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Abstract
Metformin hydrochloride orally disintegrating tablets require an appropriate balance between
mechanical strength and rapid disintegration, particularly because the drug is administered at a relatively
high dose and has unfavorable taste characteristics. The present study applied machine learning to
published D-optimal design data for metformin hydrochloride orally disintegrating tablets to evaluate
whether formulation and process variables could predict powder-flow and tablet-performance
responses. The dataset contained 30 experimental runs with four inputs: co-processed metformin
hydrochloride ratio, co-processed excipient ratio, compression pressure, and excipient brand. Five
responses were modeled separately: angle of repose, Hausner’s ratio, Carr’s index, hardness, and
disintegration time. Polynomial Ridge Regression, Random Forest, Extra Trees, Gradient Boosting,
Support Vector Regression, Gaussian Process Regression, and k-nearest neighbors were compared
using leave-one-out cross-validation. Model performance was assessed using mean absolute error, root
mean square error, and cross-validated R². Gaussian Process Regression was the best model for
Hausner’s ratio, Carr’s index, hardness, and disintegration time, while Support Vector Regression
performed best for angle of repose. Tablet hardness and disintegration time were predicted with the
strongest performance, with R² values of 0.840 and 0.858, respectively. In contrast, angle of repose was
weakly predicted, with an R² of 0.158. Permutation importance and partial dependence analysis
indicated that compression pressure and excipient brand were the main contributors to tablet-level
responses. The findings show that machine learning can support interpretation of D-optimal formulation
data, especially for tablet-performance attributes, while predictions remain limited by dataset size and
absence of new external validation.

1. Introduction
Orally disintegrating tablets are patient-centered solid dosage forms designed to disintegrate rapidly in
the oral cavity without the need for water. They are particularly useful for patients who experience
difficulty swallowing conventional tablets or capsules, including elderly patients, patients with dysphagia,
and individuals receiving long-term therapy. In chronic diseases, adherence is influenced not only by
pharmacological efficacy but also by convenience, acceptability, and ease of administration. Metformin
hydrochloride is widely used in the management of type 2 diabetes mellitus; however, conventional
metformin tablets can be inconvenient for some patients because of the relatively high dose and large
tablet size. For such patients, an orally disintegrating tablet may provide a practical alternative while
retaining the advantages of a solid oral dosage form [1,2].

The formulation of metformin hydrochloride as an orally disintegrating tablet remains technically
demanding. Metformin hydrochloride is highly water soluble, intensely bitter, and generally requires high
drug loading. These properties make it difficult to achieve an acceptable balance between palatability,
mechanical strength, rapid disintegration, and tablet uniformity. A robust orally disintegrating tablet must
withstand handling, packaging, and transport, but must also disintegrate quickly after contact with
saliva. Increasing compression pressure may improve hardness and reduce friability, but excessive
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compaction can reduce porosity and delay disintegration. Similarly, the type and proportion of co-
processed excipients can influence wetting, swelling, powder flow, compactability, and tablet breakup.
Therefore, formulation development requires a systematic understanding of how formulation
composition and process conditions affect critical quality attributes [2–4].

Quality by Design provides a structured framework for developing such understanding. Within this
framework, design of experiments is widely used to study the effects of multiple formulation and
process variables with an efficient number of experimental runs. D-optimal designs are particularly
useful when the experimental space contains mixture variables, continuous process variables, and
categorical material variables. In orally disintegrating tablet development, this type of design can be
used to evaluate the combined effects of drug-to-excipient ratio, compression pressure, and excipient
type on powder-flow properties and tablet performance. The resulting models can support formulation
optimization and help identify conditions that provide an acceptable balance between hardness,
disintegration time, and flow-related properties [2].

Although D-optimal modeling is valuable, formulation systems may contain nonlinear relationships and
interactions that are not always fully represented by conventional polynomial models. Tablet
performance is governed by several interacting mechanisms, including particle rearrangement,
deformation, fragmentation, interparticulate bonding, water penetration, disintegrant swelling, and matrix
porosity. These mechanisms may be affected simultaneously by formulation ratio, compression
pressure, and excipient-specific material properties. When commercial co-processed excipients are
used, interpretation becomes more complex because each excipient system may differ in composition,
particle engineering, porosity, compressibility, and disintegrant functionality. These features provide a
rationale for applying complementary computational approaches to existing design-of-experiments
datasets [5–7].

Machine learning can support formulation modeling by identifying nonlinear and interaction-driven
relationships without requiring a fixed equation to be specified in advance. In pharmaceutical
development, machine-learning models have been used to predict critical quality attributes, compare
response predictability, identify influential variables, and support design-space visualization. However,
model selection must be appropriate to the size and structure of the dataset. Many formulation datasets
generated through planned experimental designs are small. In such cases, deep learning models are
generally unsuitable because they require larger datasets and can easily overfit. Small-data regression
methods, such as Gaussian Process Regression, Support Vector Regression, tree-based ensemble
methods, k-nearest neighbors, and regularized polynomial regression, are more appropriate when
combined with rigorous validation [5–7].

Validation is especially important when machine learning is applied to small experimental datasets. A
random train-test split can be unstable when only a few dozen observations are available, because
model performance may depend strongly on which runs are placed in the test set. Leave-one-out cross-
validation is a practical alternative for such datasets. In this approach, each experimental run is used
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once as an unseen test observation, while the remaining runs are used for training. This provides an out-
of-sample prediction for every run and allows performance to be assessed using metrics such as mean
absolute error, root mean square error, and cross-validated coefficient of determination. These metrics
help determine whether the model provides useful predictive value beyond a simple mean-response
baseline [6,8].

Interpretability is also essential for the use of machine learning in formulation science. A predictive
model is useful only when its outputs can be related to pharmaceutical understanding. Model-agnostic
approaches such as permutation importance and partial dependence analysis provide a transparent way
to examine the contribution of formulation and process variables. Permutation importance estimates
how strongly model performance depends on each input variable, whereas partial dependence plots
show the average modeled effect of numeric variables such as compression pressure or formulation
ratio. These tools help translate model outputs into formulation-relevant conclusions and reduce the risk
of treating machine learning as a black-box exercise [7,9].

The published D-optimal design dataset for metformin hydrochloride orally disintegrating tablets
provides a suitable case for machine-learning modeling. The dataset contains 30 experimental runs with
defined formulation and process inputs, including co-processed metformin hydrochloride ratio, co-
processed excipient ratio, compression pressure, and excipient brand. The reported responses include
angle of repose, Hausner’s ratio, Carr’s index, hardness, and disintegration time [10]. This structure
allows response-wise modeling of both powder-flow and tablet-performance attributes. The present
work does not claim new formulation development or new experimental optimization. Instead, it uses
the published design data as a controlled dataset to evaluate how small-data machine-learning models
perform across different critical quality attributes.

Accordingly, the objective of this study was to apply machine-learning modeling to D-optimal design data
for metformin hydrochloride orally disintegrating tablets. Multiple small-data regression algorithms were
compared using leave-one-out cross-validation. The analysis focused on identifying which responses
could be predicted reliably from the available formulation and process variables and which responses
remained difficult to model. Permutation importance and partial dependence analysis were then used to
interpret the relative influence of formulation ratio, compression pressure, and excipient brand. By
keeping the analysis within the original experimental domain, this work aims to show how machine
learning can provide a complementary digital layer for interpreting Quality by Design formulation data
without overextending beyond the available evidence.

2. Materials and Methods
2.1 Data source

This study used a published D-optimal design dataset for metformin hydrochloride orally disintegrating
tablets as the source data for machine-learning modeling [10]. In the source study, orally disintegrating
tablets were prepared using spray-dried co-processed metformin hydrochloride, commercially available
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co-processed excipients, and direct compression. The experimental design included mixture variables, a
continuous process variable, and a categorical excipient variable. This structure made the dataset
suitable for response-wise computational modeling of formulation and process effects.

No new tablet preparation, laboratory testing, or experimental optimization was performed in the present
work. The analysis was restricted to the reported D-optimal design data and was conducted to examine
whether small-data machine-learning models could predict and interpret the relationships between
formulation/process variables and measured powder and tablet responses. The overall computational
workflow is shown in Fig. 1.

Only the 30-run D-optimal design table was used for model training and validation. Additional data
reported in the source study, including solid-state characterization, scanning electron microscopy,
dissolution testing, taste evaluation, and stability testing, were not used as machine-learning inputs
because they were not part of the 30-run design matrix. These data were considered only as formulation
context during interpretation.

2.2 Dataset preparation

The numerical dataset was prepared by extracting the values from the published D-optimal design table
[10]. Each experimental run was entered as one row, and each formulation variable or measured
response was entered as a separate column. The final analytical dataset contained 30 rows, four input
variables, and five response variables. The extracted data were checked for consistency of numerical
values, excipient names, response units, and completeness before model development.

Formulation numbers were retained only as row identifiers and were not used as predictive variables.
Run-pattern codes were also excluded because they are experimental labels and do not represent
independent formulation or process information. The final machine-learning dataset therefore included
only variables with direct formulation meaning: co-processed metformin hydrochloride ratio, co-
processed excipient ratio, compression pressure, and excipient brand.

The full extracted dataset is provided as Supplementary Table S1. A summary of the variables used for
modeling is provided in Table 1. No experimental run was removed from the dataset, and no response
value was imputed.

2.3 Variables and responses

Four variables were used as model inputs. The first input was the ratio of co-processed metformin
hydrochloride in the formulation, and the second input was the ratio of co-processed excipient. These
two variables represented the mixture composition of the tablet blend. The third input was compression
pressure, expressed in psi, which represented the main process variable during tableting. The fourth
input was co-processed excipient brand, which was treated as a categorical material variable. The
excipient brands included Pharmaburst, Ludiflash, F-Melt, Prosolv, and SmartEX-QD [10].
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Five measured responses were modeled separately. Three responses described powder-flow behavior:
angle of repose, Hausner’s ratio, and Carr’s index. Two responses described tablet performance:
hardness and disintegration time. These responses were selected because they were the critical
responses reported in the D-optimal design dataset and are relevant to orally disintegrating tablet
development. Powder-flow responses are important for blend handling and die filling, whereas hardness
and disintegration time describe the balance between mechanical integrity and rapid tablet breakup.

Each response was treated as a separate single-output regression problem. This approach was selected
because the responses may be controlled by different formulation mechanisms and may not have the
same degree of predictability from the available input variables. The complete list of inputs and
responses, including their type and studied range, is summarized in Table 1.

2.4 Data preprocessing

The dataset was inspected before modeling to identify missing values, inconsistent entries, and
nonnumeric response values. All 30 experimental runs contained complete values for the four input
variables and five responses; therefore, no row deletion or imputation was required. Numeric variables
were retained in their original units to preserve formulation meaning during interpretation.

The categorical excipient-brand variable was converted into machine-readable form using one-hot
encoding. This approach allowed the models to distinguish between excipient brands without assigning
an artificial numerical order to the categories. For algorithms sensitive to the scale of input variables,
including Support Vector Regression, Gaussian Process Regression, k-nearest neighbors, and Polynomial
Ridge Regression, numeric variables were standardized. For tree-based algorithms, including Random
Forest, Extra Trees, and Gradient Boosting, numeric scaling was not required.

All preprocessing steps were embedded within the machine-learning pipeline. During cross-validation,
scaling and one-hot encoding were fitted only on the training portion and then applied to the held-out test
observation. This procedure was used to avoid data leakage and to provide a more reliable estimate of
out-of-sample prediction performance.

2.5 Model development

A model-zoo approach was used to compare multiple regression algorithms suitable for a small
formulation dataset. The tested models included Polynomial Ridge Regression, Random Forest
Regression, Extra Trees Regression, Gradient Boosting Regression, Support Vector Regression with a
radial basis function kernel, Gaussian Process Regression, and k-nearest neighbors regression. A mean-
response baseline model was also included to determine whether the machine-learning models provided
improvement over simple average prediction. The complete model set is summarized in Table 2.

Polynomial Ridge Regression was included as a regularized polynomial comparator because
conventional design-of-experiments analysis commonly uses polynomial response models. Ridge
regularization was used to reduce instability caused by correlated variables and the small sample size.
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Random Forest and Extra Trees were included because they can capture nonlinear relationships and
interaction effects without requiring a predefined equation. Gradient Boosting was included as another
ensemble method that can improve prediction by sequentially reducing residual error.

Support Vector Regression was selected because it is suitable for small nonlinear regression problems.
Gaussian Process Regression was included because it is well suited to structured experimental-design
datasets and can represent smooth response-surface-like behavior. k-nearest neighbors regression was
used as a simple nonparametric comparator. Artificial neural networks and deep learning models were
not used because the dataset contained only 30 experimental runs, which would create a high risk of
overfitting and unstable prediction.

2.6 Model validation

Model validation was performed using leave-one-out cross-validation. This strategy was selected
because the dataset contained only 30 experimental runs, making a conventional fixed train-test split
unstable and dependent on which runs were assigned to the test set. In each validation cycle, one
experimental run was held out as the test observation, and the remaining 29 runs were used for model
training. The trained model then predicted the response value for the held-out run.

This process was repeated 30 times for each response and each algorithm so that every formulation run
served once as an unseen test observation. The cross-validated predictions were then compared with
the observed values to calculate model performance. This approach allowed all available observations
to contribute to model evaluation while still generating out-of-sample predictions.

The same validation procedure was applied to all algorithms and all responses. Because preprocessing
was included within the modeling pipeline, each cross-validation cycle performed scaling and encoding
using only the training data. The held-out observation remained unseen until prediction. The overall
validation workflow is summarized in Fig. 1.

2.7 Performance metrics

Model performance was assessed using mean absolute error, root mean square error, and the leave-one-
out cross-validated coefficient of determination. Mean absolute error was used to estimate the average
magnitude of prediction error in the original units of each response. Root mean square error was also
calculated because it gives greater weight to larger prediction errors and is useful for comparing the
overall predictive performance of different algorithms.

The cross-validated coefficient of determination was used to evaluate the proportion of response
variability explained by each model during leave-one-out prediction. Positive R² values indicated that the
model performed better than a mean-response prediction, whereas values close to zero or negative
values indicated weak predictive utility. Because the dataset was small, R² was interpreted together with
mean absolute error and root mean square error rather than used as the only basis for model selection.
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For each response, the best model was selected according to the lowest root mean square error
obtained during leave-one-out cross-validation. Observed-versus-predicted plots were generated for the
best model of each response to visually assess prediction agreement. The complete performance
results are reported in Table 3, and the best-model summary is reported in Table 4.

2.8 Model interpretation

Model interpretation was performed using permutation importance and partial dependence analysis.
These methods were selected because they provide transparent, model-agnostic information that can be
related to formulation understanding. Permutation importance was used to estimate the relative
contribution of each input variable to model prediction. In this method, the values of one input variable
are randomly permuted while the other variables are kept unchanged. The resulting increase in
prediction error reflects the importance of that variable for the selected response.

Permutation importance was calculated for the best-performing model of each response after fitting the
selected model to the complete 30-run dataset. The interpreted input variables were co-processed
metformin hydrochloride ratio, co-processed excipient ratio, compression pressure, and excipient brand.
The results were expressed as mean importance values with variability across repeated permutations.
These values were used to compare the relative influence of formulation composition, process condition,
and excipient type.

Partial dependence plots were generated for the numeric variables to examine the average modeled
effect of each factor on the predicted response. These plots were prepared for co-processed metformin
hydrochloride ratio, co-processed excipient ratio, and compression pressure. Because the two mixture
variables are complementary within the design, their partial dependence trends were interpreted
cautiously and were not considered independent causal effects. The interpretation outputs are
presented in Fig. 3 and Fig. 4.

2.9 Design-space prediction

Design-space prediction was performed as an exploratory analysis after selecting the best model for
each response. The purpose was to visualize how the model predicted tablet performance across the
studied formulation and process region. The analysis focused on hardness and disintegration time
because these responses represent the key balance required for orally disintegrating tablets.

Prediction grids were generated across the studied range of co-processed metformin hydrochloride ratio
and compression pressure. The co-processed excipient ratio was adjusted according to the mixture
relationship so that the total formulation ratio remained within the original design domain. Separate
prediction maps were generated for each excipient brand. The trained model was then used to predict
response values at each grid point.

The resulting maps were used to identify regions predicted to provide adequate hardness and rapid
disintegration. For interpretation, hardness of at least 70 N and disintegration time of 60 s or less were
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used as practical performance criteria. The predicted maps are presented in Fig. 5. These maps were
considered exploratory and were not treated as experimentally confirmed design spaces because no
new validation batches were prepared in the present study.

2.10 Software

All analyses were performed using Python in a Jupyter Notebook environment. Data handling was
performed using pandas and NumPy. Machine-learning models, preprocessing pipelines, leave-one-out
cross-validation, performance metrics, permutation importance, and partial dependence analysis were
implemented using scikit-learn. Figures were generated using matplotlib and exported at 300 dpi for
manuscript preparation.

The computational workflow was designed to be reproducible. The dataset was loaded from a single
Excel file, and all preprocessing steps were incorporated into model pipelines. Random seeds were fixed
where applicable for stochastic models, including Random Forest, Extra Trees, and Gradient Boosting.
The same validation method and performance metrics were applied to all models and responses.

The final workflow generated model-performance tables, observed-versus-predicted values, best-model
summaries, permutation-importance outputs, partial dependence plots, and design-space prediction
maps. These outputs were saved automatically from the notebook and used for manuscript tables and
figures.

3. Results
3.1 Dataset overview

The dataset used for machine-learning modeling contained 30 experimental runs from the D-optimal
formulation design. Each run included four input variables and five measured responses. The input
variables were co-processed metformin hydrochloride ratio, co-processed excipient ratio, compression
pressure, and excipient brand. The metformin hydrochloride ratio ranged from 0.62 to 0.80, while the co-
processed excipient ratio ranged from 0.20 to 0.38. Compression pressure was evaluated at 800, 1200,
and 1600 psi. The categorical excipient variable included five brands: Pharmaburst, Ludiflash, F-Melt,
Prosolv, and SmartEX-QD. The variables used for modeling are summarized in Table 1.

The response variables represented both powder-flow and tablet-performance attributes. Angle of
repose ranged from 26.03° to 36.55°, Hausner’s ratio from 1.25 to 1.45, and Carr’s index from 19.85% to
29.99%. Tablet hardness ranged from 28.50 to 106.69 N, while disintegration time ranged from 17.00 to
272.33 s. This range of values indicated that the dataset contained sufficient response variability to
compare model performance across powder-flow and tablet-performance endpoints. The modeling
workflow applied to this dataset is shown in Fig. 1.

3.2 Model comparison
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All models were evaluated using leave-one-out cross-validation for each of the five responses. The
complete model-comparison results are presented in Table 3. Model performance differed across
responses. In general, powder-flow responses were predicted with lower and more variable accuracy
than tablet-performance responses. Among the powder-flow responses, angle of repose showed the
weakest prediction, whereas Hausner’s ratio and Carr’s index showed moderate predictability.

Tablet hardness and disintegration time showed the strongest predictive performance. For hardness, the
best model achieved a mean absolute error of 6.80 N, root mean square error of 8.73 N, and cross-
validated R² of 0.840. For disintegration time, the best model achieved a mean absolute error of 18.97 s,
root mean square error of 26.84 s, and cross-validated R² of 0.858. These results indicate that the
available formulation and process variables were more informative for tablet-level responses than for
angle of repose. The observed-versus-predicted plots for the best models are shown in Fig. 2.

3.3 Powder-flow prediction

Prediction of powder-flow responses was limited to moderate. Angle of repose was the least predictable
response in the dataset. Support Vector Regression with a radial basis function kernel provided the
lowest prediction error for this response, with a mean absolute error of 2.17°, root mean square error of
2.61°, and cross-validated R² of 0.158. Although the absolute error was not large, the low R² indicated
that the model explained only a small part of the observed variability. The observed-versus-predicted plot
also showed broad scatter around the identity line (Fig. 2A).

Hausner’s ratio was better predicted than angle of repose. Gaussian Process Regression gave the best
performance for Hausner’s ratio, with a mean absolute error of 0.022, root mean square error of 0.028,
and cross-validated R² of 0.601. Carr’s index was also best predicted by Gaussian Process Regression,
with a mean absolute error of 1.16%, root mean square error of 1.90%, and cross-validated R² of 0.486.
These findings suggest that density-derived flow indices were more amenable to prediction than angle of
repose. However, the moderate R² values indicate that powder-flow prediction remained less robust than
tablet-response prediction in the present dataset.

3.4 Tablet-response prediction

The tablet-performance responses showed the strongest model performance. Hardness was best
predicted by Gaussian Process Regression, with a mean absolute error of 6.80 N, root mean square error
of 8.73 N, and cross-validated R² of 0.840. The observed-versus-predicted plot showed good agreement
across the hardness range, with most predictions close to the identity line (Fig. 2D). This indicates that
the selected formulation and process variables captured the main hardness trend across the studied D-
optimal design space.

Disintegration time was also best predicted by Gaussian Process Regression. This response showed the
highest cross-validated R² among all outputs, with a value of 0.858. The mean absolute error was 18.97
s and the root mean square error was 26.84 s. The observed-versus-predicted plot showed reasonable
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agreement across the response range, although some deviation was observed for formulations with
longer disintegration times (Fig. 2E). Overall, these results show that machine-learning modeling was
most useful for tablet-level responses directly related to compaction and orally disintegrating tablet
performance.

3.5 Best models

The best model for each response was selected using the lowest leave-one-out cross-validated root
mean square error. Support Vector Regression was selected only for angle of repose. Gaussian Process
Regression was selected for the remaining four responses: Hausner’s ratio, Carr’s index, hardness, and
disintegration time (Table 4). This pattern indicates that Gaussian Process Regression was the most
consistent algorithm for the present D-optimal design dataset.

Compared with the mean-response baseline, the selected models improved prediction for most
responses. For hardness, the root mean square error decreased from 22.58 N for the baseline model to
8.73 N for Gaussian Process Regression. For disintegration time, the root mean square error decreased
from 73.60 s to 26.84 s. The improvements were smaller for powder-flow responses, particularly angle
of repose. Therefore, best-model selection confirmed that the predictive benefit of machine learning was
strongest for hardness and disintegration time, while prediction of angle of repose remained limited.

3.6 Variable importance

Permutation importance analysis was performed using the best model selected for each response. The
results are summarized in Table 5 and shown in Fig. 3. For the powder-flow responses, excipient brand
showed the highest contribution to model prediction. For angle of repose, excipient brand was the most
important variable, followed by compression pressure. A similar pattern was observed for Hausner’s
ratio and Carr’s index, where excipient brand again contributed most strongly to prediction. These results
indicate that differences among the co-processed excipient systems were important for modeling flow-
related responses.

For tablet hardness, compression pressure was the dominant variable, followed by excipient brand. For
disintegration time, compression pressure also showed the highest importance, with excipient brand as
the second major contributor. These findings indicate that tablet-level responses were mainly influenced
by compaction conditions and excipient type. The co-processed metformin hydrochloride ratio and co-
processed excipient ratio also contributed to model prediction, but their individual effects should be
interpreted cautiously because the two mixture variables are complementary within the design.

3.7 Partial dependence

Partial dependence plots were generated to examine the average modeled effect of numeric variables on
each response. The plots are presented in Fig. 4. For angle of repose, the predicted response changed
only modestly across the studied ranges of metformin hydrochloride ratio, excipient ratio, and
compression pressure. This result was consistent with the weak cross-validated performance observed
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for this response and suggests that the selected numeric variables did not strongly explain angle-of-
repose variability.

For hardness, compression pressure showed a clear positive effect. Predicted hardness increased as
compression pressure increased from 800 to 1600 psi. Disintegration time also increased with
compression pressure, indicating that stronger compaction was associated with slower tablet breakup.
These paired trends show the main formulation trade-off observed in the dataset: higher compression
pressure improved predicted hardness but also tended to prolong predicted disintegration time. The
partial dependence results therefore supported the variable-importance findings and provided a
formulation-based interpretation of the machine-learning models.

3.8 Design-space prediction

Design-space prediction was performed for hardness and disintegration time because these responses
define the key performance balance required for orally disintegrating tablets. The predicted response
maps are shown in Fig. 5. The maps were generated within the original experimental region and were
interpreted as exploratory machine-learning predictions rather than experimentally confirmed design
spaces.

Compression pressure strongly influenced both predicted hardness and predicted disintegration time. At
lower compression pressure, predicted disintegration time was generally shorter, but hardness was more
likely to remain below the practical target of 70 N. At higher compression pressure, predicted hardness
increased, but disintegration time also tended to increase. This pattern was consistent with the partial
dependence analysis.

When both criteria were considered together, Pharmaburst-containing formulations showed the most
favorable predicted region within the explored domain. This region was associated with predicted
hardness of at least 70 N and predicted disintegration time of 60 s or less. These results suggest that
machine-learning maps can support preliminary visualization of formulation regions that may provide a
favorable balance between mechanical strength and rapid disintegration. However, this region should be
considered exploratory because no additional confirmatory batches were prepared in the present study.

3.9 Optimized formulation prediction

The selected best models were used to predict the responses for the optimized formulation condition
reported in the source design study. The input condition consisted of a co-processed metformin
hydrochloride ratio of 0.68, a co-processed excipient ratio of 0.32, compression pressure of 1600 psi,
and Pharmaburst as the excipient brand. The predicted responses are summarized in Table 6.

For this formulation, the models predicted an angle of repose of 32.37°, Hausner’s ratio of 1.354, Carr’s
index of 25.65%, hardness of 75.96 N, and disintegration time of 57.25 s. The predicted hardness was
consistent with the intended mechanical performance of the optimized tablet. The predicted
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disintegration time also remained within the practical criterion of 60 s, although it was more
conservative than the experimentally reported disintegration behavior in the source study.

The optimized-formulation prediction should therefore be interpreted as supportive model-based
estimation rather than experimental confirmation. The results indicate that the models captured the
general performance direction of the optimized formulation, particularly the high-hardness and rapid-
disintegration region associated with Pharmaburst at higher compression pressure. However, the
prediction does not replace experimental validation and should be considered only within the original
design domain.

4. Discussion
The present study applied machine-learning modeling to D-optimal design data for metformin
hydrochloride orally disintegrating tablets. The objective was to evaluate whether small-data regression
models could predict and interpret powder-flow and tablet-performance responses using formulation
and process variables from the published design dataset. The findings showed a clear response-
dependent pattern. Tablet-level responses, particularly hardness and disintegration time, were predicted
with good leave-one-out cross-validation performance, whereas powder-flow responses showed weaker
or moderate predictability (Table 4; Fig. 2). This distinction is important because hardness and
disintegration time are central to the performance of orally disintegrating tablets, where mechanical
integrity must be balanced with rapid breakup in the oral cavity [2,3].

Gaussian Process Regression was the most consistent algorithm in this dataset. It was selected as the
best model for Hausner’s ratio, Carr’s index, hardness, and disintegration time, while Support Vector
Regression was selected only for angle of repose. This outcome is reasonable because the dataset was
generated from a structured D-optimal design rather than from a large heterogeneous dataset. In such
experimental designs, response behavior is expected to change within a defined formulation and
process region. Gaussian Process Regression can represent smooth response-surface-like relationships
and is therefore suitable for small structured datasets when validation is carefully applied [6,7,11].
However, this result should not be interpreted as general superiority of Gaussian Process Regression for
all formulation problems. Its performance in the present study reflects the structure of the dataset, the
number of experimental runs, and the response patterns available for modeling.

Hardness was predicted with strong performance, with a cross-validated R² of 0.840 and a root mean
square error of 8.73 N (Table 4). This suggests that the selected inputs captured the main sources of
variation in tablet strength. The importance analysis showed compression pressure as the dominant
contributor to hardness, followed by excipient brand (Table 5; Fig. 3). This agrees with established tablet
compaction principles. Increasing compression pressure promotes particle rearrangement,
densification, deformation, and interparticulate bonding, which generally increases mechanical strength
[2,6]. The effect of excipient brand is also formulation-relevant because co-processed orally
disintegrating tablet excipients can differ in composition, particle engineering, compressibility,
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disintegrant content, and dilution capacity [2,5]. Therefore, different excipient systems may produce
different compact strength even at similar formulation ratios and compression pressure.

Disintegration time also showed strong predictability and had the highest cross-validated R² among all
modeled responses. The importance analysis identified compression pressure and excipient brand as
the main contributors to disintegration time (Table 5; Fig. 3). Partial dependence analysis further showed
that disintegration time increased with compression pressure (Fig. 4). This trend is consistent with the
expected effect of compaction on tablet porosity and liquid penetration. Higher compression pressure
may strengthen the compact but can reduce pore volume and slow tablet breakup [2,3]. At the same
time, the excipient system may counterbalance this effect through wicking, swelling, and rapid water
uptake [2,13]. The findings therefore reflect the central formulation trade-off in orally disintegrating
tablets: increasing compression pressure improves hardness but may delay disintegration.

The powder-flow responses were less consistently predicted. Angle of repose was the weakest
response, with a cross-validated R² of only 0.158 despite selection of the best-performing model (Table
4; Fig. 2A). This indicates that the available input variables explained only a small portion of the observed
variability. Angle of repose can be influenced by factors that were not included in the modeling dataset,
such as particle-shape distribution, surface roughness, residual moisture, cohesiveness, electrostatic
behavior, and experimental handling conditions [4]. Therefore, weak prediction of angle of repose does
not necessarily indicate failure of the modeling workflow. Rather, it suggests that this response requires
additional material descriptors for reliable prediction. Hausner’s ratio and Carr’s index were predicted
more effectively than angle of repose, although their performance remained moderate. These density-
derived indices may be more directly related to powder packing than angle of repose, but they are still
influenced by powder microstructure and interparticulate interactions [4,7].

The design-space prediction provided useful visual interpretation of the hardness–disintegration balance
(Fig. 5). The maps showed that lower compression pressure generally favored shorter disintegration
time but could compromise hardness, whereas higher compression pressure improved hardness while
tending to prolong disintegration. When both criteria were considered together, Pharmaburst-containing
formulations showed the most favorable predicted region, with hardness of at least 70 N and
disintegration time of 60 s or less within the studied domain. This result supports the role of excipient
selection in maintaining tablet strength without excessive loss of disintegration performance [2,5].
However, these maps should be interpreted as exploratory model-based outputs rather than
experimentally confirmed design spaces, because no new validation batches were prepared in the
present study.

Prediction of the optimized formulation further illustrates both the usefulness and limitation of the
approach. For the reported optimized condition, the model predicted hardness of 75.96 N and
disintegration time of 57.25 s (Table 6). These values indicate that the model identified the optimized
region as mechanically strong and rapidly disintegrating within the practical criterion used in this
analysis. However, the predicted disintegration time was more conservative than the experimentally
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reported optimized-batch behavior in the source study [10]. This difference may reflect the limited
number of training points and the strong pressure–disintegration relationship learned from the dataset.
It may also indicate that excipient-specific disintegration mechanisms are not fully represented by the
four input variables used in the model.

From a Quality by Design perspective, the study shows that machine learning can provide a
complementary layer for interpreting formulation data. The models helped distinguish responses that
were well predicted from those that remained uncertain. This is useful because it prevents
overgeneralization of AI outputs and supports response-wise interpretation. For hardness and
disintegration time, the models provided meaningful predictive and explanatory information. For angle of
repose, the results indicated limited predictability and the need for richer material descriptors. Thus,
machine learning should be used as an additional decision-support tool rather than as a replacement for
experimental design, formulation knowledge, or confirmatory testing [5,7].

Several limitations should be recognized. First, the analysis used only 30 published experimental runs
and did not include new laboratory validation [10]. Second, the two mixture variables were
complementary, which limits independent interpretation of their individual effects. Third, excipient brand
was treated as a categorical variable, but detailed physicochemical descriptors such as particle size,
porosity, moisture content, and composition were not included. Fourth, the predicted maps were
generated only within the original design range and should not be extrapolated beyond that domain.
Future work should include additional confirmatory batches, independent test points, and richer material
descriptors, particularly for powder-flow prediction [4,9]. Overall, the findings indicate that small-data
machine learning can complement D-optimal formulation modeling, particularly for tablet-performance
responses, when validation is rigorous and conclusions remain within the limits of the available
experimental evidence.

5. Conclusion
This study applied small-data machine-learning models to D-optimal design data for metformin
hydrochloride orally disintegrating tablets. The analysis showed that model performance was response
dependent. Tablet-level responses were predicted more reliably than powder-flow responses, with
hardness and disintegration time showing the strongest leave-one-out cross-validation performance.
Gaussian Process Regression was the most consistent algorithm across the dataset and provided the
best performance for Hausner’s ratio, Carr’s index, hardness, and disintegration time, while Support
Vector Regression performed best for angle of repose.

The interpretation analysis indicated that compression pressure and excipient brand were the main
contributors to tablet-performance responses. This finding supports the formulation relevance of
compaction conditions and co-processed excipient selection in achieving the required balance between
mechanical strength and rapid disintegration. The design-space prediction further suggested that
Pharmaburst-containing formulations provided the most favorable model-predicted region within the
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studied domain. However, these predictions should be considered exploratory and not experimentally
confirmed.

Overall, the study demonstrates that machine learning can provide a useful complementary layer for
interpreting D-optimal formulation data, particularly for tablet-performance attributes. At the same time,
the limited predictability of angle of repose highlights the need for richer material descriptors when
modeling powder-flow behavior. Future work should include independent validation batches and
additional physicochemical descriptors to strengthen model reliability and support broader application in
Quality by Design-based formulation development.
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Tables
Table 1. Variables used for machine-learning modeling

Variable
code

Variable name Type Range or categories Role in
model

X1 Co-processed
metformin
hydrochloride ratio

Numeric mixture
variable

0.62–0.80 Input

X2 Co-processed excipient
ratio

Numeric mixture
variable

0.20–0.38 Input

X3 Compression pressure Numeric process
variable

800, 1200, 1600 psi Input

X4 Co-processed excipient
brand

Categorical
material variable

Pharmaburst, Ludiflash, F-
Melt, Prosolv, SmartEX-QD

Input

Y1 Angle of repose Numeric
response

26.03–36.55° Output

Y2 Hausner’s ratio Numeric
response

1.25–1.45 Output

Y3 Carr’s index Numeric
response

19.85–29.99% Output

Y4 Hardness Numeric
response

28.50–106.69 N Output

Y5 Disintegration time Numeric
response

17.00–272.33 s Output

The dataset contained 30 experimental runs extracted from the published D-optimal design table [10].
Each response was modeled separately as a single-output regression task.

Table 2. Machine-learning models used in the study
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Model Model type Purpose in the analysis Preprocessing
applied

Mean baseline Naïve comparator Used to determine whether
machine-learning models
improved over average-response
prediction

One-hot encoding
for categorical input

Polynomial
Ridge
Regression

Regularized
polynomial model

Used as a QbD-like polynomial
comparator with regularization

Standardization and
one-hot encoding

Random Forest
Regression

Tree-based
ensemble

Used to capture nonlinear
relationships and interaction
effects

One-hot encoding

Extra Trees
Regression

Randomized tree-
based ensemble

Used to assess nonlinear
prediction with additional
randomization

One-hot encoding

Gradient
Boosting
Regression

Boosted ensemble Used to sequentially reduce
residual prediction error

One-hot encoding

Support Vector
Regression

Kernel-based
regression

Used for nonlinear small-data
modeling with radial basis
function kernel

Standardization and
one-hot encoding

Gaussian
Process
Regression

Probabilistic kernel-
based regression

Used for smooth response-
surface-like prediction in a
structured experimental dataset

Standardization and
one-hot encoding

k-Nearest
Neighbors
Regression

Nonparametric
regression

Used as a simple distance-based
comparator

Standardization and
one-hot encoding

Table 3. Summary of best model performance for each response

Response Best model MAE RMSE LOOCV
R²

Interpretation

Angle of repose Support Vector
Regression

2.17° 2.61° 0.158 Weak prediction

Hausner’s ratio Gaussian Process
Regression

0.022 0.028 0.601 Moderate
prediction

Carr’s index Gaussian Process
Regression

1.16% 1.90% 0.486 Moderate
prediction

Hardness Gaussian Process
Regression

6.80 N 8.73 N 0.840 Good prediction

Disintegration
time

Gaussian Process
Regression

18.97
s

26.84
s

0.858 Good prediction
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MAE: mean absolute error; RMSE: root mean square error; LOOCV: leave-one-out cross-validation. 

Table 4. Improvement of selected models over mean-response baseline

Response Baseline
RMSE

Best model Best-
model
RMSE

Direction of improvement

Angle of repose Not shown Support Vector
Regression

2.61° Limited improvement; weak
predictability retained

Hausner’s ratio 0.0466 Gaussian Process
Regression

0.028 Improved prediction

Carr’s index 2.75% Gaussian Process
Regression

1.90% Improved prediction

Hardness 22.58 N Gaussian Process
Regression

8.73 N Marked improvement

Disintegration
time

73.60 s Gaussian Process
Regression

26.84 s Marked improvement

Table 5. Main variables identified by permutation importance

Response Best model Most
important
variable

Second
important
variable

Key interpretation

Angle of
repose

Support
Vector
Regression

Excipient
brand

Compression
pressure

Flow prediction was mainly
associated with excipient
type, but overall
predictability was weak.

Hausner’s
ratio

Gaussian
Process
Regression

Excipient
brand

Compression
pressure

Density-derived flow
behavior was influenced
mainly by excipient type and
compaction-related
formulation context.

Carr’s index Gaussian
Process
Regression

Excipient
brand

Compression
pressure

Carr’s index showed
stronger dependence on
excipient brand than on
mixture ratios.

Hardness Gaussian
Process
Regression

Compression
pressure

Excipient
brand

Tablet strength was mainly
governed by compaction
pressure and excipient
functionality.

Disintegration
time

Gaussian
Process
Regression

Compression
pressure

Excipient
brand

Tablet breakup behavior
was mainly influenced by
compaction pressure and
excipient type.
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Table 6. Machine-learning prediction for the reported optimized formulation

Response Best model used Predicted
value

Practical interpretation

Angle of repose Support Vector
Regression

32.37° Model-based estimate of powder-flow
behavior

Hausner’s ratio Gaussian Process
Regression

1.354 Model-based estimate of density-
derived flow behavior

Carr’s index Gaussian Process
Regression

25.65% Model-based estimate of
compressibility-related flow index

Hardness Gaussian Process
Regression

75.96 N Predicted to meet the intended
mechanical-strength region

Disintegration
time

Gaussian Process
Regression

57.25 s Predicted to remain within the practical
criterion of ≤60 s

Input condition: Co-processed metformin hydrochloride ratio = 0.68; co-processed excipient ratio = 0.32;
compression pressure = 1600 psi; excipient brand = Pharmaburst.

Figures
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Figure 1

Workflow of machine-learning modeling of D-optimal design data for metformin hydrochloride orally
disintegrating tablets.
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Figure 2

Observed-versus-predicted plots for the best-performing models of each response.
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Figure 3

Permutation importance of input variables for the best-performing models.
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Figure 4

Partial dependence plots of numeric variables for the best-performing models.
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Figure 5

Exploratory design-space prediction maps for hardness and disintegration time.
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