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ABSTRACT

The need for more sophisticated approaches to predict pharmacokinetic processes in complex drug delivery
systems becomes more and more urgent due to their growing complexity. This paper suggests a novel Al-based
methodology to develop models of drug concentration—time curves by means of physiologically significant
features obtained from the Open Systems Pharmacology database. The methodology combines effective
preprocessing of structured data, selection of optimal features, and use of a Skeleton-Guided Convolutional
Neural Network (SGCNN). The proposed model learns pharmacokinetic behavior of drugs based on features
including time, drug concentration in blood, age, body mass, and clearance. According to the experimental
results, the proposed approach shows the best performance in terms of high accuracy equal to 95.8%, low error
rate equal to 4.2%, and high recall equal to 95.1%.
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1. Introduction

The field of pharmacokinetics is central to the
study of the movement of drugs in biological
systems, encompassing processes such as
absorption, distribution, metabolism, and
elimination [1]. Proper modeling of these factors is
necessary to enhance drug efficiency while
reducing adverse effects and  promoting
personalized treatments [2]. Given the complex
nature of contemporary drug formulations and
delivery mechanisms, conventional models often
fall short in adequately capturing the non-linear
relationships found within physiological settings
[3]. As a result, there is a compelling requirement

for intelligent modeling techniques capable of
addressing these challenges.

In recent times, the incorporation of data-driven
intelligence within biomedical science has led to
the emergence of new ways through which
pharmacokinetics prediction could be enhanced.
The rising number of experiments and clinical trials
carried out on patients and test subjects has led to
the development of powerful computational
systems that can learn biological trends [4].
However, despite all the progress in the field, inter-
subject variations and lack of generalization ability
in the system are some of the issues facing
researchers today. For this reason, there is an
urgent need for innovative predictive systems that
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integrate biological knowledge and learning
abilities [5].

2. Recent Works

Arav et al.[6] have developed a predictive
pharmacokinetic model for the assessment of the
dynamic process of drug concentrations in
biological systems has been formulated. This
approach was based on clinical data as well as
computer simulation for the estimation of
pharmacokinetics from real-life patient data sets.
Despite its potential, however, the study failed to
account for large inter-patient variability.

Chou et al.[7] have development of an artificial
intelligence-enabled model for physiological-based
pharmacokinetics to estimate drug delivery efficacy
to the tumors was presented. The research used
machine learning methods and deep neural
networks trained on Nano-Tumor databases and
pharmacokinetics simulation models to predict
drug delivery performance at various time
intervals. But the research was constrained by low
prediction accuracy for long-term drug delivery
estimates.

Rao et al.[8] have created an innovative platform
that combines  structured nanoengineering
principles with computational methods to achieve
precise targeted drug delivery systems The research
has leveraged information obtained from
bioinformatic profiling analysis combined with the
use of predictive models created using machine
learning algorithms, and in silico simulations.
Despite being a significant contribution to the field,
the paper is limited due to the fact that it only relied
on in-silico validation.

Sabbasgh et al.[9] have developed a model of drug
delivery through Al technology has been created to
increase the efficiency of drug delivery without any
invasive processes. Predictive analytics using
machine learning algorithms have been used
alongside formulations and permeation databases to
determine the drug delivery pattern, skin
permeation properties, and stability analysis. The
research has faced limitations regarding poor data
quality, generalization problems, and real-world
applicability due to privacy concerns.

Sasi et al.[10] have a novel approach combining
deep learning methods for designing optimized
drug delivery nano systems through identifying
effective drug-nanocarrier pairs for improved
targeted therapy outcomes. In this research, the
ChEMBL-MONP databases, in addition to pre-

clinical drug screening information, were used with
optimization-based preprocessing to represent
molecular and physical-chemical interactions for
drug delivery predictions. Nevertheless, the current
research was constrained due to its dependence on
benchmarking data sets, leading to lower validation
in practical clinical settings.

Research Gap

Although there have been numerous advancements
in the field of pharmacokinetics using machine
learning techniques, there are several shortcomings
associated with such approaches that have been
identified from existing research literature. Most
methods employ extensive in-silico simulations or
use benchmark datasets, which make them less
suitable for validation purposes within the clinical
setting and hence limit their practical applications.
Additionally, most models tend to be unable to
incorporate the variation that exists between
patients and the kinetics of the drug delivery
process over a prolonged period of time, limiting
their accuracy when predicting the results under
different physiological conditions.

3.Research Methodology
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Figure 1: Block Diagram of proposed method.

3.1.Data Description

The Open System Pharmacology (OSP) [11]
database is a physiologically-based
pharmacokinetics (PBPK) database which gives
drug concentration-time series together with
biological factors such as age, weight, dose,
clearance, and physiology-related to specific
organs. In this research, a database consisting of
roughly 70-80% of the data is employed for the
learning phase and the rest 20-30% for the testing
phase. Feature vector contains time varying drug
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concentration value as well as dosage and patient
related factors.

3.2 Data pre-processing

Data preprocessing is done to make sure that the
pharmacokinetic dataset is of good quality prior to
building a model. Mainly, data preprocessing
involves cleaning the data from inconsistencies
which  could otherwise compromise the
performance of the model. At this point, any
missing data in the drug concentration and
biological variables is determined and dealt with
either by filling in the data or eliminating those
records that cannot be accounted for. Furthermore,
any duplicated data due to redundant data
collection processes is identified and eliminated so
as not to create bias during model training.

3.3 Feature Selection

Feature selection is performed to identify the most
relevant variables from the pharmacokinetic dataset
and improve model efficiency and prediction
accuracy. From the available features, five optimal
parameters are selected based on their strong
contribution to drug behavior modeling and
biological relevance, including Time (hours),
Plasma drug concentration (Cp), Age, Body
weight, and Clearance (CL). These features
effectively capture the temporal drug dynamics,
patient-specific ~ variability, and elimination
characteristics, which are essential for accurate
pharmacokinetic prediction in the proposed model
while reducing computational complexity and
avoiding redundant information.

3.4 Proposed Hybrid Al-Based Pharmacokinetic
Prediction

The proposed hybrid artificial intelligence system
is intended to improve the prediction of
pharmacokinetics in complex drug delivery
systems through the combination of data-driven
learning and an understanding of biological
processes. Input data used for the proposed model
will consist of preprocessed pharmacokinetic data,
with the following features: time, concentration of
drug in plasma, physiological properties of the
person and clearance parameters. These parameters
will help to take into account not only the dynamics
of changes in drug concentrations at different
moments of time but also inter-personal
differences. Several types of learning modules will
be used to create nonlinear relationships between

drug dosing and the physiological response of
patients.

3.5. Drug Concentration Prediction Module
using Skeleton Guided Convolutional Neural
Network (SGCNN)

In this section, The Drug Concentration Prediction
Module employing Skeleton Guided Convolutional
Neural Network (SGCNN) [12] seeks to predict
drug concentration-time kinetics by exploiting
structured interactions within biological and
temporal information. In the present study, the
model makes use of crucial factors such as time,
drug concentrations in the plasma, as well as
physiological parameters for each individual. The
use of the skeleton guided framework in the model
enables the maintenance of critical structural
correlations among the factors during the learning
process. The convolutional neural network module
exploits hierarchical relationships in the provided
information, allowing an efficient modeling of
nonlinear drug absorption and elimination
dynamics.
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Figure 4: Architecture diagram of SG-CNN.

Figure 2 shows the Drug Concentration Prediction
Module based on SGCNN, which predicts the
dynamic behavior of pharmacokinetic drug
concentration-time by using two different
processing branches. In the first branch, the
pharmacokinetic input data, including time, plasma
drug concentration, and biological factors unique to
each patient, is processed via convolutional layers
along with skip connections and concatenations to
extract essential features that govern the behavior

of the drug. The feature maps extracted from the
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previous branch are then inputted to the second
branch where deep learning of the nonlinear
interdependencies and preservation of essential
relationships between the different pharmacokinetic
variables is performed with the help of residual
blocks and fusion techniques. The obtained
skeleton-based representation helps bring attention
to important feature interactions associated with the
process of absorption, distribution, and elimination

of the drug.

A" =oRe LU(Conv,,, (t. )+ Conv,,, (/1))

(11)

i . .

Where, £, represent global (big picture) features ,

f.i represent local (fine details) features,
m

Conlelxlrepresent adjusts and mixes the features,

Re LU keeps only useful (positive) values, o

converts values between 0 and 1 , 4’ The final
stage of the SGCNN-based Drug Concentration
Prediction Module produces an attention map that
highlights the most important pharmacokinetic
features influencing drug concentration—time
behavior. It integrates convolutional and skeleton-
guided representations to capture key temporal and
physiological interactions related to drug
absorption, distribution, and elimination. The input
layer is adaptable to different patient conditions,
enabling reliable predictions across varying
physiological environments, and the final output is
expressed in Equation (1)

ZNzl Pigi
> aPi+y Bei

L.(p,g)=1-

(1)

Pi represent predicted value at position i, gi
represent actual value at position i, N represent
total number of pixels , Z Pigi represent overlap

between prediction and truth
o and [} the weightings that are involved in
controlling the contribution of prediction results
against actual values in training a model. Such a
weighting strategy enhances prediction
effectiveness through accentuating important parts

of errors in the estimation process of
pharmacokinetics without being highly reliant on
experimental data collection. Such an approach
reduces the necessity of conducting huge sample
sizes, since accurate concentration-time
relationship prediction can be achieved from
physiological/clinical data (Equation (12)

o, o)1

_‘8pf 8pb‘ al-L !

R (p,g)

T(p.g)
2
represent measures error , R (p, g)

oL

oL
represent output/response , —~ / —L shows how
apf p,

sensitive the loss , ¢ was a control parameter,

1= LT(p,g)
hidden layer of SGCNN is responsible for using
skeleton-guided representation in order to eliminate
any non-essential data and allow only important
pharmacokinetics properties to affect the outcome.
As a result, the stability of the model when making

L

T(p.g)

represent performance indicator . The

predictions about the drug concentration—time
becomes  significantly  higher, = which is
demonstrated by Equation (3).

> o(r(pi—0.5)gi
>apitY fei

(13)
Where, Ly, (p,g) is the loss function, p, g

Ly (p,g)=1-

denote the prediction and ground truth, pi and gi
denote the j-th elements of p and g, Nis the

N
total number of elements, Z denotes

i=1
summation over all elements then the ¢, ﬂ and ¥

are weighting parameters. SGCNN's output layer
combines information from several feature
representations  to  predict a  complete
pharmacokinetic model, which takes into account
all the factors involved in the concentration-time
profile of the drug. The use of convolutions and
skeleton-guided features allows for the capture of
time-based properties as well as individual
physiological changes.

Table 2: Hyper parameters of SGCNN.
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Parameter Value
Learning Rate 0.0005
Batch Size 32
Epoch 20
4. Result

The proposed framework has been implemented
using Python version 3.12.12 on a Windows 10 OS
platform. The tests have been done using a neural
network architecture based on SGCNN, with
advanced computational resources such as an Intel
Core 19-13900K processor, 64 GB RAM, and a 500
GB SSD. In this research, the data used consists of
pharmacokinetic drug concentration—time curves,
along with other biological/physiological factors,
facilitating convenient training, testing, and
validation of the framework.

Comparison of Model Accuracy
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Figure 3: shows the analysis of accuracy.

The comparative study of the performance of
different models reveals that the proposed model,
named SGCNN, attains an accuracy of 95.8%,
which is much better than other methods. The
accuracy for traditional models like CNN, ANN,
and LSTM is comparatively lower, ranging from 70
to 85%, with an accuracy of 78%, 75%, and 82%,
respectively. It is evident from the above discussion
that the proposed method has significantly
improved the prediction performance by around
10-20%.

i Error Rate Comparison of Models
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Figure 4: Analysis the error rate.

The error rate analysis between various models is
shown in Figure 4, where the proposed SGCNN
model yields the least error rate of 4.2% as opposed
to other models such as CNN (22%), ANN (25%),
and LSTM (18%). This clearly shows that the error
is greatly minimized in the proposed model due to
its enhanced prediction performance.

Recall Comparf¥8h (Radar Chart)
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LST™M CNN

Proposed SGCNN

Figure 5: Analysis the recall.

The radar chart comparison between various
models’ recall value is shown in Figure 6, in which
the proposed SGCNN model exhibits a
significantly higher recall of 95.1% than CNN,
ANN, and LSTM, which are 80%, 76%, and 83%,
respectively. It can be seen that the proposed model
exhibits greater sensitivity in recognizing
pharmacokinetic ~ patterns,  ensuring  better
prediction consistency than other models.

5. Conclusion
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This research demonstrates a successful hybrid Al
model for pharmacokinetic predictions in advanced
drug delivery systems with high accuracy and good
generalization under physiological conditions. The
SGCNN model has been proved to be capable of
predicting complex nonlinear interactions in drug
concentration-time series with low prediction errors
in comparison with traditional deep learning
models. According to the results of the experiments
performed, the model demonstrates a significant
improvement in accuracy and reduction of error
rates and recalls compared with other approaches.
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