space mapping, the
study moves from black-box prediction toward a more transparent computational framework for
formulation understanding.

2. Materials and Methods
2.1. Study Design and Data Source

This study was conducted as a secondary computational reanalysis of a published lecithin/chitosan
nanoparticle formulation dataset [5]. The dataset was selected because it contained structured
Quality by Design experimental data, measured critical quality attributes, and a reported optimized
formulation checkpoint. No new wet-laboratory experiments were performed.
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The source dataset included formulation runs generated during the screening and optimization of
silymarin-loaded lecithin/chitosan nanoparticles. Data from the reported I-optimal screening
design and D-optimal optimization design were extracted and combined into a single model-ready
dataset. The optimized formulation reported in the source study was not used as a training point
during model development. It was retained separately as a checkpoint for comparing independent
machine-learning predictions with the reported response surface methodology predictions.

The computational workflow consisted of data extraction, data preprocessing, model-zoo
construction, cross-validated prediction, model ranking, optimized-checkpoint comparison,
explainable Al analysis, and predictive design space mapping [10,13]. The purpose of the analysis
was to determine whether independent explainable machine-learning models could provide useful
prediction and interpretation of nanoparticle critical quality attributes using the published QbD
data [11,14].

2.2. Variables and Prediction Targets

Six formulation and process variables were used as model inputs: lecithin:chitosan molar ratio,
drug amount, mixing time, heating condition, mixing method, and isopropyl myristate condition
[5]. Lecithin:chitosan molar ratio, drug amount, and mixing time were treated as continuous
numerical variables. Heating condition, mixing method, and isopropyl myristate condition were
treated as categorical variables and encoded as binary numerical inputs.

Three critical quality attributes were used as prediction targets: particle size, polydispersity index,
and entrapment efficiency. Particle size was modeled in nanometers, PDI as a dimensionless value,
and entrapment efficiency as percentage drug entrapment. These responses were selected because
they were consistently reported across the formulation dataset and were directly related to
nanoparticle optimization.

Each response was modeled independently. This response-wise strategy was used because particle
size, PDI, and entrapment efficiency may be influenced by different physicochemical and process-
dependent mechanisms [6,10].

2.3. Data Extraction and Preprocessing

The reported formulation tables were extracted into a structured spreadsheet [5]. Each formulation
run was entered as one row, with formulation and process variables as input columns and measured
critical quality attributes as response columns [7,8]. When responses were reported as mean =+
standard deviation, only the mean value was used for model development [18]. Standard deviation
values were not modeled because the present analysis focused on prediction of the central
experimental response.

Categorical variables were encoded before model training [15,19]. Heating was coded as 0 for
absent and 1 for present. Mixing method was coded as 0 for mechanical stirring and 1 for
sonication. Isopropyl myristate was coded as 0 for absent and 1 for present. Continuous variables
were retained in their original experimental units.

The cleaned dataset contained 29 formulation runs and six input variables. Rows with incomplete
input or response values were excluded before analysis. No missing-value imputation was applied.
The final feature matrix was defined as X with 29 rows and 6 columns. Separate response vectors
were prepared for particle size, PDI, and entrapment efficiency.

2.4. Computational Workflow
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The computational workflow was implemented as a reproducible Python notebook [18]. The same
cleaned dataset, input variables, validation method, and performance metrics were used for all
candidate models. The workflow was organized into six main steps: model-zoo construction,
leave-one-out cross-validation [17], model ranking, optimized-checkpoint comparison,
explainable Al analysis, and design space mapping.

The independent machine-learning models were trained directly on the observed experimental
responses. The reported RSM equations were not used as input features, and RSM-predicted values
were not used as training targets. This ensured that the machine-learning models remained
independent of the original QbD mathematical models.

All scale-sensitive models were implemented within preprocessing pipelines so that
standardization was applied only within the appropriate training fold during cross-validation. This
procedure was used to reduce the risk of data leakage between training and test samples [13].

2.5. Machine-Learning Models

A model-zoo approach was used to compare multiple machine-learning algorithms under the same
validation conditions [10,13]. The candidate models included polynomial ridge regression,
Bayesian ridge regression, k-nearest neighbors regression, support vector regression with radial
basis function kernel, kernel ridge regression, random forest regression, extra trees regression,
gradient boosting regression, histogram gradient boosting regression, Gaussian process regression,
XGBoost, CatBoost, LightGBM, explainable boosting machine, voting ensemble, and stacked
ensemble models [14,18].

Several hyperparameter variants were evaluated for selected model families. Different values of k
were tested for KNN. Multiple regularization and kernel settings were tested for support vector
regression and kernel ridge regression. Different tree depths, learning rates, and leaf settings were
evaluated for boosting and ensemble models.

Each candidate model was trained separately for particle size, PDI, and entrapment efficiency
[5,10]. This approach allowed the best-performing algorithm to be selected independently for each
response rather than forcing one model structure across all critical quality attributes.

2.6. Cross-Validation and Performance Metrics

Leave-one-out cross-validation was used for model evaluation. This method was selected because
the dataset was small and each formulation run was valuable for estimating predictive
performance. In each iteration, one formulation run was held out as the test sample, and the
remaining runs were used for model training. The procedure was repeated until each run had been
used once as the test sample.

Cross-validated predictions were compared with the observed experimental responses. Model
performance was quantified using the coefficient of determination (R?), mean absolute error, and
root mean squared error [20,21]. RMSE was used as the primary ranking metric because it
penalizes larger prediction errors [22,23]. MAE was used to express the average prediction error
in the original response unit [18,21]. R? was used to describe the proportion of variance explained
by the cross-validated predictions.

The same cross-validation procedure and performance metrics were applied to all models and all
responses to allow direct comparison of algorithm performance.

2.7. Model Selection
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Model selection was performed separately for each response. First, the primary internally validated
model was selected as the model with the lowest leave-one-out cross-validated RMSE [17,18].
This selection reflected the strongest overall predictive performance and accuracy within the
available small dataset [20,24].

Second, a checkpoint-compatible selection was performed for comparison with the reported
optimized formulation [5]. Candidate models were restricted to those with acceptable cross-
validated performance, defined as RMSE not more than 30% higher than the best RMSE for that
response [25,26]. Within this candidate pool, the model with the lowest absolute prediction error
at the optimized formulation checkpoint was selected to evaluate local accuracy at the target
region.

This two-level strategy was used to avoid selecting a model only because it matched a single
checkpoint, which can be a risk in small datasets [27,28]. The optimized formulation was not used
for model training, cross-validation, or hyperparameter tuning. It was used only after model
evaluation as an external comparison point to assess the model's reliability for the specific
optimization target.

2.8. Optimized Checkpoint Comparison

The selected independent Al models were compared with the reported QbD/RSM prediction at the
optimized formulation checkpoint. The checkpoint formulation had a lecithin:chitosan molar ratio
of 18.331 and drug amount of 38.354 mg, with process variables fixed at the reported optimized
preparation condition.

For each response, the reported observed optimized-batch value was used as the reference [5,29].
Absolute prediction error was calculated for both the reported RSM prediction and the selected Al
prediction. The method with the smaller absolute error was considered closer to the observed
checkpoint value [5,6].

This comparison was limited to particle size, PDI, and entrapment efficiency [5,30]. It was not
interpreted as a direct comparison with the artificial neural network release model reported in the
source study, because the present analysis modeled nanoparticle quality attributes rather than drug-
release endpoints.

2.9. Explainable Al

Explainable Al analysis was performed for the final selected models [10,13]. Permutation feature
importance was used as the primary model-independent explanation method [31,32]. In this
method, each input variable was randomly permuted while the remaining variables were kept
unchanged. The increase in prediction error after permutation was used as the importance score
for that variable.

Partial dependence analysis was performed for the most important variables identified for each
response. For each selected variable, values were varied across the observed experimental range,
and the average model prediction was calculated while the remaining variables were retained in
the dataset. Partial dependence plots were generated separately for particle size, PDI, and
entrapment efficiency.

The explainability analysis was used to determine whether the selected models identified
formulation variables that were scientifically plausible and relevant to nanoparticle formation. The
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purpose was not only to explain model output, but also to connect model behavior with formulation
interpretation [10,13].

2.10. Predictive Design Space

Predictive design space mapping was performed using the final selected independent Al models
[10,13]. Lecithin:chitosan molar ratio and drug amount were varied across the studied
experimental range to generate a two-dimensional prediction grid. The remaining process variables
were fixed at the favorable preparation setting identified in the source study: short mixing time,
absence of heating, mechanical stirring, and presence of isopropyl myristate.

At each grid point, the selected Al models predicted particle size, PDI, and entrapment efficiency
[10]. Individual response maps were generated for the three quality attributes. A combined
acceptable region was then identified using predefined criteria: particle size <200 nm, PDI < 0.30,
and entrapment efficiency > 90% [5,29]. These thresholds were selected based on the optimal
ranges reported for stable, monodisperse, and high-capacity lecithin/chitosan nanocarriers.

Grid points satisfying all three criteria were classified as acceptable [7,29]. The resulting map was
interpreted as a computationally predicted operating region. It was not treated as a confirmed
regulatory design space because no new confirmatory batches were prepared in the present study.

2.11. Software and Reproducibility

All analyses were performed in Python using a Jupyter Notebook environment to ensure
transparency and iterative documentation. This approach follows established practices for
reproducible research in computational drug development [33]. Machine-learning models were
implemented primarily using the scikit-learn library, with advanced boosting algorithms
implemented through XGBoost and LightGBM. The workflow integrated model interpretation
methods to support explanation of the selected machine-learning pipelines and to provide
formulation-relevant insights [34,35].

The computational pipeline was structured to automate key steps, including data preprocessing,
model selection, and results analysis [35]. Figures were generated to visualize model performance
and the resulting design space [18,36]. To maintain reproducibility across different software
environments, sharing the programming code used for numerical calculations has become an
essential standard in the field [33].

The notebook-based workflow was designed so that the full analysis could be rerun from the
extracted dataset without manual intervention after data loading. By automating model
construction and prediction from the formulation dataset, this workflow allowed systematic
comparison of candidate pipelines within a defined search space [35]. Consistent use of fixed
parameters and documented code supported the reliability and reusability of the computational
analysis [33].

3. Results
3.1. Dataset Summary

The final model-ready dataset contained 29 experimental formulation runs extracted from the
published lecithin/chitosan nanoparticle study. The dataset included 13 screening runs and 16
optimization runs. Six variables were used as model inputs: lecithin:chitosan molar ratio, drug
amount, mixing time, heating condition, mixing method, and isopropyl myristate condition.

8
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Particle size, polydispersity index, and entrapment efficiency were defined as the primary
prediction targets [5,29]. The dataset structure, variable type, coding, and response units are
summarized in Table 1.

The extracted dataset covered a broad experimental range suitable for comparative machine-
learning evaluation. Lecithin:chitosan molar ratio ranged from 10 to 40, drug amount from 10 to
100 mg, and mixing time from 5 to 30 min. The observed responses also showed clear variation:
particle size ranged from 131.8 to 499.9 nm, PDI from 0.132 to 0.400, and entrapment efficiency
from 72.28 to 97.09%. These ranges provided adequate response variation for model comparison
while representing a small Quality by Design-derived formulation dataset [5,7].

Categorical variables were encoded as binary inputs before modeling [15,19]. Heating, sonication,
and IPM addition were therefore evaluated as discrete features alongside the numerical
formulation variables within the same feature matrix [5]. This structure allowed the simultaneous
assessment of composition and process-related effects on nanoparticle quality attributes [5,11].

3.2. Model Performance

A total of 105 independent model variants were evaluated for each response using leave-one-out
cross-validation, giving 315 model-response comparisons. The tested algorithms included
regression, kernel-based, distance-based, tree-based, boosting-based, probabilistic, and ensemble
models. The complete model-zoo results are provided in Supplementary Table S1, and the top-
ranked models by cross-validated RMSE are shown in Fig. 1.

For particle size, the best internally validated model was XGBoost with maximum depth 3 and
learning rate 0.06. This model produced an LOOCV R? of 0.926, MAE of 17.09 nm, and RMSE
of 27.52 nm (Table 2). The cross-validated performance indicates that the model captured major
trends in particle-size variation across the formulation dataset.

For PDI, the best internally validated model was Extra Trees regression using all input features.
This model produced an LOOCV R? of 0.695, MAE of 0.0281, and RMSE of 0.0379 (Table 2).
The lower R? compared with particle size and entrapment efficiency should be interpreted together
with the absolute error because PDI had a narrower numerical range and smaller response
differences.

For entrapment efficiency, the best internally validated model was KNN regression with two
neighbors and distance weighting. This model gave an LOOCV R? of 0.938, MAE of 1.16%, and
RMSE of 1.72% (Table 2). The result indicates that entrapment efficiency was predicted with low
absolute error using the selected distance-based model.

3.3. Final Model Selection

Model selection was evaluated at two levels to balance global predictive performance with local
accuracy near the optimized formulation region. First, the primary model for each response was
identified by the lowest leave-one-out cross-validation RMSE, reflecting the strongest overall
performance within the available 29-run dataset. Second, optimized-checkpoint agreement was
examined to determine whether models with acceptable global performance could predict the
reported optimized batch more closely than the Quality by Design response surface methodology
model. The final model-selection summary is presented in Table 3.

Based on the primary internal validation criterion, the top-performing global models were
XGBoost for particle size, Extra Trees for PDI, and k-nearest neighbors for entrapment efficiency

9
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(Table 3). These algorithms represented the most robust predictors across the full experimental
design space. However, the model with the lowest overall RMSE was not always the most accurate
at the specific optimized-checkpoint formulation. This was particularly evident for particle size,
where XGBoost achieved the highest global R? but overpredicted the response at the optimized
coordinates.

The checkpoint audit identified Gaussian Process regression as a more balanced model for particle-
size prediction in the optimized region. It maintained acceptable cross-validated performance, with
an LOOCV R? of 0.874, MAE of 22.19 nm, and RMSE of 35.80 nm, and predicted the optimized
particle size with an absolute error of 0.79 nm (Table 3). For PDI, Random Forest with a minimum
leaf size of three provided a checkpoint-compatible prediction while retaining acceptable
validation performance. For entrapment efficiency, KNN with k = 2 remained the most robust
model based on global validation.

These findings show that selecting models only by the lowest global RMSE can overlook
candidates that perform better near the optimized operating region. Therefore, both cross-validated
metrics and optimized-checkpoint agreement were considered during final interpretation.

3.4. Comparison with QbD Model

The independent Al predictions were compared with the reported Quality by Design response
surface methodology predictions at the optimized formulation checkpoint to evaluate response-
specific agreement with the observed optimized batch [5,37]. The observed optimized-batch values
from the source study were 161.401 nm for particle size, 0.204 for PDI, and 97.060% for
entrapment efficiency. The corresponding reported QbD/RSM predictions were 152.597 nm,
0.172, and 96.016%, respectively (Table 4).

For particle size, the reported QbD/RSM prediction showed an absolute error of 8.804 nm. In
comparison, the lowest-error Al checkpoint prediction was obtained with Gaussian Process
regression, which predicted 162.190 nm and showed an absolute error of 0.789 nm (Table 4). This
represented a lower optimized-checkpoint error than the reported RSM value. Importantly, this
Gaussian Process model also retained acceptable cross-validated performance across the full 29-
run dataset, unlike some polynomial or kernel-based models that showed low checkpoint error but
weak global validation.

For PDI, the reported QbD/RSM prediction had an absolute error of 0.032. A large proportion of
the tested Al models, 88 out of 105, predicted the optimized PDI more closely than RSM. The
checkpoint-compatible Random Forest model predicted 0.2044, giving an absolute error of 0.0004
(Table 4). This was the clearest Al improvement over the reported RSM prediction at the optimized
checkpoint.

For entrapment efficiency, the reported QbD/RSM prediction showed an absolute error of 1.044%.
The best globally validated AI model, KNN with two neighbors, predicted 95.564%, giving an
absolute error of 1.496% (Table 4). In this case, RSM remained slightly closer to the observed
value than the most robust cross-validated AI model. However, the full model audit indicated that
some boosting variants, including LightGBM models, predicted optimized entrapment efficiency
more closely than RSM but showed lower global cross-validated performance than KNN.

Across all 105 tested AI model variants, 10 models were closer than QbD/RSM for particle size,
88 for PDI, and 19 for entrapment efficiency (Table 4). These results indicate that Al performance
was response dependent. Independent Al improved optimized-checkpoint prediction for particle
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size and PDI when both checkpoint agreement and cross-validation were considered, whereas
RSM remained slightly closer for entrapment efficiency.

3.5. Feature Importance

Permutation feature importance was calculated for the selected independent AI models to estimate
the relative contribution of each input variable to model prediction. The importance profiles
differed across particle size, PDI, and entrapment efficiency, indicating that the three responses
were influenced by different combinations of formulation and process variables (Table 5 and Fig.
3).

For particle size, drug amount, lecithin:chitosan molar ratio, and mixing time showed the highest
importance values, recorded at 44.95, 44.47, and 44.05, respectively (Table 5). In contrast, the
binary process variables, including mixing method, heating, and IPM addition, showed lower
importance scores. This indicates that particle-size prediction was mainly influenced by
quantitative composition and processing duration.

For PDI, lecithin:chitosan molar ratio was the dominant variable, with a permutation importance
value of 0.0419 (Table 5). Drug amount, heating, and IPM addition showed smaller contributions,
while mixing method and mixing time had limited influence on model prediction. This suggests
that the size-distribution response was mainly associated with the lecithin:chitosan balance in the
selected model.

For entrapment efficiency, lecithin:chitosan molar ratio, mixing method, and drug amount were
the three most important variables, with permutation importance values of 1.90, 1.87, and 1.81,
respectively (Table 5). Mixing time and IPM addition showed secondary contributions, whereas
heating had the lowest importance. This indicates that drug entrapment was influenced by both
formulation composition and the method used for nanoparticle formation.

3.6. Partial Dependence Analysis

Partial dependence analysis was used to visualize the average direction of the main model-
predicted effects. These plots were interpreted together with permutation feature importance
because feature importance identifies influential variables, whereas partial dependence shows the
direction and pattern of their effect (Fig. 4).

For particle size, lecithin:chitosan molar ratio showed a nonlinear effect. The predicted particle
size was higher at the lower ratio region, decreased in the intermediate region, and increased again
toward the higher end of the range (Fig. 4). Drug amount also showed a nonlinear response, with
lower predicted particle size in the intermediate loading region. Mixing time showed a clear
process effect, with longer mixing associated with higher predicted particle size.

For PDI, the partial dependence plot for lecithin:chitosan molar ratio showed lower predicted
values in the intermediate ratio region and higher values toward the lower and higher ends of the
range (Fig. 4). Drug amount had a smaller effect than lecithin:chitosan ratio, while heating
produced only a limited average shift in predicted PDI.

For entrapment efficiency, the predicted response decreased with increasing lecithin:chitosan ratio
and higher drug amount (Fig. 4). The mixing-method plot indicated lower predicted entrapment
efficiency when sonication was used compared with mechanical stirring. These trends were
consistent with the feature-importance results and supported the response-specific interpretation
of the selected Al models.
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3.7. Digital Design Space

Predictive design space maps were generated by varying lecithin:chitosan molar ratio and drug
amount across the studied experimental range while fixing the remaining process variables at the
favorable preparation conditions. These fixed conditions were short mixing time, absence of
heating, mechanical stirring, and presence of isopropyl myristate. The individual response maps
are shown in Fig. 5.

Across the generated prediction grid, the Al models predicted particle size values from 134.4 to
369.4 nm, PDI values from 0.193 to 0.343, and entrapment efficiency values from 83.71 to
97.07%. These predicted ranges were within the experimental response space and allowed
simultaneous assessment of the three modeled critical quality attributes (Fig. 5).

The combined acceptable region was defined using predefined criteria: particle size <200 nm, PDI
< 0.30, and entrapment efficiency > 90%. Under these criteria, 5,818 of 14,400 grid points were
classified as acceptable, corresponding to 40.4% of the evaluated grid. The acceptable region was
mainly concentrated within an intermediate formulation range, with lecithin:chitosan molar ratio
approximately between 12.77 and 34.45 and drug amount approximately between 11.51 and 65.97
mg. The median acceptable point was close to a lecithin:chitosan ratio of 24.12 and a drug amount
of 36.22 mg (Fig. 6).

The resulting digital design space should be interpreted as a computationally predicted operating
region. It identifies formulation combinations expected to satisfy all three selected criteria, but it
does not replace experimental confirmation or represent a validated regulatory design space.

3.8. Overall Model Interpretation

The independent Al analysis showed response-dependent model performance across the three
nanoparticle quality attributes. Particle size and entrapment efficiency were predicted with strong
cross-validated performance, whereas PDI showed moderate global performance but strong
optimized-checkpoint agreement for several models (Tables 2—4). This indicates that each
response had a different level of predictive difficulty within the same formulation dataset.

The comparison between global validation and optimized-checkpoint performance showed that
model selection should not rely on R* or RMSE alone. Some Al models showed low checkpoint
error despite poor cross-validated performance, indicating limited generalizability. Conversely,
the best global model for particle size did not provide the closest optimized-checkpoint prediction.
Gaussian Process regression provided a balanced particle-size result by combining good LOOCV
performance with low checkpoint error (Tables 3 and 4).

The comparison with QbD/RSM was also response dependent. Independent AI improved
optimized-checkpoint prediction for particle size when Gaussian Process regression was
considered and clearly improved PDI prediction using the checkpoint-compatible Random Forest
model. For entrapment efficiency, the most robust global Al model, KNN with two neighbors and
distance weighting, was slightly less close than the reported RSM prediction, although some lower-
ranked Al models showed closer local agreement (Table 4).

The explainability workflow identified lecithin:chitosan molar ratio and drug amount as recurring
formulation drivers. Mixing time was more relevant for particle-size prediction, while mixing
method was more relevant for entrapment efficiency. The digital design space translated these
response-specific models into a visual operating region, where 40.4% of the evaluated grid
satisfied the predefined criteria for all three responses (Figs. 3—6).
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Overall, the results show that independent explainable Al can extract additional information from
a published QbD dataset through model comparison, checkpoint-based evaluation, feature-level
interpretation, and predictive design space mapping.

4. Discussion

The present study examined whether an independent explainable machine-learning workflow
could extract additional predictive and interpretive value from a published QbD dataset of
lecithin/chitosan nanoparticles [5]. The analysis was not designed to repeat the original
experimental optimization or to replace the reported response surface model [5]. Instead, it was
designed to test whether the same structured formulation dataset could support model comparison,
response-wise prediction, optimized-checkpoint evaluation, and explainable design space mapping
[10,13]. This distinction is important because the value of Al in small formulation datasets should
not be judged only by whether one model gives a numerically closer prediction at one point
[26,38]. A useful model should show reasonable performance across the dataset, should behave
consistently at the optimized formulation, and should provide interpretation that is meaningful
from a formulation perspective [24,38]. Recent reviews emphasize that while traditional Quality
by Design is effective for simple systems, AI/ML methodologies are better suited for uncovering
complex, high-dimensional, and non-linear relationships that often limit empirical and statistical
approaches [10,39].

The model-zoo strategy showed that the best-performing algorithm depended on the response
being modeled [18,40]. Particle size was best predicted globally by XGBoost, PDI by Extra Trees,
and entrapment efficiency by distance-weighted KNN [18,41,42]. This response-specific behavior
is expected because particle size, size distribution, and entrapment efficiency do not necessarily
follow the same formulation logic [37,43]. Particle size is affected by particle formation, growth,
aggregation, and dispersion energy [2,44]. PDI reflects the uniformity of the dispersed system and
may be sensitive to small changes in particle population [37,44]. Entrapment efficiency depends
on the interaction between the drug, lipidic phase, polymeric shell, and process conditions [5,45].
Therefore, forcing one algorithm to represent all responses would be less appropriate than selecting
models independently for each CQA [10,13]. Other studies have similarly found that ensemble
methods like XGBoost and AdaBoost often outperform single-algorithm approaches in predicting
nanoparticle characteristics due to their ability to handle the "curse of dimensionality" in small
datasets [42,46].

For particle size, the best global model was XGBoost, which showed strong leave-one-out cross-
validated performance [18,47]. This suggests that nonlinear and interaction-based learning was
useful for describing particle-size variation across the extracted dataset [43,47]. The superior
performance of XGBoost in capturing critical manufacturing parameters from sparse experimental
data has been noted in other colloidal systems, such as mRNA-lipid nanoparticles [48]. However,
the optimized-checkpoint audit showed an additional important finding. Gaussian Process
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regression predicted the optimized particle size more closely than the reported RSM prediction
while also retaining acceptable cross-validated performance [5,26]. This is different from models
that matched the checkpoint but performed poorly across the full dataset [24,28]. Some kernel
ridge and polynomial ridge variants showed low checkpoint error but weak or negative cross-
validated R? values, indicating poor generalizability [27,28]. These models should not be selected
only because they matched one point. In contrast, Gaussian Process regression provided a better
balance between global validation and local checkpoint agreement [5,38]. This supports its role as
a checkpoint-compatible model for particle-size prediction, although the primary global model
remained XGBoost [5,18].

The PDI result is particularly relevant because the independent Al models gave a much closer
prediction at the optimized checkpoint than the reported RSM value [5,37]. Although the best PDI
model showed only moderate cross-validated R?, the absolute prediction error was small [37,44].
This highlights a common issue in modeling narrow-range responses: R? can appear modest even
when the actual error is practically acceptable [43,46]. PDI values generally vary within a limited
numerical range, and small experimental or instrumental differences can influence the statistical
estimate of explained variance [40,44]. Therefore, interpretation of PDI models should consider
MAE, RMSE, and checkpoint performance together [26,38]. The fact that many Al models
predicted the optimized PDI more closely than RSM suggests that the PDI response may contain
local nonlinear behavior that was not fully captured by the response surface equation [43,46].
Similar findings have identified that even with limited data points (e.g., n=72), explainable ML
can significantly outperform traditional trial-and-error and simple statistical models in defining
stability and uniformity of pharmaceutical suspensions [49].

Entrapment efficiency showed strong global prediction by KNN, indicating that formulations close
to each other in input space had similar entrapment behavior [42,43]. This is plausible for a self-
assembled colloidal system, where drug retention may depend on local similarity in lipid-polymer
balance, drug loading, and dispersion method [45,50]. At the optimized checkpoint, however, the
reported RSM prediction remained slightly closer than the most robust Al model [5]. This does not
weaken the Al analysis because the difference was small and both methods predicted high
entrapment efficiency [5]. It rather shows that Al superiority is response dependent [43,46]. In
some cases, the conventional QbD/RSM equation may remain highly competitive, especially when
the experimental response is well represented by the selected polynomial model [7,10]. Recent
frameworks like TuNa-Al suggest that hybrid models coupling molecular feature learning with
compositional inference can further enhance these outcomes by optimizing material selection and
component ratios simultaneously [51].

A central message from these findings is that overfitting is not exclusive to machine learning
[24,28]. Polynomial response surface models fitted to small DoE datasets can also show high
internal R? values when multiple linear, interaction, quadratic, or higher-order terms are included
[5]. Similarly, machine-learning models can appear highly accurate when judged only by one
checkpoint or by training performance [27,38]. For this reason, the present study avoided relying
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on a single indicator. The models were evaluated using leave-one-out cross-validation, error
metrics, optimized-checkpoint comparison, and explainability outputs [17,18]. This combined
evaluation is more informative than R? alone because it considers both global predictive stability
and practical agreement near the optimized operating region [24,38]. The literature identifies that
methodological flaws in many ML studies often stem from failing to use cross-validation or testing
alternative models, emphasizing the need for the rigorous "model-zoo" approach used here [11].

The explainable Al results provided the main interpretive advantage of the workflow [10,13]. For
particle size, drug amount, lecithin:chitosan molar ratio, and mixing time were the dominant
variables [5,18]. The use of SHapley Additive exPlanations has become critical in the field to
decompose predicted values into relative contributions for each input feature, moving beyond
"black-box" predictions [18,49]. The partial dependence plots suggested nonlinear effects of both
formulation ratio and drug amount, with more favorable particle-size predictions in an intermediate
region [5]. This agrees with the expected behavior of self-assembled lecithin/chitosan
nanoparticles [2,37]. At very low or very high compositional balance, incomplete stabilization,
higher viscosity, or aggregation may increase particle size [37,44]. An intermediate ratio may
provide better electrostatic balance between lecithin and chitosan, supporting more controlled
particle formation [5]. The effect of mixing time also suggests that extended processing may
increase particle collisions or structural rearrangement, contributing to larger particle size [5,44].

For PDI, lecithin:chitosan ratio was the most influential factor [5,37]. This supports the concept
that the polymer-lipid balance is central to obtaining a uniform particle population [37,44]. If the
ratio is not balanced, the system may contain particles with different degrees of chitosan
association, leading to broader size distribution [5]. Drug amount had a smaller but detectable
effect, suggesting that drug loading can influence dispersion uniformity, but not to the same extent
as the structural balance between lecithin and chitosan [5]. For entrapment efficiency,
lecithin:chitosan ratio, mixing method, and drug amount were the major variables [5,42]. The
partial dependence plots indicated reduced entrapment at higher drug levels and under sonication
[5]. This may reflect saturation of the lipid-polymer matrix or disruption of the forming
nanoparticle structure during high-energy processing [42,43]. Such findings are corroborated by
physics-informed ML frameworks which indicate that drug-polymer interactions and kinetic
release are critical factors in encapsulation efficiency [52,53].

The predictive design space translated these response-specific models into a practical visual output
[5,10]. By applying the criteria of particle size <200 nm, PDI < 0.30, and entrapment efficiency >
90%, the workflow identified a computationally acceptable region mainly within intermediate
lecithin:chitosan ratio and drug amount [5,29]. This multi-objective visualization allows for the
identification of optimal formulation "sweet spots" where competing CQAs can be satisfied
simultaneously, a task traditionally limited by the linear nature of many response surface methods
[39,46]. This supports the idea that balanced formulation composition is preferable to extreme
factor settings when multiple CQAs must be controlled simultaneously [5,7]. In nanomedicine
development, the "compositional window" often dictates stability; Al-guided mapping helps
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visualize these boundaries with higher resolution than conventional DoE, particularly in high-
dimensional spaces [7,11]. However, the map should be interpreted as a predictive computational
design space, not as an experimentally confirmed regulatory design space [7,10]. Since the present
work was a secondary analysis, additional confirmatory batches would be required before the
predicted operating region could be used for formulation decision-making [18,42]. The transition
from in silico predictions to validated commercial products requires a robust confirmation stage to
account for batch-to-batch variability and scale-up effects [7,51].

The study has important limitations. The dataset was small and derived from a previously
published study [5]. Although leave-one-out cross-validation is suitable for small datasets, it
cannot fully replace prospective external validation [24,38]. Small datasets (e.g., N < 100) are
susceptible to high variance in model performance; while cross-validation provides an estimate of
generalizability, the true extrapolation risk often remains high without diverse external data
[27,28]. The optimized formulation checkpoint provided a useful comparison point, but it
represents only one external formulation condition [5]. Validating at a single point may result in a
"local" fit that fails to capture the global behavior of the system, particularly when dealing with
nonlinear effects of polymer concentrations or mixing speeds [26,50]. In addition, the present
analysis focused on particle size, PDI, and entrapment efficiency [5]. It did not directly compare
against the reported artificial neural network release model because release prediction involves a
different endpoint and a different descriptor set [ 18,43]. Drug release is inherently time-dependent
and often requires dynamic modeling or physics-informed Al approaches, which were beyond the
scope of this static structural analysis [10,53]. Future work should reconstruct or generate a release
dataset and compare explainable machine-learning models directly with ANN for release
prediction [10,13].

Overall, the findings support the use of independent explainable machine learning as a
complementary layer to QbD-based nanoparticle development [7,10]. The integration of Al does
not necessitate the abandonment of QbD; rather, it strengthens it by providing a more granular
understanding of critical material attributes and their interactions [39,52]. The analysis shows that
Al can improve selected optimized-checkpoint predictions, especially for particle size and PDI,
while RSM may remain competitive for other responses such as entrapment efficiency [5,46]. This
suggests a hybrid approach where linear responses are handled by RSM and complex, high-energy
process variables—such as those seen in microfluidic or ultrasonic manufacturing—are optimized
through ensemble learning [13,48,51]. The main contribution of the workflow is not the claim that
Al replaces QbD, but that it provides additional model comparison, validation, feature-level
interpretation, and predictive design space visualization [18,42]. This multi-layered validation
strategy—incorporating error metrics, checkpoint audits, and explainability—ensures that the
resulting models are not just accurate, but also biologically and chemically plausible [11,41]. This
balanced role is likely to be more useful for formulation development than a direct competition
between Al and conventional QbD models [10,13]. Even with relatively sparse data points,
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explainable ML can significantly outperform traditional trial-and-error in defining the stability and
uniformity of complex pharmaceutical dispersions [45,49].

5. Conclusion

This study demonstrated that independent explainable machine learning can be used to reanalyze
a published QbD dataset of lecithin/chitosan nanoparticles and generate predictive design space
maps for key critical quality attributes. The model-zoo approach showed response-dependent
performance. Particle size was best predicted globally by XGBoost, PDI by Extra Trees, and
entrapment efficiency by distance-weighted KNN, indicating that a single algorithm was not
optimal for all nanoparticle responses.

Comparison with the reported optimized formulation showed that independent Al improved
selected checkpoint predictions. Gaussian Process regression provided a closer checkpoint-
compatible prediction for particle size, while Al models predicted the optimized PDI more closely
than the reported QbD/RSM model. For entrapment efficiency, the most robust Al model showed
strong cross-validated performance, although the reported RSM prediction remained slightly
closer at the optimized checkpoint. These findings indicate that Al should be considered as a
complementary computational layer rather than a universal replacement for QbD/RSM.

The explainable Al analysis identified lecithin:chitosan molar ratio and drug amount as recurring
formulation drivers. Mixing time contributed strongly to particle-size prediction, whereas mixing
method was more relevant for entrapment efficiency. The predictive design space translated these
response-specific models into an interpretable operating region for simultaneous control of particle
size, PDI, and entrapment efficiency.

Overall, the study supports a balanced integration of QbD and explainable Al. Reanalysis of
published formulation datasets can provide useful computational insight without unnecessary
experimental repetition, provided that models are evaluated using cross-validation, checkpoint
comparison, and interpretability rather than R* alone. Future work should include prospective
experimental validation of the predicted operating region and direct comparison of explainable
machine-learning models with neural-network-based release prediction.
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Table 1. Dataset structure used for independent AI modeling

total runs

Variable/response Role Type/coding | Experimental range Unit
or values

Lecithin:chitosan Input Continuous 1040 Molar ratio

molar ratio variable

Drug amount Input Continuous 10-100 mg
variable

Mixing time Input Continuous 5-30 min
variable

Heating condition Input Binary 0 = absent; 1 = present | Coded
variable categorical

Mixing method Input Binary 0 = mechanical Coded
variable categorical stirring; 1 = sonication

Isopropyl myristate | Input Binary 0 = absent; 1 = present | Coded

condition variable categorical

Particle size Prediction | Continuous 131.8-499.9 nm
target response

Polydispersity index | Prediction | Continuous 0.132-0.400 Dimensionless
target response

Entrapment Prediction | Continuous 72.28-97.09 %

efficiency target response

Total formulation Dataset Screening + 13 screening runs + 16 | Runs

runs structure optimization optimization runs = 29

The dataset was extracted from the published lecithin/chitosan nanoparticle QbD study and used
for independent machine-learning reanalysis [5].
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Table 2. Best internally validated AI model for each critical quality attribute

Response Best internally | Validation R?| MAE | RMSE | Unit of error
validated method
model
Particle size XGBoost depth3 | LOOCV 0.926 | 17.09| 27.52 | nm
1r0.06

Polydispersity | Extra Trees LOOCV 0.695 | 0.0281 | 0.0379 | Dimensionless
index leaf] all
Entrapment KNN k2 LOOCV 0.938 1.16 1.72 | %
efficiency distance

Note: LOOCYV, leave-one-out cross-validation, MAE, mean absolute error; RMSE, root mean

squared error.
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Table 3. Final model-selection summary using global validation and optimized-checkpoint

agreement
Response Selection | Selected R*>| MAE | RMS | Optimized Al | Checkpoint
role model E - absolute | interpretatio
checkpoint error at n
Al | checkpoin
prediction t

Particle size Primary XGBoos 0.92 | 17.09 | 27.52 194.395 32.994 | RSM closer at
LOOCV- t depth3 6 checkpoint
best model | 1r0.06

Particle size Checkpoint | Gaussian | 0.87 | 22.19 | 35.80 162.190 0.789 | Al closer at
-compatible | Process 4 checkpoint
model noise0.0

1

Polydispersit | Primary Extra 0.69 | 0.028 | 0.0379 0.19295 0.01105 | Al closer at

y index LOOCV- Trees 5 1 checkpoint
best model | leafl all

Polydispersit | Checkpoint | Random 0.56 | 0.036 | 0.0451 0.20439 0.00039 | Al closer at

y index -compatible | Forest 9 2 checkpoint
model leaf3 all

Entrapment Primary KNN k2 0.93 1.16 1.72 95.564 1.496 | RSM closer at

efficiency LOOCV- distance 8 checkpoint
best model

Entrapment Checkpoint | KNN k2 0.93 1.16 1.72 95.564 1.496 | RSM closer at

efficiency -compatible | distance 8 checkpoint
model
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Table 4. Comparison of experimental, reported QbD/RSM, and independent Al predictions
at the optimized formulation checkpoint

Response Experimental | Reported Selected | QbD/RSM Al | Al models Closer
observed | QbD/RSM Al absolute | absolute | closer than method for
value | prediction | prediction error error | QbD/RSM, selected
n/N | comparison
Particle size 161.401 152.597 162.190 8.804 0.789 10/105 | Independent
(nm) Al
Polydispersity 0.204 0.172 0.2044 0.032 0.0004 88/105 | Independent
index Al
Entrapment 97.060 96.016 95.564 1.044 1.496 19/105 | QbD/RSM
efficiency
(%)
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Table 5. Permutation feature importance for selected independent AI models

Response Feature Importance mean | Importance SD | Rank
Particle size Drug amount 44.9515 5.2031 1
Particle size Lecithin:chitosan molar ratio 44.4747 7.4513 2
Particle size Mixing time 44.0505 8.6473 3
Particle size Mixing method 3.8624 1.3275 4
Particle size Heating condition 3.8104 1.0539 5
Particle size Isopropyl myristate condition 2.0617 0.6219 6
Polydispersity index Lecithin:chitosan molar ratio 0.04189 0.00792 1
Polydispersity index Drug amount 0.00348 0.00157 2
Polydispersity index | Heating condition 0.00127 0.00041 3
Polydispersity index | Isopropyl myristate condition 0.00100 0.00044 4
Polydispersity index | Mixing method 0.00018 0.00018 5
Polydispersity index | Mixing time 0.00006 0.00011 6
Entrapment efficiency | Lecithin:chitosan molar ratio 1.9010 0.4077 1
Entrapment efficiency | Mixing method 1.8708 0.6285 2
Entrapment efficiency | Drug amount 1.8066 0.5353 3
Entrapment efficiency | Mixing time 0.8998 0.3006 4
Entrapment efficiency | Isopropyl myristate condition 0.5163 0.2042 5
Entrapment efficiency | Heating condition 0.1298 0.0692 6
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Fig. 1. Ranking of independent AI models by cross-validated prediction error
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