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ABSTRACT

This research develops an intelligent drug delivery system framework that uses machine learning methods to
optimize the formulation of drugs to improve treatment effectiveness and prediction accuracy. The new model
incorporates a Drug Classification Dataset containing essential patient information such as age, gender, blood
pressure, cholesterol levels, and Na_to K ratio using supervised learning with interpretable generalized additive
neural network (IGANN). The novel algorithm is capable of predicting the non-linear relationships between the
input variables and drug outcomes through weighted learning. According to experimental analysis, the
suggested framework outperforms other methods like DL, CNN, and RF models in terms of better accuracy and
recall rate while reducing errors. The findings of the experiment indicate that the suggested methodology attains
an accuracy of 98.3%, a recall rate of 97.8%, RMSE of 0.12, and MAE of 0.10, which is better than the current
state-of-the-art methodologies like DL (72.5% accuracy), CNN (80.3%), and RF (84.7%). But at the same time,
some challenges faced by the technique are its dependence on a limited dataset and inadequate performance
outside the current scope of use.
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1. Introduction

The fast-paced development of Machine Learning
has revolutionized the contemporary approach to
drug discovery in the field of pharmacology [1].
Traditional methods for designing drug delivery
formulations often involve trial-and-error-based
practices and large-scale experimental testing that
is not only expensive and time-consuming but also
fails to account for the intricate nature of
relationships between the parameters involved [2].
In this respect, the use of data-driven tools in the

process of developing drugs can provide an
opportunity to accurately predict and manage such
factors as drug release, stability, and bioavailability
[3]. Moreover, ML algorithms present a
prospective tool for enhancing the quality of drug
formulations by optimizing the process. In light of
the growing complexity of pharmaceutical systems
due to the emergence of such components as
nanoparticles, the intelligent optimization of
formulations becomes necessary.
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Despite these advancements, several challenges and
limitations persist in the practical implementation
of ML-assisted drug formulation. One of the major
drawbacks is the dependency on high-quality,
large-scale datasets, which are often scarce or
inconsistent in pharmaceutical research [4].
Additionally, many existing models lack
interpretability, making it difficult to understand
the relationship between formulation variables and
predicted outcomes. Traditional optimization
techniques still dominate in many studies, leading
to suboptimal solutions and increased experimental
burden. Furthermore, the integration of ML with
formulation science is still in its early stages, with
limited standardized frameworks and validation
strategies [5]. These issues highlight the need for a
systematic and reliable approach that combines
machine learning with advanced optimization
techniques to address current gaps and improve the
efficiency and accuracy of drug delivery system
design.

The major contribution of this work

» The SGIANN (machine learning-based
model) framework is constructed to
maximize drug formulation and improve
drug response prediction performance up
to 98.3%.

» Feature-wise interpretation technique is
used in our approach to investigate the
influence of some crucial variables like
Age, Blood Pressure, Cholesterol, and
Na/K Ratio in the classification process of
drugs.

» The new method greatly improves
prediction results (RMSE = 0.12, MAE =
0.10) and beats existing models like DL,
CNN, and RF in precision and recall
metrics.

The remainder of this document is structured in the
following way: Literature Review is addressed in
Section 2, Methodology Proposed is discussed in
Section 3, Results and Discussion are covered in
Section 4, and Conclusion in Section 5.

2. Recent Works

Several research works were submitted on DL
based of Drug Delivery Formulations for Enhanced
Therapeutic Efficacy, some of them are exposed
here

Asediya et al.[6] have developed a a machine
learning-based framework for optimizing drug
delivery formulations. The study used an

experimental pharmaceutics dataset and applied
supervised learning methods for prediction and
optimization. The results demonstrated improved
formulation performance and prediction accuracy.
However, the work was limited by data dependency
and lack of model interpretability

Bertao et al.[7] have constructed two separate
artificial neural network (ANN)-based models to
enhance the zeolite based drug delivery system
with the incorporation of Ag" and 5-FU to treat
cancer. To achieve these objectives, the current
study used experimental data of A375 cell viability
assays in addition to antimicrobial data. Artificial
neural networks were employed for the prediction
of optimal drug concentrations. Although
prediction accuracy was high, the current study
suffered from limitations of being dataset
dependent..

Sahu et al.[8] have developed ML-based approach
to enhance the performance of nanomedicine-
assisted drug delivery systems in cancer treatment.
The research relied on scientific literature and
empirical data from the design process of
nanoparticle  preparations, employing ML
techniques including support vector machines,
artificial neural networks, and deep learning
approaches for modeling and optimization. The
findings demonstrated enhancements in
formulation efficiency, prediction accuracy, and
facilitating personalized medicine. Nonetheless, the
study faced limitations due to data paucity, non-
interpretability of the models, and clinical
implementation issues.

Zhu et al.[9] Have developed an Al-driven platform
for optimizing the formulation process of
medicines and drug delivery systems. In this
research, the datasets on drugs and ADME/T were
collected and the application of machine learning
techniques was employed to better predict
solubility, stability, and bioavailability. The
findings indicated higher formulation efficiency
and provided aid for smart manufacturing and
personalized medicine. Nevertheless, there are
certain limitations with regard to regulations, data
dependence, and model interpretability..

Kapoor et al.[10] have developed Al-supported
approach for developing and optimizing drug
delivery systems based on nanoparticles. In this
research, a set of nanoparticles' formulations was
collected and analyzed using machine learning,
artificial neural networks, and optimization
methods. It is worth mentioning that the results
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obtained show that it is possible to achieve higher
efficiency and bioavailability of drugs. However,
some limitations were observed such as poor data
quality, model opaqueness, and regulatory
challenges.

Table 1: Literature survey
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Research Gap

Although there have been notable achievements in
these fields, there are still many areas that require
more attention. Firstly, most current studies

concentrate on predictive tasks but do not involve
sophisticated optimization strategies that would
allow finding the global optima of formulation
parameters. Furthermore, some of the existing
studies use insufficient or domain-dependent
datasets, which constrains the ability to generalize
these approaches to various formulations of drugs
or other compounds. Another drawback is the
difficulty in explaining the results obtained by
complex Al algorithms that often lack transparency
and explainability. Finally, it should be noted that
only a small fraction of the approaches incorporate
deep learning models into advanced optimization
algorithms to provide real-time formulation
parameter design.

3. Research Methodology

Input data is
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Predict the non-linear
relationships between the input
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Figure 1: Block Diagram of proposed
methodology.

3.1 Data Collection

The proposed employed the Drug Classification
Dataset found in Kaggle [11]. The data contains a
total number of 200 records with six independent
variables that include age, gender, blood pressure,
cholesterol levels, sodium/potassium ratio, and the
dependent variable, which is the drug classification.
The data was partitioned into a training set and a
test set using an 80:20 split method. In the training
set, there are 160 samples while there are 40
samples in the test set.
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3.2 Data Pre-processing

Dataset used for developing the model was
subjected to preprocessing to enhance quality and
consistency. This involved handling any instances
of missing or inconsistent data, followed by
conversion of categorical data including factors
such as sex, blood pressure, cholesterol levels, and
drugs into numerical values through the use of label
encoding.  This done together with
normalization of numeric values such as age and

was

sodium to potassium ratio. Outlier removal was
also done to exclude instances of noise in the
dataset. Other methods of feature selection were
applied, before the dataset was finally randomized
and split into training and test datasets.

3.3 Feature Selection

Feature selection was performed to identify the
most relevant attributes influencing drug response
and to improve model efficiency. The dataset
features, including Age, Sex, Blood Pressure,
Cholesterol, and Na to K ratio, were initially
analyzed using correlation analysis and statistical
importance measures. Among these, the Na to K
ratio and Blood Pressure were found to have a
strong influence on drug classification, while Age
and Cholesterol contributed moderately, and Sex
showed relatively lower impact. Based on this
analysis, all features were retained to preserve
clinical relevance, but their importance was
weighted during model training
prediction accuracy and reduce redundancy.

3.4 Interpretable Generalized Additive Neural
Network for Drug Delivery Optimization

to enhance

The TANN [12] model is used in the optimization
of drug delivery systems through prediction of the
connection between formulation features and drug
effectiveness. Interpretability of the model is
further enhanced since all the features have their
respective importance calculated. Performance of
predictions is optimized by using feature
importance mechanisms, whereby crucial features
such as Na/K ratio and blood pressure are weighted
more than other features. The process of structured
learning also assists in avoiding overfitting of the
model. It is worth noting that the model balances
accuracy and interpretability, which is vital for
pharmaceutical  applications.  Therefore, the
proposed IGANN model is utilized in the
optimization of drug delivery systems.

Efficacy

Figure 2 depicts the architecture of the suggested
drug response prediction and drug formulation
optimization model. In the beginning, the input
attributes like Age, Sex, Blood Pressure,
Cholesterol, and Na to K are provided as input to
the input and feature processing layer. After that,
all the attributes are sent to different hidden layers,
where each neuron learns the interaction of
formulation  factors and  drug  response
independently. The model's structure is based on a
sequential learning mechanism, where the
contributions of all the features are kept intact
instead of mixing them up entirely. Emphasis is
given to important features in order to ensure better
prediction accuracy.
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Figure 2: Architecture Diagram for IGANN
Framework.

The extracted feature vector from the image is
given in equation (1),

ZZ(ZHZZ’ZS" >Zn)
(M
Here, / represents the input feature vector

extracted from sensors. Each sub-network is trained
to learn a nonlinear transformation corresponding
to each individual feature, allowing independent
contribution to the prediction. This enables the
model to capture relationships
effectively. The outputs of these sub-networks are
then combined through an additive mechanism to
generate the final prediction score for drug
response and optimization. (2),

feature-wise

Co(y)=;;a o (yil)

2)
Where, ¢, ( y)indicates the total number of

features, M denotes the Weight parameter for

input feature, (1, "indicates bias term , G represents
1
nonlinear activation function (ReLU), V denotes

weight matrix of hidden layer and [/ represents the
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structured feature vectors. The model assigns
importance weights to each feature using an
attention function is given in equation (3),

e () = iZloT,o (r.a"))

(€)

Where, @'indicates attention weight assigned to
feature. This process is transparent, meaning that
each feature’s contribution is visualized. The
activation functions are used within each
component to detect complex patterns. Lastly, a
classification layer with sigmoid/softmax activation
function is applied for distinguishing between real
images and generated images. This network design
is a trade-off between precision and clarity, making
it appropriate for healthcare applications is given in
equation (4),

X= <b,y>+a+zlzgcg(y)
prn

4)
The Saliency-Guided Interpretable Generalized
Additive Neural Network is effective at modeling
feature contributions for accurate, interpretable,
and reliable prediction of drug response for
optimized drug delivery formulation.

4. Result and Discussion

Accuracy Comparison of Methods

Accuracy (%)

CNN AF Propased
Methods

Figure 3: Analysis the comparison of accuracy
Figure 3 shows the performance of accuracy using
various techniques. The suggested model attained
the highest accuracy of 98.3% when compared to
other existing models like DL (72.5%), CNN
(80.3%), and RF (84.7%). Such an enhancement in
performance indicates the success of the suggested
model in capturing the relationships among
features.

Efficacy

Prediction vs Validation Accuracy

—e— Predicted Accuracy
—u— Validation Accuracy

Accuracy (%)

88

6
Epochs

Figure 4: Prediction vs Validation Accuracy
Analysis.

Figure 4 demonstrates the relationship between
predicted accuracy and validation accuracy for
various epoch values. As can be seen from the

figure, both the lines exhibit a comparable upward
pattern, which signifies that the model is
performing well. The maximum predicted accuracy
achieved by the model is 98.3%. Moreover, there is
no significant difference between the two graphs,
which reflects the effectiveness of the model. The
model does not show any signs of overfitting, and
hence, performs well in predicting and optimizing
drug delivery.

i Recall Comparison of Methods

—e— Recall

Recall (%)

DL NN RF Proposed
Methods

Figure 5: Recall Performance Comparison.
Figure 5 shows the comparison results of the recall
value of different approaches. The proposed
framework attained the maximum recall value of
97.8% as compared to DL (71.2%), CNN (78.6%),
and RF (84.1%). Therefore, the proposed method
performs well in recognizing important cases and
provides an increase in reliability in predicting the
drug reaction.
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ROC Curve Analysis
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Figure 6: ROC Curve Analysis of the Proposed
Model and Existing Techniques.

Figure 6 shows the analysis of the ROC curves for
DL, CNN, RF, and the proposed technique. The
results show that the proposed model performs the
best since it gives the maximum AUC. This is an
indication of high sensitivity and specificity, which
means that the proposed model can distinguish the

drug responses effectively.
Table 1: Performance Comparison of Models
(Error Metrics)
Methods Error
Rate (%)

Proposed 0.12 0.10 6.8

Table 1 shows the comparison of error metrics such
as RMSE, MAE, and total error rate among the DL,
CNN, RF, and proposed models. As can be seen
from the table above, the proposed technique has
the lowest RMSE value (0.12) and MAE value
(0.10), signifying better accuracy and lower error
margin between the actual values and predicted
drug responses. On the other hand, the
conventional models have relatively high error
rates due to low accuracy in predicting the results.
With the significant decline in the error rate to
6.8%, the proposed technique shows better
performance than the conventional techniques.

5. Conclusion

In this paper, introduced the idea of developing a
novel architecture known as the SGIANN model
for enhancing the optimization of drug delivery
formulations and predicting drug responses in a
more accurate way. The experimental findings

proved that the developed approach outperformed
other state-of-the-art methods, including DL, CNN,
and RF, in terms of accuracy (98.3%), recall
(97.8%), and minimum errors (RMSE =0.12, MAE
= 0.10). This proves that the developed model can
predict complex relationships between the
parameters of the formulations. Although
promising results have been achieved, there are
certain limitations that the study faced due to the
lack of large-scale and multi-source pharmaceutical
datasets. It is recommended to conduct future
studies based on the proposed model using a wide
range of pharmaceutical datasets and hybrid deep
learning-optimization frameworks.
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