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Pharmacokinetics (PK) is the study of the absorption, distribution, metabolism, and
elimination of drugs, and provides the rationale for designing appropriate dosage regi-
mens. Traditional compartmental and physiologically based pharmacokinetic (PBPK)
models are often used to understand drug disposition and predict exposure. Neverthe-
less, multiple factors, including age, body weight, organ function, genetic variations,
disease severity, concurrent therapies, and other variables, may impact the relationship
above and contribute to inter individual variability, making dose selection challenging.
With its powerful pattern recognition and predictive capabilities, artificial intelligence
(AI) has been increasingly adopted in pharmaceutical research and development. This
review focuses on the principles and applications of PK modelling and analysis using
Al. The key topics include data preparation, feature selection, hybrid models, model
evaluation, model interpretation, and model-informed precision dosing. Applications of
Al in drug discovery and development were discussed, with an emphasis on published
studies that employed machine learning (ML) algorithms for voriconazole dosing pre-
diction, sitafloxacin PK/PD modeling , extraction of drug—drug interaction features, and
prediction of unbound drug exposure in the brain. The discussion demonstrated that
computational approaches offer modelling flexibility to address diverse research ques-
tions but require careful consideration of data characteristics, analysis endpoints, and
evaluation criteria to ensure utility and reliability. By combining Al with conventional
pharmacometric tools, valuable insights can be uncovered from heterogencous and often
sparse data domains to facilitate decision-making in dose selection and patient care. At
the same time, proper validation strategies, informative model reporting, uncertainty
analysis, and patient population evaluation are needed to guide the clinical implemen-
tation of Al-enabled models and analyses. In summary, Al-enabled PK modelling and
analysis should be regarded as an auxiliary to conventional pharmacological principles
and clinical decision-making.
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INTRODUCTION

| PHARMACOKINETIE MODELING

-Compart mental Modeling

® Body is divided into theoretical
compartments.

@ Describes drug movement between
compartments using rate constants
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Figure 1: Classification of Pharmacokinetic Modeling Approaches

Pharmacokinetic modelling plays a vital role in drug
development and clinical pharmacology because it can
describe the temporal changes in drug concentrations
after administration. Conventional pharmacokinetic
approaches employ mathematical relationships to
characterize absorption, distribution, metabolism, and
elimination processes. Compartmental models repre-
sent the body as a set of interconnected compartments,
whereas physiologically based pharmacokinetic
(PBPK) models account for physiological and drug-
specific information, which enables predicting drug
disposition. Pharmacokinetics contribute to dose se-
lection/exposure assessment and may elucidate inter-
individual differences in drug response [1, 4, 32, 50].

Pharmacokinetic models may be limited by the pres-
ence of physiological or clinical variability in the target
patient population. This phenomenon may be associ-
ated with critical conditions, extreme age, extreme
body weight, impaired renal/hepatic function, genetic
variants, disease severity, and concurrent medication
use.

The aforementioned factors should be considered for
drugs with a narrow therapeutic window or when dos-
ing critically ill patients [17-22, 26, 51]. Artificial
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intelligence has gained increasing attention owing to its
capacity to learn patterns within a large and diverse set
of data points. Within the field of pharmacokinetics,
machine learning (ML) algorithms have the potential to
capture features in diverse datasets, which may aid in
quantifying drug concentration, predicting selected
pharmacokinetic parameters, identifying covariates,
and optimizing posology. Their performance relies on
the quality of data, the appropriateness of the algo-
rithm, the availability of informative observations, and
the chosen validation approach. [1, 2, 32, 44, 45]

The application of Al methods alongside conventional
pharmacokinetic methods may have the potential to
complement each other. Mechanistic models provide a
pharmacological basis for the process, while machine
learning methods provide a more flexible representa-
tion of selected non-linearities, which would be absent
in a given model structure. Improved prediction should
be demonstrated through an appropriate comparison
instead of postulating from a given Al method appli-
cation [32, 44, 47, 48, 50].

This review explores pharmacokinetic modelling as-
sisted by Al and its potential to support precision dos-
ing by considering various modelling approaches,
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relevant literature, validation, explainability, and chal-
lenges in clinical implementation.

2. ARTIFICIAL INTELLIGENCE
MACHINE LEARNING
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Figure 2: Artificial Intelligence and Machine Learning Classification/Structure

Artificial intelligence (Al) encompasses computational
approaches that accomplish functions such as pattern
recognition, prediction, and decision support. Machine
learning (ML) is a domain of Al that involves algo-
rithms that learn associations from datasets and apply
the learned patterns to make predictions or classify
observations. In pharmacokinetic applications, ML
approaches can examine the associations among patient
demographics, drug properties, dosing histories, sam-
pling times, and drug concentrations. [1, 2, 4, 32]

2.1. Machine Learning

ML algorithms learn associations between input vari-
ables and defined endpoints. For pharmacokinetic pur-
poses, the input space encompasses demographic
characteristics, laboratory findings, drug properties,
dosing regimens, and measured concentrations. De-
pending on the objective, the algorithm can predict a
continuous value, classify an observation, identify
subgroups, or support a sequential decision-making
process.

The choice of ML approach depends on the prediction
target, data characteristics, availability of reliable out-
come measurements, and intended application. A
model developed for a certain drug or population can-
not be directly applied to other drugs or populations.

[32, 44, 45, 47]
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2.2. Types of Machine Learning

ML approaches can be broadly categorized into super-
vised, unsupervised, and reinforcement learning.

e Supervised learning: Algorithms that utilize la-
belled data to learn the association between inputs
and reference outputs. It can be used for prediction
tasks, such as estimating drug concentrations or
classifying observations.

e Unsupervised learning: Approaches that identify
patterns, groupings, or associations within input
data. They can be used to identify subgroups or
associations within heterogeneous sets of observa-
tions.

e Reinforcement learning: This emerging para-
digm learns to optimize the decision-making
process through reward-based interactions. It has
been explored for sequential decision-making and
optimization of selected pharmacometric work-
flows.

[45, 46, 72]

These approaches aim to address different objectives
and should be chosen based on pharmacological ques-
tions and available data.

2.3. Supervised Learning

A. Regression
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Regression algorithms estimate continuous outcomes,
such as drug concentrations or selected pharmacoki-
netic parameters.

e Linear regression: Linear association between the
input variables and the outcome.

e Polynomial regression: Nonlinear associations
expressed as polynomial equations.

o LASSO regression: Regularized linear regression
that incorporates penalties for model complexity
and can aid in variable selection.

e Ridge regression: Regularized linear regression
that penalizes large coefficients.

e Elastic Net: Combination of LASSO and Ridge
regression.

e Logistic regression: generally used to estimate the
probability of selected categorical outcomes and
is typically not used to directly predict ordinary
continuous concentrations.

B. Classification

Classification algorithms classify observations into
distinct categories.

o Naive Bayes: A probability-based classification
algorithm.

o Decision trees: Logical decision rules that recur-
sively stratify datasets.

o Support Vector Machines (SVMs): Classifiers
that define optimal separating boundaries.

e K-Nearest Neighbours (KNN): A similarity-
based algorithm that classifies observations
according to their similarity with reference
observations.

The performance of the classification algorithms is
dictated by the classification endpoint, dataset struc-
ture, and choice of validation strategy.

C. Ensemble Methods

Ensemble methods combine the predictions of multiple
algorithms or data segments to improve their perfor-
mance. They often yield more reliable results than the
individual classifiers.

Y
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e Bagging: Combines the results from multiple
models trained on different subsets of the available
data.

e Boosting: Weak classifiers are iteratively com-
bined to improve performance. Later classifiers
place more emphasis on observations that were
misclassified by earlier classifiers.

e Random Forest: Ensemble approach that com-
bines the predictions of multiple decision trees.

e Extreme Gradient Boosting (XGBoost): An
optimized boosting algorithm.

e AdaBoost: Another boosting algorithm that em-
phasizes misclassified observations during subse-
quent boosting rounds.

e LightGBM: A gradient-boosting algorithm that is
optimized for training on large, suitable datasets.

Ensemble approaches can improve prediction accuracy
for specific tasks; however, their performance should
be validated using an appropriate approach.

D. Neural Networks and Deep Learning

Neural networks comprise interconnected computa-
tional nodes and can be useful in learning associations
between input variables and outcomes. This paradigm
has been further expanded to deep learning, where
multiple stages of processing are combined to yield
improved results.

e Multilayer Perceptron (MLP): Feed-forward
neural network that consists of an input layer, a
hidden layer, and an output layer.

e Recurrent Neural Network (RNN): A network
that is optimized to process temporal information.

e Convolutional Neural Network (CNN): A net-
work that utilizes convolutional layers to learn
associations.

e Deep learning: Multiple interconnected process-
ing layers.

These approaches can be powerful tools but are often
limited by sample size, amount of missing information,
data imbalance, and lack of external validation.

[1,2,32,44,47]
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3. AI-ASSISTED PHARMACOKINETIC
MODELLING FRAMEWORK
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Figure 3: Conceptual Workflow for Al-assisted Pharmacokinetic Modelling.

Al-assisted pharmacokinetic modelling includes phar-
macological knowledge, patient or experimental data,
statistical analysis, and predictive computation. The
design of a modelling framework is determined by the
nature of the data that are to be predicted and the
structure of the accompanying data. [32, 44, 45, 48, 50]

3.1 Data Collection and Preprocessing

Pharmacokinetic studies can utilize clinical trial data,
electronic health records (EHRs), therapeutic drug
monitoring (TDM), laboratory measurements, and
pharmacokinetic databases. The datasets can include
patient demographics, dosing histories, sampling
times, measured drug concentrations, laboratory re-
sults, and clinical outcome information. [18, 26, 29—
31,51] Preprocessing included assessing data com-
pleteness, unit harmonization, examining missing val-
ues, identifying data-entry inconsistencies, and
variable codification. The approaches used to address
missing or extreme observations must be rationalized
and justified according to the structure and content of
the dataset. Data quality is a critical factor, as inaccu-
racies in dose histories, sampling times, or measured
concentrations would impact model development or
evaluation. The separation of model development and

final test data can also be critical, especially
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considering that patients are often represented multiple
times within a given dataset.

3.2 Feature Selection

Feature selection identifies variables that may be in-
formative for the prediction task. The selection should
be informed by pharmacological knowledge and
appropriate statistical or machine-learning methods.
[32, 44, 45, 48, 50]

The predictors could include:
e Age, body weight and body mass index

e Renal function including creatinine clearance
where relevant

e Hepatic function and relevant laboratory tests
e Dose, dosing interval and administration time
e Sampling time and measured drug concentrations

e Concomitant medications and potential drug inter-
actions

e Relevant genetic polymorphisms

e Drug specific properties and previously estimated
pharmacokinetic parameters

Regularization methods, such as LASSO, can be used
to reduce the number of predictors. However, statistical

4264 |Page



Kishan Ajay Kumar Gupta, Int. J. of Pharm. Sci., 2026, Vol 4, Issue 10, 4260-4277 | Research

importance or algorithmic feature importance do not
imply a causal relationship or clinical relevance

3.3 Integration of Pharmacokinetic Models and
Machine Learning

Hybrid modeling combines a mechanistic pharma-
cokinetic (PK) model with a machine-learned (ML)
component. A compartmental or physiologically based

Inputs

Patient data

o 'L.'— ;

ML layer
RF / XGBoost / ANN

PK model provides a mechanistic framework, and an
ML component can be used to estimate selected model
parameters, predict residual relationships, or capture
nonlinear associations between covariates and drug
disposition. [32, 44, 47, 48, 50, 67, 68, 71].

The specific architecture of a hybrid model depends on
the drug, available data, target endpoints, and assump-
tions of the mechanistic component.

Qutputs

Hybrid
prediction

Figure 4: Conceptual Inputs and Outputs of a Two-Compartment PK Hybrid Model

Its performance should be benchmarked against rele-
vant baseline approaches through appropriate evalua-
tion protocols

3.4 Model Training and Validation

The model parameters must be estimated using the
development dataset. One or more validation datasets
can be used to select the model or tune its parameters,
whereas a held-out test set should be used for assessing
the final performance. Cross-validation, if applied,
should be considered for the selected study designs,
provided the data-splitting procedure is compatible
with the intended application. [44—50] The evaluation
should define the prediction target, comparator, evalu-
ation metrics, and validation design, whereas data
leakage should be prevented, and observations from the
same patient should be handled with care if patient-
level separation is required. The model performance
can be evaluated using the mean absolute error (MAE),
root mean squared error (RMSE), mean squared error
(MSE), and coefficient of determination (R?). The se-
lected metrics need to be consistent with the prediction
objective and should be reported along with the rele-
vant units and evaluation context, if applicable.

3.5 Explainability and Clinical Integration
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Explainable artificial intelligence (XAI) comprises
methods designed to enable users to understand how
the model inputs inform the predictions. Feature-im-
portance summaries and partial-dependence plots can
provide information about the model's behavior.

However, they cannot ascertain causality, clinical va-
lidity, or enhanced patient outcomes. [10, 11, 32, 44] It
can be evaluated in conjunction with pharmacological
expertise and appropriate clinical judgment.

4. CLINICAL PHARMACOKINETIC DATA

Clinical pharmacokinetic datasets may include drug
concentration-time information. Dose administration
records, sampling time points, demographic character-
istics, and laboratory measurements. Such data are fit
for purpose depending on the quality of measurements,
study design, populations represented, and type of
predictions sought. [18, 19, 26, 29-31, 51]

Clinical trials may provide data from controlled ex-
periments that can be used for model building.
However, populations and doses may be restricted, and
data from critically ill patients may be complicated by
physiological changes, organ dysfunction, concomitant
therapy, and variations in sampling schedules. [17, 19,
20, 22,27, 28]
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Therapeutic drug monitoring provides measured con-
centrations for specific medicines, allowing evaluation
of exposure and supporting dose individualization. The
information content depends on the timing of sampling,
analytical performance, dose history, and other patient
factors.

ML or model-informed approaches might help inter-
pretation of such data but do not replace essential
aspects such as analytical quality control or clinical
judgement. [26, 29-32, 51]

1. DATA GATHERING
A, CLINICAL TRIALS (Phase 1-I1T)
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Fig.5 clinical Pharmacokinetic data integration & model-evaluation workflow.

4.1 Study Variables

Potential input variables include demographic, bio-

characteristics. Their relevance depends on the drug and
the prediction objective.

chemical, genetic, and treatment-related  [32, 44, 45, 48, 50]
Table 1: Category of Variable and Their PK Relevance
CATEGORY VARIABLE PK RELEVANCE/ EFFECT
Demographics Age, Body Weight, BMI, Sex May influence Clrzegjﬁ(éi’liilzﬂbution’ or dose

Renal Function
markers

Creatinine Clearance & relevant renal

May inform renal elimination

Hepatic function

Liver-function markers

May inform hepatic drug metabolism

Genetics

Relevant CYP450 or
other genetic variants

May influence drug metabolism for selected
medicines

Dosing Information

Dose, Dosing interval,
Administration Timing

Defines treatment exposure

ling Inf i i
Sampling Information tration

Sampling time & measured concen-

Required for interpreting concentration—time
data

. .. Relevant
Concomitant medicines

co-administered drugs

May indicate potential interactions

Drug-Specific variables

Relevant known Pk Parameters

May support model development or compari-
son

These variables should be selected according to phar-
macological relevance and data availability rather than
included automatically in every model.

4.2. Classical Pharmacokinetic Models
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Classical compartmental models describe drug dispo-
sition as a set of mathematical relationships between
compartments, representing central and peripheral
tissues. A two-compartment model, for instance, char-
acterizes drug distribution between the central and
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peripheral compartments, with elimination being a
function of the appropriate model parameters.

PBPK models provide a more detailed mechanistic
analysis by incorporating physiological and drug-spe-
cific information and can be used to investigate drug
exposure, specific drug interactions, and interindivid-
ual differences. The choice between different modeling
approaches is dictated by the scientific question, data at
hand, and intended application.

[67-77]
4.3 Machine Learning Models

Methods such as random forest, XGBoost, neural net-
works, and other machine learning (ML) approaches
have been explored for drug discovery, pharmacomet-
rics, and prediction of pharmacokinetic parameters.
[32, 44-50]

The hybrid approach can potentially employ a combi-
nation of a mechanistic model and an ML component.
However, the benefits of such a combination are not
guaranteed and must be demonstrated using an appro-
priate comparator, adequate validation, and a well-de-
fined prediction target.

4.4 Dataset Partitioning

Training, validation, and test sets are frequently used to
separate the data used to train machine learning models
from the data used to evaluate their performance, and
the size of each set is often determined by the study
design and sample size. I believe that a specific divi-
sion (e.g., 70% training, 15% validation, and 15% test)
is not always optimal and should not be used as a
universal rule. In some cases, other methods, such as
cross-validation or patient-based separation, might be
more rational and efficient; therefore, their use should
be justified and mentioned.

Table 2: Dataset Partitioning Strategy

Dataset Partition

Percentage Share (%)

Primary Purpose / Function in Model De-

Testing Set

velopment
Training Set 70% Model training and parameter learning
Validation Set 15% Model selection and hyperparameter tuning
15% Final evaluation of model performance

4.5 Performance criteria

The commonly used performance measures are as
follows:

o Coefficient of determination (R?): This coefficient
explains how accurately the predictions explain the
differences in the observed results during a specific
evaluation.

e Mean squared error (MSE): Measures the average
squared difference between the observed and pre-
dicted values.

e Root mean squared error (RMSE): Shows the
square root of MSE in the same units as the out-
come.

e Mean absolute error (MAE): It measures the aver-
age absolute difference between the observed and
predicted values.

No single metric determines clinical usefulness. Eval-
uation should consider the prediction task, uncertainty,
performance across relevant subgroups, and the con-
sequences of prediction errors.

4.6 Concentration prediction Workflow

A typical process for predicting drug concentrations
usually includes collecting relevant information about
patients and their treatments, ensuring data quality,
using a specific pharmacokinetic model, predicting
concentrations or related parameters, and comparing
these predictions with appropriate observations

Figure 6: Precision Dosing Work Flow
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PRECISION DOSING WORKFLOW: FROM PATIENT DATA TO OPTIMAL DOSE

STEP 2: Al ENGINE
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PATIENT INPUTS

STEP 3: PREDICTED PK
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= CL: Clearance Rate (L/h)

* Vd: Volume of
Distribution {L}

w1y Half-life (h)

Figure 6: General Workflow for pk Prediction and Precision Dosing

RESULTS

5.1 Predictive Accuracy

The accuracy of pharmacokinetic models that use arti-
ficial intelligence is determined by the amount and
representativeness of the data used for their develop-
ment, the choice of methodology, and the characteris-
tics of the drug and patient cohort. It is essential to
evaluate the use of models using statistical metrics and
specific measurements of pharmacokinetic parameters.
Several metrics can be applied to assess the quality of
prediction models described above. The most common
statistical metrics for evaluating prediction models are
the coefficient of determination (R2), mean absolute
error (MAE), and root mean square error (RMSE).
These three metrics describe the variance of the mod-
eled data set and the accuracy of the algorithm’s pre-
diction. While R2 shows what portion of the total
variance of the data set is explained by a particular
model, MAE and RMSE describe the average deviation
of the predicted values from the observed values.
However, the lower the values of these metrics, the
better the algorithm performs. Notably, RMSE is more
sensitive to large errors than MAE, which makes it a
more accurate metric for error measurement. The
choice of which metric to use depends on the specifics

of the task and the potential impact of errors. To com-
pare the performance of conventional approaches to
developing pharmacokinetic models with artificial
intelligence solutions, it is necessary to apply them to
the same datasets and use consistent definitions of input
and output variables and validation strategies. Because
these factors affect the results of the models, their dif-
ferences undermine the possibility of a reliable com-
parison. In addition, when assessing the performance
of algorithms to predict pharmacokinetic parameters, it
is also essential to evaluate their performance using
external validation. This allows researchers to deter-
mine whether the algorithm can generalize the data and
perform consistently when applied to patients not in-
cluded in the original dataset. The application of arti-
ficial intelligence algorithms allows researchers to
identify associations between patient characteristics,
drug doses, and pharmacokinetic parameters. How-
ever, such conclusions require validation before being
used in practice. The high performance of the algo-
rithms in some cases does not necessarily mean that
they will consistently show accurate results. Therefore,
when selecting an approach to develop pharmacoki-
netic models, it is essential to consider not only the
accuracy of the results but also other factors that af-
fect the quality of the predictions.

Table 3: Performance Metrics for Evaluating Pharmacokinetic Prediction Models
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Evaluation metric

Purpose in model evaluation

Interpretation

Coefficient of determination
(R?)

Assesses the model's fit to observed data

Higher values may indicate a better fit, but
do not independently establish clinical ac-
curacy

Mean absolute error (MAE)

Quantifies the average absolute difference
between predicted and observed values

Lower values indicate smaller average ab-
solute errors

Root mean square error
(RMSE)

Quantifies prediction error while giving
greater weight to larger errors

Lower values generally indicate smaller
prediction errors

External validation

Evaluates model performance on indepen-
dent data

Helps assess generalizability beyond the
development dataset

Assesses whether prediction performance is

Requires consideration of drug-specific

Clinical relevance
tion

adequate for the intended dosing applica-

targets and the consequences of prediction
errors

5.2. Subgroup Analyses

Subgroup analysis can inform performance differences
between a model in clinically relevant populations.
Subgroups may be defined by age, renal function, he-
patic function, disease severity, or other characteristics.

The interpretation of subgroup performance requires
knowledge of subgroup definitions, sample sizes,
measures, and uncertainty. Differences in model per-
formance could reflect differences in the underlying
population, the amount of data available, or the appro-
priateness of a model for a given subgroup. Subgroup
evaluation should be included in the validation where
clinically relevant for the indicated use. [5, 17-22, 26,
51]

5.3. Explainability and User Feedback

Explainability methods can identify features that in-
fluence a model's outputs. Their utility depends on the
model, data, and method of explanation. Feature im-
portance should not be assumed to indicate causality.

Clinical implementation also requires an appropriate
evaluation of usability, uncertainty, and consequences
of incorrect recommendations. Explainability can sup-
port communication with clinicians but does not re-
place clinical validation or evidence of improvement in
patient outcomes. [10, 11, 32, 44]

5.4. Comparative Performance
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Comparisons between conventional pharmacokinetic
models and Al-assisted approaches should be based on
well-defined outcome measures, appropriate compara-
tors, and validated procedures. Models evaluated on
different data or for different predictions cannot be
reliably compared based only on their reported metrics.

Hybrid approaches may have complementary strengths
by incorporating mechanistic pharmacology with ma-
chine learning. Their value for a particular drug or
population should be demonstrated by appropriately
designed comparative studies, and if required, clinical
evaluation. [32, 44-50, 67-77]

6. APPLICATION
MODELS

OF PHARMACOKINETIC

6.1. Model-Guided Sitafloxacin Dosing

Wau et al. evaluated the pharmacokinetic/pharmacody-
namic (PK/PD) cut-offs for sitafloxacin against the
selected pathogens. The investigators applied a popu-
lation PK (PopPK) model that was developed using
data from 342 patients. Combined with the in vitro
pharmacodynamic data and PK/PD targets, the ob-
tained information was implemented in Monte Carlo
simulations to estimate the probability of target attain-
ment (PTA) and cumulative fractions of response
(CFR). [7] The regimens of 50 mg every 12 hours, 100
mg every 24 hours, and 100 mg every 12 hours were
assessed. The authors concluded that the regimens were
“associated with the predicted clinical efficacy against
S. pneumoniae infections, but further clinical investi-
gation is warranted to confirm their efficacy against P.
aeruginosa infections” for the target attainment and
pathogens under the considered model. The
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interpretation of the results depends on the pathogens,
PK/PD targets, minimum inhibitory concentrations,
and the assumptions of the analysis. [7]

This study is an example of how population pharma-
cokinetics combined with Monte Carlo simulations can
be used to assess exposure targets and corresponding
dosing regimens. This study demonstrates the concept
of model-guided analysis rather than proves the supe-
riority of one particular approach over another.

6.2. Multimodal Approaches to Drug-Drug Inter-
action Detection

The analysis of drug—drug interactions (DDIs) is a vital
area in clinical pharmacology because the concurrent
use of two or more medications can lead to altered
exposure, efficacy, and toxicity of drugs. The applica-
tion of machine learning and natural language pro-
cessing methods to tackle biomedical questions and
extract interaction-related information from the avail-
able literature has been extensively studied. However,
identifying a DDI relationship is not equivalent to pre-
dicting the concentration—time profile of a drug in a
patient who receives multiple medications. [24, 25, 39
—41]

Yu and colleagues proposed BiGGT, a multimodal
framework for DDI extraction that employs a combi-
nation of methods related to the Transformer and bidi-
rectional gated recurrent unit (BiGRU) architectures.
The model uses information from various representa-
tions of drug-related and relevant biomedical data to
identify DDI relationships between two drugs. The
investigators reported that their method achieved
78.22% precision for the task of DDI extraction. [8§]

The precision of 78.22% was demonstrated for the
specified task under the chosen evaluation framework.

This cannot be used as a substitute for pharmacokinetic
predictions, dose selection, or a direct measure of clin-
ical efficacy. An additional analysis is required to ap-
ply such information for patient-specific dose

selection.

6.3. Predicting Unbound Drug Bioavailability in the
Brain

Predicting central nervous system (CNS) exposure is a
critical step in the process of drug discovery and
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development. The unbound brain-to-plasma ratio at
steady state, denoted as, can be used to characterize the
distribution of unbound drug between the brain and
plasma, where a value of 1 suggests that the drug dis-
tribution is similar in the two tissues.

Morales et al. employed machine learning to predict the
unbound drug bioavailability in the brain for a set of
157 compounds using data from a manually curated
database. The investigators used a series of supervised
learning algorithms and demonstrated that extreme
gradient boosting achieved an accuracy of 85.1% on
the test set for the specified classification task. The
authors also validated their performance claims on a
prospective basis for a few compounds. [9]

The accuracy of 85.1% was demonstrated for the task
of classification for a particular dataset and a particular
evaluation framework. The value cannot be directly
generalized to other molecules and used as a substitute
for clinical efficacy. This work highlights the possibil-
ity of using machine learning for a specific task of
predicting drug distribution and the necessity of
prospective validation.

6.4. Model-Informed Precision Dosing

Model-informed precision dosing (MIPD) is an um-
brella term that encompasses the use of pharmacoki-
netic data, patient-specific considerations, drug
concentration measurements, and various models to
inform precision dosing in clinical practice. MIPD can
be especially useful when drugs demonstrate large
interindividual variability in exposure or require tight
control over exposure to achieve optimal efficacy and
safety. [19, 21, 22, 26, 32, 50, 51]

Machine learning can be used in combination with
traditional pharmacometric tools to build models that
identify patterns in high-dimensional datasets or high-
light important drivers of specific endpoints. For
model-informed precision dosing, it is especially im-
portant to remember that the appropriateness of a cer-
tain approach depends on the drug, population,
purpose, and supporting evidence.

A recommendation that comes from a model should
always be evaluated in the context of clinical and
pharmacological information.
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6.5. Future Applications

Additional investigations are needed to explore the
potential of applying machine learning techniques
alongside compartmental and physiologically based
PK (PBPK) models, the use of real-time data, and the
performance of such models across different popula-
tions. Other key areas of research include opportunities
for model interpretation, model sensitivity analysis,
data quality, external validation, and various sources of
bias that may affect model performance. [32, 44-50, 67
=77]

From a clinical perspective, model performance should
be evaluated prospectively, and sufficient method-
ological transparency should be demonstrated to sup-
port the claimed indication or indications. If the goal is
to demonstrate that a certain Al-driven approach to
dosing is superior to the currently available alterna-
tives, it might be necessary to conduct a series of trials
to prove the concept.

CONCLUSION

Al-Assisted Pharmacokinetics Modeling is Additional
Method for Data Analysis Pharmacokinetics Essay

Al-assisted pharmacokinetic modelling offers addi-
tional analytical approaches to address specific issues
concerning drug analysis and dosing individualization.
Machine learning methods can identify complex rela-
tionships, and conventional compartmental and PBPK
models can ameliorate the mechanistic understanding
of drug disposition. Thus, using both approaches in
unison can be a synergistic combination for certain
pharmacokinetic analyses.

The published works describe the applications of Al-
based pharmacokinetic modelling approaches, from
population pharmacokinetic modelling and antimicro-
bial PK/PD analyses to drug — drug interaction extrac-
tion and unbound brain exposure prediction. However,
since these applications analyze diverse sets of data
with various endpoints, it is crucial to evaluate them
individually for each case using appropriate statistical
measures.

The value of data obtained via Al-assisted pharma-
cokinetic modelling can only be determined by the
quality of input data, model development, transparency
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of the created algorithm, external validation, and ap-
plication to the relevant population. The explainability
of the model can aid the interpretation but will not
confirm clinical validity or provide assurance of out-
come improvement. It is vital to remember that Al
technologies should be employed as an addition to the
current pharmacological knowledge and not replace it.
Pharmacological and clinical analyses using Al should
be validated for the specific drug and population in-
tended for use.

LIST OF ABBREVIATIONS
ABBREVIA
TION FULL FORM
ADR Adverse Drug Reaction
ADRs Adverse Drug Reactions
Al Artificial Intelligence
ANN Artificial Neural Network
AHR Androgen Receptor
BCRP Breast Cancer Resistance Protein
BiGRU Bidirectional Gated Recurrent Unit
BMI Body Mass Index
CNS Central Nervous System
CL Clearance
CNN Convolutional Neural Network
CYP450 Cytochrome P450
DL Deep Learning
DT Decision Tree
DDI Drug-Drug Interactions
EGB Extreme Gradient Boosting
EHR Electronic Health Record
GBM Gradient Boosting Machine
GCN Graph Convolutional Network
ICU Intensive Care Unit
KNN K-Nearest Neighbors
LASSO Least Absolute Shrinkage and Selection
Operator
LDA Linear Discriminant Analysis
MAE Mean Absolute Error
ML Machine Learning
MLP Multilayer Perceptron
MSE Mean Squared Error
MIPD Model-Informed precision Dosing
NN Neural Network
PBPK Physiologically Based Pharmacokinetic
PD Pharmacodynamic
PK Pharmacokinetic
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ABBREVIA
TION FULL FORM
PK/PD Pharmacokinetic/Pharmacodynamic
PLS Partial Least Squares
PPK Population Pharmacokinetic
QSAR Quantitative Structslilriep-ActiVity Relation-
R? Coefficient of Determination
RF Random Forest
RL Reinforcement Learning
RMSE Root Mean Square Error
RNN Recurrent Neural Network
SHAP SHapley Additive exPlanations
STX Sitafloxacin
SVM Support Vector Machine
TDM Therapeutic Drug Monitoring
vd Volume of Distribution
XAI Explainable Artificial Intelligence
XGBoost Extreme Gradient Boosting
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