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Abstract

Orally fast-disintegrating tablets (OFDTs) have seen a significant increase in popularity over the past decade, becoming a rapidly
expanding sector in the pharmaceutical market. The aim of the current study is to use machine learning (ML) methods to predict the
disintegration time (DT) of OFDTs. In this study, we have developed seven ML models using the TPOT AutoML platform to predict
the DT of OFDTs. These models include the decision tree regressor (DTR), gradient boost regressor (GBR), random forest regressor
(RFR), extra tree regressor (ETR), least absolute shrinkage and selection operator (LASSO), support vector machine (SVM), and
deep learning (DL). The results indicate that ML methods are effective in predicting the DT, especially with ETR. However, after
fine-tuning the deep neural network with a 10-point cross-validation scheme, the DL model showed superior performance with an
NRMSE of 6.2% and an R2 of 0.79. The key factors influencing the DT of OFDTs were identified using the SHAP method.
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Introduction the most widely used type of drug, but a key limitation of

these formulations is “dysphagia,” which refers to difficul-

Despite significant advancements in drug delivery meth-
ods, oral administration continues to be an ideal approach
for administering therapeutic agents due to its precise
dosage, cost-effectiveness, ability for self-medication,
non-invasive nature, and convenience of administration,
leading to a notable level of patient adherence. Tablets are

ties in swallowing experienced by a significant portion of
the population, affecting over 50% of individuals. Conse-
quently, individuals may fail to adhere to their prescribed
drugs, leading to a high occurrence of noncompliance and
ineflicient treatment (Diaz et al. 2012). Recently, there has
been a growing trend and acceptance of fast-disintegrating
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drug delivery systems as a novel method of drug admin-
istration. These systems are preferred due to their ease of
use and ability to improve patient adherence to medica-
tion. Taking conventional tablets may be challenging in
certain situations, such as motion sickness, abrupt aller-
gy responses, or coughing, and when water is not readily
available, specifically for pediatric and geriatric patients.
Orodispersible tablets (ODTs) have been developed as
an alternative form of medication to address these is-
sues. Recent developments in novel drug delivery systems
(NDDS) aim to increase the effectiveness of a medicinal
compound while maintaining therapeutic effectiveness,
ultimately leading to improved patient adherence (Shar-
ma 2013). Within the literature, ODTs are known by
several terms, such as rapidly disintegrating, fast disin-
tegration, fast dispersing, rapid dissolving, fast dissolve/
dissolving, rapid melting, fast melting, and orodispersible
tablets (Ghourichay et al. 2021). Therefore, ODTs are the
optimal dosage forms due to their convenient administra-
tion, pleasant taste, and enhanced durability. They require
the same equipment as traditional tablet manufacturers
and have a cost-effective preparation process. OFDTs
have notable drug loading capacity and dissolve quickly in
the mouth without the need for water, providing compact
packaging, precise dosage accuracy, and rapid disintegra-
tion in the mouth. This resulted in quick dissolution and
improved absorption for a rapid pharmacological effect.
OFDTs are one of the most effective dosage forms for el-
derly individuals, children, people with mental illnesses,
and paralyzed patients (Akdaga et al. 2020). The DT of
OFDTs can be affected by quality traits such as tensile
strength (hardness) and porosity. Typically, when a tablet’s
hardness is increased, its porosity decreases, resulting in a
longer DT. On the other hand, tensile strength lower than
the required level may result in chipping and breakage
flaws, hindering packaging and production activities and
impacting both efficacy and safety. This could potentially
lead to treatment failure caused by inconsistent formula-
tions. Tablet rigidity can be improved by considering var-
ious aspects, including the selection of excipients, powder
substance, compression force and rapidity, moisture level,
and tablet diameter. A standard dosage form usually con-
tains disintegrating agents, solubility and binding agents,
lubricants, and additives. Component selection is deter-
mined by the specific requirements of the dosage form
and assembly methods, with each feature and its amount
influencing the critical quality attributes (CQAs) of a dos-
age form (Szlek et al. 2022). ODTs can be obtained using
a variety of procedures, including lyophilization, molding,
the cotton candy process, spray drying, mass extrusion,
compaction, and other unique approaches. Moreover, the
pharmaceutical industry finds the formulation of OFDTs
through the direct compression method to be the most
appealing due to its cost-effectiveness and short process.
This process does not require the use of advanced ma-
chinery and technologies (Alejandro et al. 2020). Howev-
er, orally disintegrating tablets (ODTs) produced through
direct compression may experience a higher compression

force, resulting in increased tensile strength, which in turn
may cause a longer disintegrating time (DT). The chal-
lenge with dosage forms is to have a uniform structure
that allows for quick disintegration while preserving tablet
hardness. Pharmaceutical experts continue to rely on tra-
ditional experimentation in product development, which
is inefficient, time-consuming, and often unpredictable
(Paulz et al. 2021). Meeting the critical quality attributes
(CQAs) of a short DT (<180s) may pose challenges due
to the complex relationship among active pharmaceutical
ingredients (APIs), excipients, and the tablet manufactur-
ing process (Szlek et al. 2022). In recent years, the use of
data-based prediction technologies such as ML and DL
models to streamline the conventional drug discovery and
development process has increased (Yoo et al. 2022). ML
is a subset of artificial intelligence (AI) that can acquire
knowledge and make predictions on complex structures
using extensive datasets. It has been successfully applied
in pharmaceutical research across various domains. ML
algorithms in the formulation field have effectively creat-
ed highly precise models for forecasting the DT of ODTs
and films (Hana et al. 2019). On the other hand, DL has
emerged as a highly promising field of research. DL is the
predominant and extensively used ML method, proven
successful in drug development and repurposing through
the prediction of drug-target interactions and drug eval-
uations. This is because DL can extract complex features
from input data (Yoo et al. 2022). Additionally, DL tech-
niques can achieve the highest accuracy in predicting the
in-vitro efficacy of pharmaceutical dosage forms (Ma et al.
2020). Predicting the quality features of solid dosage forms
has become a trend in various research approaches, such
as explaining the disintegration process of ODTs through
various ML models (Szlek et al. 2022). Forecasting break-
ing force of tablets and DT of tablet formulations based on
ML tools (Akseli et al. 2017), computational intelligence
for the prediction of DT of ODTs (Szlek et al. 2021), DL-
based models for the prediction of DT of ODTs (Yanga et
al. 2019), drug properties prediction based on DL models
(Yoo et al. 2022), prediction of internal tablet defects us-
ing DL Convolutional Neural Networks (Ma et al. 2020),
DL in drug discovery (Askr et al. 2023), DL-based dosage
predictions for radiotherapy targeting the head and neck
region (Gronberg 2023), prediction of pharmacological
properties of drugs using DL models (Aliper et al. 2016),
quantifying the composition of amlodipine and enalapril
in combination tablets with artificial neural networks
(ANN) (Behei et al. 2022), prediction of DT of ODTs
using ANN (Hana et al. 2018). These instances demon-
strate that ML models can provide accurate predictions of
CQAs, and it is possible to derive prediction rules from
these models. In this context, we have developed an op-
timal method for evaluating the DT of OFDTs based on
ML models, namely DTR, GBR, RFR, ETR, LASSO, SVM,
and DL. All these models have demonstrated successful
applications in the fields of pharmaceutical formulation
development, manufacturing processes, and destruc-
tive analytical tests. However, effectively applying these
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models requires careful consideration of data quality,
model interpretability, and regulatory compliance (Loua
etal. 2021). The present work aims to develop ML models
capable of evaluating the DT of OFDTs. The results ob-
tained through training, validation, and explainability are
expected to enhance domain knowledge in the framework
of designing formulations and optimizing process vari-
ables for manufacturing tasks.

Methodology

Data description

An established literature-based data model was selected for
the development and validation process. The data has been
refined to include only verified records, focusing on fea-
tures of OFDTs such as tablet hardness, thickness, friabil-
ity, and punch size. To expand our database, we conducted
a literature review using the Scopus, Web of Science, and
Google Scholar databases. A keyword search strategy was
employed, including terms like “oral disintegrating,” “fast
disintegrating,” “rapidly disintegrating,” and “oral dispers-
ible” The formulation should specify the total quantity of
all excipients. Additionally, tablet quality attributes such as
hardness, thickness, friability, punch size, and disintegra-
tion time should be included (Hana et al. 2018).

A total of 248 articles were retrieved through a data-
base search. Out of these, only 185 research articles were
selected for data extraction. Upon further manual search,
93 articles did not meet the inclusion criteria and were ex-
cluded from the study. After thorough sorting, 92 articles
yielded a total of 1076 formulations. The formulation data
included the name of the active pharmaceutical ingredient
(API), other excipients, and process details, all of which
were documented in the dataset. The final dataset con-
sisted of the following parameters for each formulation:
API name, dose, excipient name, dose (each excipient dis-
played in a separate column), hardness, friability, thick-
ness, punch size, and DT. This information was then used
for modeling using ML techniques (Momeni et al. 2023).

Data enhancement and processing

According to the European Pharmacopoeia 10" edition,
orodispersible tablets should breakdown within 3 min-
utes. Therefore, any records from the database that exceed
180 seconds have been excluded from further analysis. A
correlation study was conducted to investigate the rela-
tionship between the dependent variable (DT) and vari-
ous independent factors such as API, process parameters,
and composition (Szlek et al. 2022).

Workflow

The process of developing the ML model is split into three
phases: data pre-processing, modeling, and model inter-
pretation, as shown in Fig. 1.

Pre-processing of data

After completing data collection, the data must be pro-
cessed before building predictive models to ensure the
robustness and effectiveness of ML models. Several com-
monly employed methods, such as data cleansing, di-
mension reduction, imbalanced data solutions, and data
splitting strategies, are necessary for data analysis. Data
cleaning is performed to identify missed observations and
is done by replacing data points with median or mean val-
ues. However, there are limitations to replacing missing
values, as a decrease in data size may impact the accuracy
of the model. Dimensionality reduction is used to elimi-
nate the least significant features in the dataset, reducing
overfitting issues and simplifying the model’s complexity.
Various approaches to dimensionality reduction, such as
principal component analysis (PCA), high correlation fil-
tering, and random forest feature selection, are commonly
used in data processing. Imbalanced data solutions ad-
dress the uneven distribution of different database classes,
as using an unbalanced dataset in a prediction model can
lead to poor performance. Data splitting is another crucial
step in data processing, where the entire dataset is ran-
domized and divided into three subcategories: training,
validation, and testing. The training set is used to train the
models; validation is for tuning hyperparameters and pre-
venting overfitting; and the testing set is used to assess the
prediction potential of unknown data. The recommended
ratio for these categories is 70% for training, 20% for val-
idation, and 10% for testing, though the ratios may vary
depending on the data size. Therefore, data preprocessing
and splitting strategies are essential steps before undertak-
ing the task.

Modeling

ML modeling tasks involve various techniques such as
classification, regression trees, neural networks, and po-
tentially many other algorithms. These models are trained
using prepared databases, and their performance is eval-
uated using an error metric. Keeping track of different
modeling methods and exploring various features can be
challenging and computationally expensive. Therefore,
AutoML (Automated Machine Learning) is utilized. Au-
toML approaches often use ensemble learning strategies,
which combine several model types to produce predic-
tions that are more reliable. In this case, TPOT AutoML
employed the K-fold cross-validation technique to gen-
erate a definitive production model by selecting features
based on a predefined threshold. Each fold consists of a
distinct training-testing pair and a validation set, with 568
records randomly selected for training, 244 records for
validation, and 348 records for testing.

Model training

After completing the ML modeling process, it is
necessary to evaluate the predictive performance of ML
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Figure 1. Schematic representation of an applied workflow.

models to understand how well they generalize to new,
unseen data. ML models are often prone to overfitting,
which occurs when the model not only learns the
underlying patterns in the training data but also the
noise and random fluctuations that come with the
data. To prevent overfitting and ensure model stability,
the selected attributes indicate the significant impact
they had on the model's assumptions, highlighting
the opaque nature of machine learning models. A
small amount of data was removed during the model
evaluation using the K-fold approach. This research
involves training and validating models using a five-fold
cross-validation method, followed by selecting features
using a Python script. The training and validation
procedures were repeated five times to thoroughly
cover the input database and achieve the optimal model.
After selecting the final input feature vector, the model
was trained using a 10-fold cross-validation procedure.
Root mean square error (RMSE), normalized root mean
square error (NRMSE), coefficient of determination
(R?), mean absolute error (MAE), and mean square
error (MSE) are used to measure the robustness of the
models. Seven algorithms from the TPOT AUTOML
platform were utilized for feature selection and final
model development: DTR, GBR, RFR, ETR, LASSO,
SVM, and DL.

RMSE —\/ 2 (pred ;—obs,)?

n
RMSE
NRMSE = S (100%)
obs, —obs, ..
n
R2=1— SSpes _ Zi=1(pred,—obs)2
SSot Z:]=1(obs/—obs)2

The variables in the equation are as follows: “obsi, pre-
di” represent the practical and expected values, respec-
tively; “i” is the data record number; “n” is the total num-
ber of records; “obsmax” is the highest experimental value;
“obs__ 7 is the least observed value; “R*” is the coefficient
of determination; “SSres” is the sum of squares of the resid-
ual errors; “SSm” is the total sum of the errors; and “obs” is

the arithmetic mean of observed values (Szlek et al. 2022).

Proposed ML method

The accuracy of ML results cannot be improved simply
by fitting data into models. As the data becomes larger
and more complex, better data handling techniques such
as DTR, GBR, random RFR, ETR, LASSO, SVM, and DL
become necessary to handle it.
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DTR

DTR is a versatile algorithm used for classification and re-
gression tasks simultaneously. It operates on the concept
of breaking down complex problems into simpler, more
manageable subproblems, making it an excellent choice for
various applications. Decision trees (DT) have a hierarchi-
cal structure, with conditions applied from the tree’s root
to its leaves. This structure allows for a step-by-step deci-
sion-making process. One of the key strengths of DT is its
transparent and interpretable structure. The rules generated
by DT are easy to understand. Once trained on a dataset,
DT can produce logical rules that can be applied to new,
unseen data by recursively dividing them into subgroups
based on the conditions learned during the training phase.

GBR

GBR generates a series of decision trees, with each tree
addressing the errors of the previous one. The model is
generated iteratively, with each iteration adding a new
decision tree to the ensemble and focusing on the errors
or residuals of the combined model from prior iterations.
The loss function is a crucial component in GBR as it de-
termines the variation between the predicted and actual
values of the desired variables. The algorithm minimizes
this loss function during each iteration, ensuring that the
model is continually improving. MSE is a commonly used
loss function in GBR, where the average squared differ-
ence between the expected and actual values is calculated.
Overall, GBR is a powerful algorithm for regression tasks
and is widely used in practice due to its flexibility, high
predictive accuracy, and ability to handle complex rela-
tionships in data (Ghazwani et al. 2023).

M
f)= 22 Bphm)
m=1

RFR

RFR is a machine-learning-based regression algorithm. It is
built on bagging and random subspace algorithms. Due to
its versatility, capability to handle uncertain data, and suit-
ability for high-dimensional feature spaces (with many pre-
dictors), RFR is widely respected. In recent years, RFR has
emerged as the most advantageous general-purpose algo-
rithm. The “divide and conquer” approach, which involves
bootstrapping data subsets, building decision trees on each
subset, and then aggregating these results, best characterizes.

1 C
Cx)= EE T/(x)

The RFR employs a vector input variable x to gener-
ate an output. This is achieved by merging the predictions
of the C decision trees. Ti(x) indicates a regression tree
created from a subset of input variables and bootstrapped
samples (Borup et al. 2023).

ETR

ETR is an enhanced method for addressing generalization
(overfitting) concerns associated with random forest (RF).
This approach is a recent advancement in the field of ML
and can be viewed as an extension of the widely used RF.
Its purpose is to minimize the risk of overfitting. Similar to
RE ETR trains each base estimator using a random subset
of features. It does not select a feature and its correspond-
ing value for use in node splitting (Hameed et al. 2021).

LASSO

LASSO is a linear regression method that reduces the total
sum of squares of residuals and the sum of the absolute
values of the regression coeflicients. The regression coeffi-
cient can be obtained using the given equation.

m n
2P =xDp?+2 2 |b)|
i=1 j=1

Where m represents the number of samples, n represents
the number of x variables - y(i) and x(i) ¢ R**™are the y
and x values in the ith sample, respectively; bj is the jth
regression coeflicient; and A is the hyperparameter. b is
denoted by the following formula:

b=(b,b,..b)"

In LASSO, the regression coefficient, bj, can be reduced
to zero, leading to the removal of the corresponding x. The
study considered a range of values for A from 2-15 to 2-14
...»2-2,and 2-1 to find the value that maximizes the coefh-
cient of determination, r? by 5-fold cross-validation. Scikit-
learn was employed to estimate the LASSO (Kaneko 2021).

SVM

SVM is the most commonly used method in ML for classi-
fication, regression, and other tasks. SVM operates in high-
or infinite-dimensional space and constructs a hyperplane
or multiple hyperplanes. The hyperplane that maximizes
the distance from the closest training data points in each
class achieves significant separation. A larger margin typi-
cally results in a lower generalization error for the classifier.
It is effective in high-dimensional spaces and can exhibit
different behaviors based on mathematical functions like
the kernel. SVM classifiers utilize various types of func-
tions, such as linear, polynomial, radial basis function
(RBF), and sigmoid, as kernel functions. However, if the
dataset contains a higher level of noise, such as overlapping
target classes, the performance of SVM is compromised
(Gaye et al. 2021; Pérez and Bajorath et al. 2022).

DL

DL is primarily used as a neural network, as shown in
Fig. 2. DL can automatically extract features and transform
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basic representations into more complex abstraction lay-
ers without needing a separate feature extractor. DL is
more sensitive to small and specific modifications in
complex networks, leading to higher accuracy than typ-
ical ML techniques. DL algorithms have shown superior
performance compared to other ML methods in effective-
ly forecasting the in vitro performance of pharmaceutical
formulations. Deep Neural Networks (DNN) have been
utilized in pharmaceutical research, particularly in drug
design, drug-induced liver toxicity, and virtual screen-
ing. Deep learning can create sophisticated and complex
systems that represent various objects using chemical de-
scriptors. This can greatly aid in the development of drugs
and their prediction (Roggo et al. 2020).

Model interpretation

As ML models are inherently black boxes, efforts have
been made to shed light on their prediction techniques. In
our study, illustrated in Fig. 1, we used the Lundberg et al.
SHAPLEY additive explanation (SHAP) approach to ex-
plain the relationship between input and output variables.
The SHAP method is primarily based on cooperative game
theory and has been applied in various domains, includ-
ing the pharmaceutical industry. The concept of Shapley
values is used to assess the contribution of each partici-
pant or individual to the overall team effort or outcome.
In machine learning, Shapley values have been adapted to
explain the impact of each feature in a predictive model.
SHAP values offer a method to distribute the model’s pre-
diction to each feature in a fair and consistent manner. The
mathematical formula for SHAP values is provided below.

5 ISI!(p—||SI—1)!

(val(SU{j}) - val(S))
Sc{1,.oNj} p:

¢,(val) =

« _»

Where “S” is a subset of features in the model, “x” is the vec-
tor of feature values to be explained, and “p” is the number
of features. The prediction “Valx(S)” is the result of esti-
mating feature values in set “S” (Rozemberczki et al. 2022).

Disintegrating
ume

The Shapley value calculation method adheres to the
axioms of efficiency, symmetry, dummy, and additivity,
thus explaining the process for developing predictions.
Random samples are used to replace the values of each
attribute to assess their importance and impact. Comput-
ing the Shapley value can be computationally intensive
due to the numerous potential coalitions of feature values
that must be considered. Coalitions are carefully chosen
to reduce repetitions, leading to decreased calculation
time. However, this approach also leads to an increase in
the variation of the Shapley value. The k-means method
was utilized to reduce the number of repetitions needed
to represent each feature’s impact. The k-means algorithm
was set up with 12 centroids, each corresponding to a fea-
ture data domain in a cluster. A comprehensive SHAP ma-
trix can be created by grouping the data domain of each
characteristic. Displaying this matrix facilitates the under-
standing of the model’s predictions (Szlek et al. 2022).

Results

Database

The pre-processed database contained 92 direct com-
pression OFDTs (new data entries), including 28 unique
APIs and 50 variable coding compositions (excipients
were topologically coded). There were 5 variables en-
coding formulation dimensions such as thickness [mm],
hardness [N], friability [%], punch size [mm], and DT
[s]. Descriptive statistics (Table 1) show that the vari-
ables did not follow a normal distribution and the for-
mulations were significantly positively skewed (right-
skewed distribution), as shown in Fig. 3. The database
was divided using a 10-fold cross-validation method that
was calibrated to ensure input variables were classified
fairly across the splits.

The raw data and curated data are available at (Raw
database) https://doi.org/10.6084/m9.figshare.25880377.
(Curated database) https://doi.org/10.6084/m9.
figshare.25880560. (accessed on 22 May 2024)
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Feature Count Min Mean Std 25% 50% 75% Max
Thickness (nm) 690 2.9 1.19 0.82 2.4 3.14 3.6 6.5
Hardness 690 3.42 0.85 0.17 3.1 348 4 7.98
Friability 690 0.55 0.27 0.1 0.4 0.57 0.68 3.45
Punch 690 5.6 4.1 0 0 8 8 16
Disintegration time (s) 690 41.62 40.37 0.47 20 32 51.9 623
Filler Avicel [%)] 690 0.86 6.48 0 0 0 0 51.02
Filler Mannitol [%] 690 25.26 27.5 0 0 15.79 48.52 93.72
Binder Avicel [%] 690 2.71 9.93 0 0 0 0 58.42
Binder HPMC [%)] 690 0.02 0.19 0 0 0 0 2
Binder Microcrystalline cellulose [%] 690 15.36 23.94 0 0 0 23.65 89.29
Binder_PVP K30 [%] 690 0.09 0.85 0 0 0 0 11.11
Disintegrants Crospovidone [%] 690 5.05 11.32 0 0 0 5.15 78.95
Disintegrants Cross carmellose sodium [%] 690 4.44 10.26 0 0 0 4.1 71.43
Disintegrants Indion 414 [%] 690 0.12 1.08 0 0 0 0 13.3
Disintegrants Polyplasdon XL [%] 690 0.05 0.7 0 0 0 0 11.11
Disintegrants Pregelatinized starch [%] 690 0.03 0.42 0 0 0 0 8.65
Disintegrants Sodium starch glycolate [%] 690 2.52 7.24 0 0 0 2.22 62.5
Lubricant Magnesium stearate [%] 690 2.8 3.64 0 1.05 1.81 2.42 28.57
Lubricant Sodium stearyl fumarate [%] 690 0.02 0.15 0 0 0 0 1.12
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Choosing features and developing the
final model

The selection of features and development of the final
model were conducted using an automated approach
using the TPOT AUTOML method. The dimensions of
the TPOT AUTOML are provided in Table 2. This table
displays the accuracy of the models that were devel-
oped. The values of RMSE, NRMSE, R%, MAE, and MSE
are also analyzed to assess the accuracy and precision of
the model’s output.

Table 2. Robustness of the TPOTAUTOML developed models.

ML Techniques RMSE (s) NRMSE (%) R? MAE MSE

DTR 33.18 10.0 0.28 13.28 1156.34
GBR 27.1 9.0 0.5 12.81 863.83
RFR 25.98 7.0 0.57 12.39 74591

ETR 23.37 7.0 0.65 9.55 608.58
LASSO 26.38 8.0 0.55 13.38  761.85
SVM 30.04 9.0 0.4 14.18 970.99
DL (5-F-CV) 30.6 6.89 0.61 17.1 940.34
DL (10-F-CV) 27.9 6.29 0.79 14.8 782.66

As expected, ML techniques, especially ETR, have
proven to be the best pipeline in the TPOT AutoML
analysis for the curated dataset. However, it is clear
that the deep learning model, when hyper-tuned, per-
formed on par with its ML counterparts, achieving
great R? values and NRMSE percentages. After the
initial evaluation of the deep learning models trained
using a five-fold cross-validation scheme, it was found
that when the DL was trained with three hidden layers
of 100 neurons each, 56 input neurons, and one out-
put neuron, using a tanh activation function with 2200
epoch values combined with a 10-fold cross-validation
scheme, the model accuracy significantly improved.
This improvement was reflected in the NRMSE and R?
values, as shown in Fig. 4.

Feature selection of input variables
based on scaled importance

The input variables were categorized into two main
groups: composition and manufacturing parameters. Fea-
tures below the variable importance level were eliminat-
ed, except for those in the composition section. The final
input vector consisted of 18 inputs. (Table 3) displays the
chosen features and their scaled significance.

Table 3 shows that the quantities of disintegrants (Crospo-
vidone and croscarmellose sodium) and binder (Microcrys-
talline cellulose) have varying levels of significance. The data
suggests that the number of disintegrants will have the most
significant impact on the predicted outcomes. The lower sig-
nificance of components like lubricants and fillers may be
due to the positive skewness of the variable distribution.

Model interpretation

The SHAP summary graph in Fig. 5 illustrates the influ-
ence of features on the model’s predicted output. The col-
ored line shows actual feature values and their impact on
a prediction along the x-axis. A SHAP summary plot helps
identify overall impacts and underlying assumptions.

A higher disintegration time (DT) is predicted with
a greater concentration of disintegrants such as crospo-
vidone and croscarmellose sodium. Conversely, when it
comes to fillers like Mannitol and Avicel, a higher quan-
tity of Mannitol and Avicel leads to lower DT. For bind-
ers like Microcrystalline Cellulose (MCC), Hydroxypro-
pylmethylcellulose (HPMC), and Polyvinyl Pyrrolidine
(PVPK30), two distinct effects are observed. A higher
amount of HPMC and PVPK30 results in higher DT,
while MCC decreases DT at higher concentrations. Lubri-
cants like magnesium stearate (MgSt) and sodium stearyl
fumarate (SSF) also play a role. SSF tends to increase DT,
likely due to its hydrophilic properties. On the other hand,
a higher amount of MgSt, which is more lipophilic, lowers
DT due to the occlusion effect (Szlek et al. 2022).

Actual vs Predicted Values

——= y=x line
300 4

250 A

200 -+

150 A

Predicted Values

100 A

T
100

150 200 250 300

Actual values

Figure 4. Scatter plot between actual and predictive values for the disintegration time of the DL model.
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Table 3. Selected input variables for the best predictive ML
models.

Feature Feature type Scaled

feature
importance

Crospovidone [%] Disintegrant, 1
Coposition
Microcrystalline cellulose [%]  Binder, Composition  0.744682848
Sodium starch glycolate [%)] Disintegrant, 0.488169243
Composition
Friability Manufacturing 0.251528875
Parmeter

Avicel [%] Filler, Composition ~ 0.104084555

Indion 414 [%] Disintegrant, 0.089409042
Composition

Thickness(mm) Manufacturing 0.087242712

Parameter

Pregelatinized starch [%] Disintegrant, 0.081137918
Composition

Polyplasdon XL [%] Disintegrant, 0.074485462
Composition

HPMC [%] Binder, Composition ~ 0.045193837

Cross carmellose sodium [%] Disintegrant, 0.039986272
composition

Avicel [%] Binder, Composition  0.016576396

Sodium stearyl fumarate [%]  Lubricant, Composition 0.005441542

Mannitol [%] Filler, Composition 0.00258793

Punch Manufacturing 0.002117971
Parameter

Hardness Manufacturing 0.001023564
Parameter

Magnesium stearate [%)] Lubricant, Composition 0.000947287

PVP K30 [%] Binder, Composition  0.000403805

Discussion

OFDTs have experienced a significant increase in demand
over the past decade, leading to rapid growth in the phar-
maceutical sector. Oral drug delivery remains the preferred
method for administering many drugs. Advances in technol-
ogy have inspired researchers to develop OFDTs that improve
patient compliance and convenience. These tablets disinte-
grate upon administration without the need for water, mak-
ing them popular and useful for various patient populations,
particularly pediatric and geriatric individuals who may have
difficulty swallowing traditional tablets and capsules (Par-
kash et al. 2011). Developing effective ODTs is a challeng-
ing task, even for experienced pharmaceutical professionals.
Various factors, including materials, manufacturing process-
es, analytics, and regulatory requirements, must be carefully
considered to ensure the products meet standards for effec-
tiveness, safety, stability, and processability (Loua et al. 2021).
The demand for high-quality OFDT formulations utilizing
innovative disintegrants and efficient manufacturing tech-
niques has been on the rise in recent years. Three common
processes used in OFDT manufacturing are freeze-drying,
tablet molding, and tablet compression. Direct compression
is the preferred method due to its effectiveness and simplic-
ity. ODTs formulated through direct compression typically
contain filler, binder, disintegrant, lubricant, and solubilizer.
Developing a prototype of ODT formulations is essential to

minimize disintegration time while maintaining high tablet
quality (Hana et al. 2018).

Pharmaceutical formulation manufacturing currently
relies on the trial-and-error method, which is both ineffec-
tive and time-consuming. In recent years, ML has emerged
as a solution that can generate data-driven forecasts using
existing experimental data, opening up significant possibil-
ities for creating optimal formulations. A well-established
ML algorithm can greatly speed up the development pro-
cess, optimize formulations, save costs, and maintain prod-
uct consistency (Yanga et al. 2019). DL has become more
prevalent in pharmaceutical research in the last five years.
DL and ML have revolutionized the world’s perspective. The
DT is a CQA for OFDTs that can be optimized. Therefore,
predicting the DT of OFDTs is a crucial step in pharmaceu-
tical development. The DT can be influenced by several fac-
tors, with the type and concentration of disintegrant used in
the formulation being significant elements that affect tablet
disintegration. The compaction pressure applied to the tab-
let also plays a crucial role in its disintegration. Typically,
increasing the compaction pressure will result in a longer
DT. This is because higher compaction pressures lead to the
formation of stronger interparticle bonds, which take more
time to be disrupted in a disintegration test. Increased com-
paction pressure reduces tablet porosity, hindering liquid
penetration and delaying tablet disintegration. However, if
tablets have high porosity, the effectiveness of disintegrants
may decrease because the swelling pressure of the disinte-
grant is partially reduced by being accommodated in the
large empty spaces. Essentially, if the compaction pressure
is either very high or excessively low, it may result in pro-
longed disintegration. Interestingly, it has been observed
that increasing the compaction pressure accelerates the
disintegration of tablets containing crospovidone. This is
due to its enhanced strain recovery at elevated compaction
pressures (Zheng et al. 2022).

In the present study, as mentioned in the methodol-
ogy section, the developed models were analyzed to de-
termine which produced better outcomes. The outcomes
displayed in Table 2 are based on the 5-fold cross-valida-
tion scheme. The ML technique, especially ETR, showed
the best results in the TPOT AUTOML analysis. However,
after hypertuning, the DL model resulted in a higher R?
and NRMSE%. Following the TPOT AUTOML output
analysis, we proceeded with the final model development
using a 10-fold cross-validation scheme. The DL model
was trained over 2200 epochs, yielding better results than
previous models. Additionally, critical parameters affect-
ing the DT were plotted in Fig. 4. A thorough analysis was
conducted to understand the underlying principles of the
final model’s forecasting by utilizing Shapley values. The
findings not only provide insights into DT prediction but
also support the effectiveness of autoML-based approach-
es in addressing the challenges of complex pharmaceutical
tasks. However, the results showed that DL achieved sig-
nificant outcomes compared to other ML models. There-
fore, our predictions were consistent with previous studies
(Akseli et al. 2017; Hana et al. 2018; Szlek et al. 2021; Szlek
et al. 2022; Mehri et al. 2024).
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Figure 5. SHAP dependence diagram for the ML models for the top 20 attributes.

Conclusion

OFDTs are a promising method to achieve rapid pharma-
cological action and offer advantages over traditional dos-
age forms already on the market. The conventional meth-
od of formulation development, based on trial and error,
is tedious and demanding. In contrast, a ML-driven de-
velopment technique accelerates the process by allowing
scientists to efficiently produce accurate predictions. ML
and DL models were effectively created in this study to
forecast the DT of OFDTs. Although ML models are often
deemed inscrutable black boxes, with the use of theoreti-
cal approaches such as Shapley additive explanations, we
can gain an estimated understanding of what’s happening
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