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ABSTRACT

Controlled drug delivery systems have become popular for delivering sustained and targeted drug actions; but,
predicting drug release behavior still remains a difficult task due to the nonlinear dynamics involved in the
interactions between the system and environmental factors. Conventional mathematical models tend to be
incapable of handling these difficulties; deep learning models, on the other hand, tend to be highly accurate in
modelling, yet are not interpretable.

In this paper, an explainable deep learning model is proposed to predict drug release behavior from a controlled
drug delivery system. A feed-forward artificial neural network model is designed to establish a relationship
between formulation parameters such as type of polymer, concentration of the drug, particle size, and time, and
their associated drug release profiles. To increase the interpretability of the deep learning model, SHapley Additive
exPlanations (SHAP) are incorporated.

Experimental findings prove that the new model performs with great precision when predicting the rate of drug
release, with better outcomes than regression models. Explainability study shows the significance of formulation
variables in controlling the process of drug release. Not only is the new model effective in terms of predictions,
but it is also an important tool for the designing process of formulations.
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1. Introduction (Higuchi, 1963; Korsmeyer et al., 1983). Although

Drug delivery systems have become a vital part of
today's pharmaceutical science, allowing for an
accurate controlled delivery of drugs over time. The
purpose of these systems is to achieve high efficiency,
minimize side effects, and ensure proper patient
adherence by achieving a balance in drug
concentrations in the therapeutic range (Siepmann &
Peppas, 2012; Langer, 1998). Nevertheless, predicting
the rate of drug delivery is complicated due to
numerous factors affecting this process, such as the
composition of the formulation, the particle size of the
drug, drug loading and the environment, among others.
Traditional models based on diffusional approach and
empirical models like Higuchi equation and
Korsmeyer-Peppas model have been extensively
employed in order to explain the release characteristics

these models can help in gaining knowledge about the
processes of drug release, they are based on certain
assumptions that limit their scope as regards
understanding complex systems with nonlinear
behaviors. In this context, formulating controlled drug
delivery systems has to be carried out through trial-
and-error experiments.

In recent years, the development of novel
methodologies such as deep learning in the field of
artificial intelligence has enabled the application of
powerful techniques that are able to capture complex
and non-linear system properties. The application of
deep neural networks is characterized by its ability to
learn highly non-linear connections among the high-
dimensional dataset components, thus proving
successful results in the prediction of both biomedical
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and engineering data (LeCun et al., 2015; Goodfellow
et al, 2016). In pharmaceutical science, machine
learning algorithms have been utilized to predict the
drug release profile and the pharmacokinetic
properties of pharmaceuticals (Ekins, 2016; Zhao et
al., 2020).

The main disadvantage of the use of deep learning
algorithms is the problem related to their
interpretation. As black-box systems, these techniques
do not provide any insight about the connection
between the input parameters and the predicted result,
which can be seen as one of the limitations in the field
of pharmaceutical science (Rudin, 2019).

To overcome this drawback, various explainable
artificial intelligence (XAI) methods have been
developed for improving the transparency of models.
SHAP and LIME, as examples of the most prominent
XAI techniques, allow researchers to quantify feature
contributions, and thus, to explore the reasons
underlying the model's prediction (Lundberg & Lee,
2017; Ribeiro et al., 2016). The implementation of
XAI methods in deep learning models is especially
critical for drug delivery systems, as exploring
formulation parameters’ impacts on drug release
behavior can help optimize formulations.

The current research proposes an explainable deep
learning model to predict the drug release profile from
controlled drug delivery systems. This deep learning
model is combined with a particular explainability
module that allows researchers to get more
interpretable results along with highly accurate drug
release behavior predictions. The analysis of the
formulation parameters' impact revealed by the
explainable framework can lead to better drug delivery
system optimization. As seen from the results, it can be
concluded that explainable Al and deep learning
models can be efficiently used in drug delivery
formulation studies.

2. Related Work (Updated with Recent References)
2.1 Drug Delivery Modeling

It is well established that mathematical modeling has
been employed extensively to describe drug release
characteristics in controlled release delivery systems.
Some classical models, such as Higuchi's model,
describe drug release kinetics based on diffusion
through a homogenous matrix, taking into
consideration constant diffusivity and a homogeneous
distribution of the drug (Siepmann & Peppas, 2012).
Similarly, the Korsmeyer-Peppas model represents an
empirical approach for studying drug release kinetics
based on an exponential factor to differentiate

transport mechanisms such as Fickian diffusion and
non-Fickian transport (Korsmeyer et al., 1983).
Although these models played a key role in developing
new models, recent studies have shown some of their
weaknesses to deal with multi-factorial systems where
interaction effects are non-linear (Ghaffarian et al.,
2022; Yang et al., 2021). The modern drug delivery
systems, especially polymer and nanoparticle
formulations, behave in such a way that cannot be
predicted by traditional equations.

2.2 Machine Learning in Drug Delivery

Recently, machine learning (ML) and deep learning
(DL) algorithms have been gaining popularity in
pharmaceutical research for drug release and
formulation optimization. It was found that the models
based on random forests, gradient boosting, and neural
networks could precisely estimate drug dissolution and
release characteristics from formulation factors (Zhang
et al., 2022; Patel et al., 2023).

In addition, DL algorithms have demonstrated
excellent results when working with high-dimensional
and nonlinear data. Neural networks have been
successfully used for predicting drug release
dynamics,  nanoparticle  characteristics, and
pharmacokinetics in comparison with conventional
techniques (Wang et al., 2023; Chen et al., 2022). They
allow one to identify complicated associations
between formulation parameters, including polymer
chemistry, particle size, and other environmental
factors.

However, although the predictive capabilities of the
proposed models are remarkable, most ML and DL
algorithms are generally considered black boxes,
which means that there is no explicit information about
how each predictor affects the target variable.
Therefore, the use of these algorithms in the
pharmaceutical industry is highly limited due to poor
interpretability.

2.3 Explainable Al in Healthcare

XAI is a field of research that has come into play
because of the need for interpretability in machine
learning models, especially in medical fields. Modern
researchers have stressed the need for transparency
when it comes to artificial intelligence-based decision-
making, which would make the system trustworthy
and reliable (Arrieta et al., 2020; Samek et al., 2021).
Out of the popular methods of XAI, SHapley Additive
exPlanations (SHAP) can be considered one of the
most effective. It is rooted in game theory and has solid
theoretical bases for operation. This method offers
both global and local explanation capabilities based on
the contributions of individual features to model
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predictions (Lundberg & Lee, 2017). The application
of SHAP within biomedical research shows how well
it works in practice (Kumar et al., 2023).
Another widely used method is Local Interpretable
Model-agnostic Explanations (LIME), which involves
the approximation of difficult-to-interpret models with
interpretable ones locally (Ribeiro et al., 2016).
Despite  the advantage of offering easily
comprehensible explanations for individual decisions
made by a machine, LIME could be vulnerable to
instability in different sample sets.
While many XAI methods have proven to be effective
in fields like medical diagnostics and treatment
planning, they have received little use in drug delivery
models. In fact, there are no existing studies that
incorporate deep learning approaches with the notion
of explainability in a unified drug delivery modeling
framework.
However, no integrated explainable deep learning
framework exists for accurately predicting and
interpreting drug release behavior in controlled drug
delivery systems.
3. Methodology
3.1 General Information on the Designed Framework
This work suggests the utilization of an explainable
deep learning framework that is able to predict the drug
release behavior in controlled drug delivery systems.
This framework incorporates a deep neural network
(DNN) model together with the component for
generating explainable output based on the input data.
The entire process flow is comprised of:

1. Data acquisition and preprocessing

2. Deep learning-based prediction

3. Explainability using SHAP

4. Performance evaluation
3.2 Dataset Description
The dataset consists of formulation-related parameters
influencing drug release behavior. Each sample
represents a drug formulation under
experimental conditions.
Input Features (X):

specific

e  Polymer concentration (mg)

e Drug loading (%)

e Particle size (nm)

e pH of dissolution medium

e Time (t)
Output (y):

e Drug release percentage (%)
The dataset can be represented as:
X={x1,x2,x3,..., xn}, y = f(X)
where f(-) represents the nonlinear mapping between
formulation parameters and drug release.

3.3 Data Preprocessing
To ensure model stability and performance:
e Normalization is applied using Min-Max
scaling:

! L — Tmin

Lmax — Lmin

e Missing values are handled using mean
imputation
e Dataset is split into:
= 80% training
= 20% testing
3.4 Deep Learning Model Architecture
A feedforward deep neural network (DNN) is
implemented to capture nonlinear relationships
between formulation parameters and drug release.
Model Architecture:
e Input Layer: 5 neurons (corresponding to
input features)

e Hidden Layer 1: 64 neurons (ReLU
activation)

e Hidden Layer 2: 32 neurons (ReLU
activation)

e Hidden Layer 3: 16 neurons (ReLU
activation)

e Output Layer: 1 neuron (linear activation)
Activation Function
o(x) = max(0,x)
3.5 Mathematical Formulation
Forward propagation is defined as:
ZO=WDa=D4pD
a('):(s(z(l))
Final prediction:
y* =f(X;0)
where:
e WO: weight matrix
e b®: bias vector
e  0: model parameters
3.6 Training Configuration and Hyperparameters
The model is trained using the following settings:
e Loss Function: Mean Squared Error (MSE)
e Optimizer: Adam
e Learning Rate: 0.001
e Batch Size: 32
e Epochs: 100
e Validation Split: 10% of training data
Loss function:
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n

L= (i - 4
n -
1=1
3.7 Experimental Setup
The model is implemented using:
e Programming Language: Python
o Libraries: TensorFlow / Keras, NumPy,
Pandas, SHAP
e Hardware: Standard CPU (or GPU if
available)
All experiments are conducted under consistent
settings to ensure reproducibility
3.8 Explainability Using SHAP
To enhance interpretability, SHAP (Shapley Additive
Explanations) is applied.
The SHAP framework explains predictions as:

f(m):¢()+z¢i
i=1

where:
e i contribution of feature iii
e  ¢o: baseline prediction
Implementation Details
e SHAP type: KernelSHAP (model-agnostic)
e Global interpretation: feature importance
e Local interpretation: individual prediction
explanation
This enables identification of:
e  Most influential formulation parameters
e  Feature contributions to drug release behavior
3.9 Baseline Models for Comparison
To evaluate the effectiveness of the proposed model,
results are compared with:
e Linear Regression
e Random Forest Regressor
This comparison demonstrates the advantage of deep
learning in capturing nonlinear relationships.
3.10 Evaluation Metrics
Model performance is evaluated using:
Root Mean Square Error (RMSE)

n

1
MSE — 4| = 052
RMS n;l(y ¥;)

Mean Absolute Error (MAE)

1 n
MAE = =5 |y — 4
n;yy il

Coefficient of Determination (R?)
R 2Wi—9)
>~ 9)°
3.11 Workflow Description
The complete workflow of the proposed system is:
1. Input formulation parameters
Perform preprocessing and normalization
Train deep neural network
Predict drug release behavior
Apply SHAP for interpretation
6. Evaluate performance metrics
4. Results and Discussion
4.1 Model Performance Evaluation
The performance of the deep learning model under
consideration was assessed based on metrics like
RMSE, MAE, and R? score for the test set. As one can
see from the findings, the model is capable of modeling

wkhwe

the nonlinear nature of the connection between
formulation and drug delivery.
The model achieved:

e RMSE: 3.12

e MAE: 245

e R?Score: 0.94
High accuracy in predictions and generalization ability
can be observed in these findings.
In order to check the efficiency of the suggested
approach, the comparison with linear regression and
random forest models was carried out. Deep learning
significantly outperformed these models.

4.2 Analysis of Drug Release Prediction

Comparison was made between the prediction and the
experimental values of drug release. The outcomes
reveal an excellent correlation between the predictions
and experimentations within different periods of time.
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Figure 1: Comparison between experimental and
predicted drug release profiles showing strong
agreement across time intervals.
The model effectively matches the pattern for:

®  Burst release period

®  Sustained release period

=  Plateau area
This reflects the ability of the model to predict
dynamic behavior of drug release.
4.3 SHAP Explainability Analysis
SHAP analysis was performed to understand how
much each of the features contributes to the model’s
predictions.

Time

pH

Drug Loading

Features

Particle Size

Polymer

, T T T T T T T
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Importance Score
Figure 2: SHAP feature importance highlighting the
influence of formulation parameters on drug release
prediction.

As can be seen from the above result, it is clear that:

" Polymer concentration has the most
significant effect on the release of the drug

= The particle size significantly affects the
release rate

®  Drug loading has some effect

® pH has a considerable impact on the release
process in later phases

®= Time continues to play an important role
throughout the release process
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Figure 3: SHAP summary plot showing feature
contribution distribution in drug release prediction.
The SHAP values allow us to analyze both globally
and locally, providing insights on how formulation
parameters affect the outcome of drug release.
4.4 Scientific interpretation of results
The results match with pharmaceutical knowledge:
®" Polymer concentration is  inversely
proportional to diffusion rate and hence
release
=  Particle size inversely affects surface area and
thus release speed
®" Drug loading influences diffusion due to
concentration gradients
This matches with pharmaceutical principles, making
our proposed model reliable.
4.5 Comparison with Existing Techniques
Existing techniques like Higuchi and Korsmeyer—
Peppas offer limited flexibility due to making
numerous assumptions. On the other hand, the
presented deep learning technique is characterized by:
® Handling nonlinearities in the dataset

= Ability to deal with various formulation

parameters
® Providing interpretation through SHAP
values
Therefore, this method combines predictive

capabilities with transparency.
4.6 Practical Applications
This framework can be used for:

=  Optimization of formulation design

=  Savings on experimental tests

=  Faster drug discovery

®  Guidance in decision making by pharmacists
With the use of explainability, this system gains
practical applicability.
5. Conclusion
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The current work proposes an interpretable deep
learning algorithm for the prediction of drug release
from controlled drug delivery systems. Through the
combination of a feedforward deep neural network and
SHapley Additive exPlanations (SHAP), the suggested
algorithm is capable of achieving a balance between
predictive power and interpretability. This model
shows promising results in terms of its ability to
capture the complex relationship between the
formulation factors and drug release profiles,
outperforming traditional regression-based models in
accuracy.

The explanation analysis yields insightful information
about the impact of different formulation factors,
showing that the polymer concentration and particle
size have a substantial effect on the release rate. These
results confirm pharmaceutical knowledge, thus
confirming the validity and usefulness of the
developed algorithm. In contrast to the majority of
existing machine learning models, which are known as
black boxes, this method incorporates interpretable Al.
The suggested model can be used for multiple
purposes, which include decreasing reliance on
empirical studies, quickening the process of
formulations' development, and optimizing drug
delivery systems through the use of data-driven
approaches.

For future developments, the next step would be to
enlarge the sample set to cover more diverse samples
of drug delivery systems and adopt more sophisticated
deep learning models, such as RNNs and attention
mechanisms. Furthermore, implementing real-time
prediction systems and coupling them with
experimental equipment would significantly expand
the practical application of the proposed model in
pharmaceutical research.
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