Artificial Intelligence in Toxicology
and Pharmacology

Abstract:

Methods that utilize machine learning and artificial intelligence have transformed a wide
variety of fields, including the field of toxicology. Physiologically based pharmacokinetic
(PBPK) modeling, quantitative structure-activity relationship modeling for toxicity
prediction, adverse outcome pathway analysis, high-throughput screening, toxicogenomics,
big data, and toxicological databases are just some of the areas that are covered in this
review. By leveraging machine learning and artificial intelligence approaches, it is now
possible to develop PBPK models for hundreds of chemicals in an efficient manner, to create
in silico models to predict toxicity for a large number of chemicals with similar accuracies
compared with in vivo animal experiments, and to analyze a large amount of data of various
types (toxicogenomics, high-content image data, etc.) to generate new insights into toxicity
mechanisms rapidly, which was previously impossible. This is an improvement over the
previous situation The field of toxicological sciences faces a number of challenges that must
be overcome before it can make further progress. These challenges include the following: (1)
not all machine learning models are equally useful for a particular type of toxicology data;
therefore, it is important to test different methods to determine the optimal approach; (2) the
current toxicity prediction is primarily based on bioactivity classification (yes/no); therefore,
additional studies are required to predict the intensity of effect or dose-response relationship.
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1. Introduction:
Toxicology is a branch of science that focuses on the study of the harmful effects and the
underlying mechanisms of toxicity caused by chemicals, substances, or situations on humans,
animals, and the environments [1, 2]. It also focuses on the prevention and amelioration of
such harmful effects, in addition to the application of toxicology knowledge to the safety
evaluation and risk assessment of xenobiotics [3]. Toxicology encompasses a wide range of



topics that can be broken down into a number of subfields [4], such as chemical toxicology
(the study of the toxicity of various chemical classes, such as pesticides, metals, etc.), organ
systems toxicology (the study of the effects of toxicity on various target organs), nonorgan-
directed toxicity (the study of carcinogenesis, genetic toxicology, and developmental

toxicology), toxicokinetics (such as physiologically based pharmacokinetic [5-7].
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According to one research. [8], artificial intelligence is a subfield of computer science that is
undergoing significant expansion, and its primary objective is to design and build computers
or computational models that are capable of carrying out a wide range of cognitive tasks at a
level that is on par with or even superior to that of human intellect [9]. The phrase "artificial
intelligence™ (Al) can refer to a number of various things depending on the context [10, 11].
The term "machine learning" is used throughout this current study to refer to the applications
of various machine learning approaches in the prediction and evaluation of chemical
toxicokinetic (also known as absorption, distribution, metabolism, and excretion [ADME])
and toxicity properties [12-14]. Machine learning is a subfield of artificial intelligence that
refers to mathematical or computer algorithms meant to teach or train a computational model

to solve a problem or perform difficult tasks based on some input parameters [15, 16].
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Machine learning is a subfield of artificial intelligence that refers to mathematical or
computer algorithms designed to teach or train a computational model to perform complex
tasks [17]. Learning on a machine can typically be broken down into one of three categories:
supervised learning, unsupervised learning, or reinforcement learning [18-20].

There are many distinct kinds of artificial neural networks, and the vast majority of these
networks have at least some applications in the fields of medicine and the biological sciences
[21-23]. Information moves in only one direction through feed forward ANNSs, whereas
feedback ANNSs are responsible for feeding information back. Single-layer perceptrons, often
known as SLPs, are a type of basic feed forward artificial neural network that is typically
utilized for the linear binary categorization of data [24]. In addition to an input layer and an
output layer, more complicated multi-layer perceptrons comprise one or more hidden layers
of fully linked neurons. Furthermore, in contrast to SLPs, these perceptrons use a nonlinear
activation function [25, 26]. Techniques that fall under the umbrella of deep learning (DL)
include supervised machine learning with the use of MLPs [27]. A convolutional neural
network, often known as a CNN, is another type of artificial neural network (ANN) that is
used for deep learning. A CNN is essentially a regularized form of a multilayer perceptron
(MLP), and it consists of a layer called the convolutional layer that typically applies a
rectified linear unit activation function [28, 29]. In CNNs (Convolutional deep neural
networks), the input data are convolved with individual neurons in the convolutional layer

receiving data exclusively for a particular receptive field. This is in contrast to MLPs, which



include neurons that are fully connected to one another. Because of this, the likelihood of
data over fitting, which is the most significant drawback of MLPs, is reduced. CNNs are
frequently utilized in the fields of medicine and biology for the purpose of analysis and
categorization of signals in two dimensions [30, 31]. The usage of network models that make
use of Bayesian inference, often known as Bayesian neural networks (BNN), is one of the
more modern alternatives to these traditional neural network methodologies. By undertaking
weight marginalization rather than optimization, as is the case with many other machine
learning approaches, Bayesian neural networks (BNNs) have the potential to, under certain
conditions, lessen the likelihood of data over fitting and increase the accuracy of their
predictions [32-35].

In recent years, artificial neural networks have been utilized on a number of instances for the
purpose of classifying and predicting the hazardous effects of a wide variety of biologically
active chemicals. It is safe to expect that deep learning will in the not too distant future
become a very essential component of numerous diagnostic and research protocols in the
field of toxicology [36-38]. The application of deep learning in toxicology is a novel method
that is undergoing rapid development. This article is a condensed assessment of recent
discoveries and research methodologies regarding the application of artificial neural networks

(ANNSs) to the processing of complex toxicological data[39, 40].
1.1. Machine Learning Techniques:

ML is the fundamental paradigm that is comprised of a number of method-based domains and
a number of algorithms in order to recognize patterns within the data. DL and ML are used in
every automation-based technique, but the difference between the two is held constant[41].
ML may be further subdivided into numerous types, and one of these types is called deep
learning. This imitates the transmission of electrical impulses and is analogous to the
biological neurons found in humans. This model is a well-established mathematical model
that relates to the process of learning strategies for forecasting future data [42]. It reveals
underlying patterns that are present in the data and information that are accessible. The
success of ML can be attributed to the successful resolution of difficult mathematical
problems, which is employed in many areas of contemporary biology. In terms of generalized
machine learning approaches, it has been used to accurately forecast the data set that has not
yet been observed in order to select the method that will perform the best in difficult
circumstances. In order to prevent brute force sensitivity and optimize specifically by better



understanding the viewpoint in various model architectures, training a single dataset with
many models at the same time is common practice. Reinforcement learning is another
significant category of ML methods that processes mostly towards the application in dealing
with complicated environments. This type of learning teaches the ideal series of actions in
response to opposed environmental information to the output in a manner that is comparable
to supervised learning [43]. Instead of displaying scoring functions that incorporate the Drug
score [44], the ML techniques that are used in AutoDock are well-prepared and trained for
the particular types of protein/DNA, active site residues, small molecules, and medications
that are being considered [45]. The ML addresses a number of applications, each of which
offers an excessive amount of success in one or more phases of the HTVS that are
characteristic of drug development in terms of comprehending novel medications and lead
components[46].
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1.2. Deep learning Techniques:

The DL approach reflects the neural network by having several hidden layers, and it is widely
utilized because of its adaptability to learn arbitrary complex functions [41, 47]. It is able to
learn as much as it possibly can with sufficient data and the investment of sufficient
computational effort, resulting in extremely dependable outputs. The numerous layers that are
buried behind DL patterns provide a flexible access point for learning arbitrarily complicated
modules, which directly provide relevant neurons and trained sets. End-to-end differentiation



is achieved with the application of a backpropagation algorithm and a gradient-based
optimization method by the DL [48]. These methods make it possible for neural networks to
be trained. In addition to this, the feed-forward networks are connected to layers,
conventional architecture, and graph convolutional architecture, all of which contributed to
the growth of a variety of data kinds and domains. The DL approach is being propelled
forward by the modern trend of data reading as well as by technological advances in
algorithmic and computational hardware. Because of the difficulty they have in training and
comprehending small sets, neural networks have garnered a lot of attention within the realm
of deep networks [49]. From an algorithmic perspective, deep learning networks with
additional layers have frequently been plagued by disappearance gradients, which inhibit the
ability of models to train in an effective manner. Significant improvements in effectively
trained deep networks can be attributed to new method initialization strategies, neural
activation functions, and gradient-based optimization methods[50]. Recurrent neural
networks, also known as RNNs, are recurrent units that are primarily employed for the
purpose of capturing the temporal dependency in sequence-level data input. Conventional
neural networks, often known as CNNs, are becoming increasingly popular for image
processing. CNNs do this by utilizing learning filters to capture both local and spatial
correlations [50]. Graph neural networks, also known as GNNSs, are typically used to function
with unordered data, such as when doing an analysis of social networks; nonetheless, this
model is ideally suited for the representation of tiny molecules [51].
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2. TOXICOGENOMICS

Toxicogenomics is a sub-discipline of toxicology that applies genomic technologies (such as
gene expression profiling, proteomics, metabolomics, and other related methods) to the study
of the harmful effects of chemicals or xenobiotic substances at the gene and/or protein levels
within specific cells or tissue(s) of an organism [52]. Toxicogenomics is a relatively new
field of study. Toxicogenomics has emerged as an important tool in the identification of
potential molecular mechanisms of toxicity in response to exposure to environmental
chemicals at the gene, protein, or metabolite level in the cells or tissues of organisms. It also
serves as biomarkers for predictive toxicology [53]. Recent advances in computational
technologies have made it possible to integrate toxicogenomics with computational models
(for example, machine learning and PBPK models), which allows researchers to correlate
molecular endpoints derived from toxicogenomics data with in vivo regulatory-relevant
phenotypic toxicity or toxicokinetic endpoints [54]. Data for toxicogenomics could be
obtained either from in vitro or from in vivo experiments. In vivo toxicogenomics data are
desirable; however, it is both impracticable and unethical to gather toxicogenomics data for
thousands of chemicals using animal tests on varying dose groups and treatment periods. This
is because it would violate both the animal's and the researcher’s rights [55]. A recent study
developed an artificial intelligence-based Tox-GAN framework by applying a deep

generative adversarial network (GAN) approach [56].
2.1. The Application of Artificial Intelligence to Assess the
Toxicology and Safety of Drugs

One of the most powerful tools that modern medicine may employ in the fight against disease
is called interventional pharmacology. These medications, on the other hand, can have
serious adverse effects, so their use needs to be carefully watched. The scientific discipline
known as pharmacovigilance focuses on the monitoring, detection, and prevention of adverse
drug reactions (ADRs) [57]. Efforts to ensure patient safety begin during product
development with in vivo and in vitro testing, continue through clinical trials, and extend
through postmarketing surveillance of adverse drug reactions in actual patients and
populations. The boundaries of these traditional techniques will be tested in the future by

difficulties related to toxicity and patient safety, including rising polypharmacy and patient



diversity. Improving drug safety science through the use of artificial intelligence (Al) and
machine learning presents a unique opportunity made possible by the recent availability of

massive volumes of newly compiled data [58].
3. Al In The Treatment Of Drug Addiction:

In the fight against complex diseases, in which many patients require completely novel
treatment protocols, the application of Al as an aid in the selection and administration of
personalized drug regimens is vital [59]. Modern medicine has achieved its massive success
through the use of technologies such as vaccinations and antibiotics, which generally work
without much adjustment from patient to patient [60]. Artificial intelligence (Al) is an aid
that can be used in the selection and administration of personalized drug regimens [61].
Precision and individualized medical approaches are being developed in order to treat the
diseases that have been left behind, diseases for which there is no one cure that will work for
everyone [62, 63]. The massive amounts of biological, chemical, and medical data that need
to be integrated in order to completely comprehend and combat complex diseases such as
malignancies can only be truly leveraged by the deployment of computational tools that are
dependent on Al engines[64, 65] . There is currently no artificial intelligence that can serve
as a skeleton key and offer therapies for all illnesses. Instead, tools are being developed to
perform certain jobs in the process of selecting drugs and administering them to patients, and
these tools are being tailored to each condition and patient individually [66-69]. The
functions that are determined by the various approaches of Al modeling are at their most
accurate when they are not extrapolated over broad output areas, much like other
mathematical approximation methods [70-72]. Increasing the accuracy of models can be
accomplished by restricting the space in which their predictions can be made. This reduces
the number of possible outputs or the range of outputs, depending on whether the problem is
one of classification or regression [73, 74]. In artificial intelligence technologies, the
complexity of the data and modeling methodologies that are depended upon often results in
the formation of a decision-making process that is utterly incomprehensible to human
operators. This is unavoidable since it is physically impossible for humans to take into
account and incorporate every applicable piece of biological, chemical, and medical
information that is important to each patient in the process of designing a treatment protocol
that is tailored specifically to meet the needs of that patient [75-77]. If we were capable of
deciphering the information, we would not require the assistance of the Al. In the field of
drug therapy, the goal of artificial intelligence (Al) is to condense the vast amounts of data



into something that doctors can comprehend, so providing them with access to information
that they were unable to take into account in the past [78-80]. In order for a transparent
reduction process to work, its steps would need to be straightforward enough for the operator
to comprehend them. This kind of simplification frequently results in a loss in the strength of
prediction. Black box decision support solutions that are powered by Al contribute a higher
level of accuracy but have less openness. Because their decision-making process is not
necessarily rationalizable to humans, there has been a lot of anxiety around the utilization of
so-called black box models; nevertheless, this stressor ought to be relieved if they prove to be
successful and patient survival rates increase [81, 82]. Because of the consequences of this
kind of software and the fact that it frequently comes with a lack of interpretability, many
trials are required in order to justify any medical black box model's predictive powers. Before
the models can be used in clinics, it is necessary to provide evidence that they will
unquestionably lead to better outcomes for patients. It will be significantly more challenging
for models to attain transparency as a result of the introduction and wider-scale usage of DL

for the selection and optimization of medicinal therapies [83-85].

4. Modeling Using Artificial Intelligence and Big Data For Drug

Discovery:
The term "big data" refers to a collection of data sets that are both so huge and complicated
that it would be impossible to process them using the conventional methods and tools for
doing data analysis [86-89]. The use of big data is becoming increasingly prevalent in clinical
investigations as well as other types of research that are driven by biological data [90-92].
The era of big data has arrived in the field of modern drug discovery, which is one of the
fields responsible for producing large amounts of data. The research community faces both
new obstacles and new opportunities as a result of the requirement for fresh computational
tools. These techniques may include data mining and production, curation, storage, and
management. In the last ten years, in addition to the development of HTS techniques in a
variety of screening centers, other data-sharing efforts have also been started. For instance,
PubChem is a public archive for chemical structures as well as the biological features of the
molecules that make them up[93]. The number of PubChem compounds has expanded from
25 million in 2008 [94] to 96 million in 2022 [95], representing a tenfold increase in that time
period. A publicly accessible big data resource for compounds, including the majority of
medications and drug prospects, with a variety of target response information is constituted

by the enormous amount of bioassay data that is stored in PubChem and is updated on a daily



basis. A database that is quite similar to PubChem and that contains binding, functional,
ADME, and toxicity data for a large number of chemicals is called ChEMBL [96]. In
comparison to PubChem, ChEMBL has a significant amount of data that has been personally
curated from the relevant literature. (https:// www.ebi.ac.uk/chembl/) The ChEMBL database
currently contains more than 2.2 million compounds that have been evaluated against more
than 12,000 targets [95]. As a result, the database contains activity data for 15 million
compound-target pair combinations. There are a number of additional data sources that have
been developed expressly for medications and drug prospects. For instance, there is a
database known as DrugBank (https://www.drugbank.ca) that is open to the public and
contains information on all approved medications, including their mechanisms, interactions,
and key targets [97]. The present version of the DrugMatrix database stores extensive gene
expression data obtained from the tissues of rats that were given over 600 different
medicines, the majority of which targeted many important organs such as the liver. The
Binding Database, often known as BindingDB, is a resource on the web that is open to the
public and contains information about the drug-target binding that has been measured [98].
The proteins and enzymes that are deemed to be drug targets are the targets that are included
in BindingDB. Currently, there are 1,587,753 binding data stored in BindingDB. These data
are associated with 7,235 protein targets and 710,301 small molecules
(https://www.bindingdb.org/bind/index.jsp). One such way to classify the public sources of
big data is according to the dimensions of the associated digital files for the data sets. For
instance, the present version of the PubChem bioassay database contains around 240 million
different bioactivities. These bioactivities are organized into 30 gigabytes worth of XML
files. To handle and analyze these available massive data sets, rather than utilizing personal
computers with central processing units, it is required to leverage novel hardware techniques

such as cloud computation (41, 51) and graphics processing units (GPUs) [98].

5. The Role Of Artificial Intelligence And Machine Learning In The
Decision-Making Process From Lead To Candidate And Beyond:

The application of artificial intelligence (Al) and machine learning (ML) in pharmaceutical
research and development has, up until this point, been primarily focused on research [99,
100]. This research includes target identification; docking-, fragment-, and motif-based
generation of compound libraries; modeling of synthesis feasibility; rank-ordering likely hits

according to structural and chemometric similarity to compounds having known activity and



affinity to the target(s); optimizing a smaller library for synthesis and high-throughput. When
it comes to predicting absorption, distribution, metabolism, excretion, and toxicological
features, progress has been sluggish when using Al and ML algorithms to lead optimization
and lead-to-candidate (L2C) decision-making [101].

6. Molecular Design Using Al:
The fields of machine learning and artificial intelligence have transitioned from theoretical
study to applications in the actual world. The subject of cheminformatics, and particularly
QSAR, has traditionally been one of the earliest adopters of statistical approaches and
machine learning; however, over the course of the past few years, the number of unique
algorithms that have been developed in this sector has significantly expanded. Novel
techniques, such as deep neural nets (DNNs), convolutional neural nets (CNNSs), or recurrent
neural nets (RNNs), have been increasingly recognized as valuable additions to the toolbox of
chemoinformaticians [9, 89, 102-104]. This is in addition to more conventional models, such
as Random Forest, Gradient Boosted Trees, or Gaussian Processes, which have been applied
very successfully in the past[105]. CNNSs are particularly appealing in this context due to the
fact that they provide an alternative, data-driven approach to the extraction of molecular
characteristics [106]. The promise of these innovative methodologies stems not only from
somewhat superior performance metrics in retrospective evaluations, but also, and perhaps
more importantly, in an inherent ability to interpret unstructured material as well as navigate
and manipulate the "latent™ environment. This has resulted in the development of a number of
specialized artificial intelligence tools that are able to carry out tasks that are not feasible
using "traditional” machine learning algorithms [107-109]. This is especially helpful for
noisy and smaller data sets, for which data collection experiments are time consuming and
expensive, for example in ADMET predictions [42, 110]. Another series of publications has
shown that deep neural nets have the ability to use matrices of experimental observations
(multitasking) rather than vectors to improve predictive accuracy [43, 111, 112].
Making all of these innovative machine-learning models and technologies practical in an
industrial environment is a key issue to consider. This involves deployment, access,
repeatability, monitoring, and maintenance. In addition, these brand new machine learning
systems introduce brand new technical obstacles into industrial contexts, many of which are

not immediately visible [44].



7. The Application of Artificial Intelligence to the Fields of Forensic

Medicine and Toxicology:

The rise of artificial intelligence (Al) as the dominant technology will usher in the subsequent
Industrial Revolution[113]. Artificial intelligence will transform all aspects of the business
world. When it comes to the investigation of crimes, forensic medicine and toxicology is an
important branch, and with the help of Al, this branch has a significant amount of room for
growth and progress [114]. Any field of study or method cannot exist in isolation from
developing technologies for very long. The conventional approach to conducting an autopsy
and formulating an opinion has a number of drawbacks, all of which are potentially
surmountable with the assistance of Al [115].In the field of forensic medicine, various
procedures, such as the analysis of toxins, the collection of the various samples of
medicolegal importance from body cavities, the detection of pathological changes in various
organs of the body, the detection of various stains on the body, the detection of a weapon
used in a crime, time since death calculations, and so on, are the areas in which Al will play a
key role in framing the various opinions of medicolegal importance. In addition, Al may be
included into pre-existing procedures for testing and analysis, which will make the entire
process more efficient and accurate. It is possible that Al will play a significant role in the
practice of forensic medicine and toxicology in the future [116]. Forensic medicine
professionals, namely those who work in the fields of autopsy and toxicological analysis,
stand to profit in a variety of ways from artificial intelligence. Finding data of sufficient
quality for use in training the Al system is the primary obstacle faced when attempting to
deploy Al in forensic medicine and toxicology. Therefore, initially, forensic medical
professionals all around the world will need to exert a significant amount of work in order to
offer extremely precise data to machines [117, 118]. The essential data for the machines may
comprise a variety of postmortem findings, together with high-quality supporting photos and
precise opinions regarding the pattern of the injury; it will also include a variety of statistical
inputs pertaining to biomarkers, in addition to the analytical methodology. Providing data
will take a significant amount of time, and it will also be necessary to periodically update the
machine's data. However, in the event that specialists from the forensic sector are successful
in overcoming these first obstacles, the Al tool will have the ability to have an advantage in
the field of forensic medicine to frame diverse viewpoints of medicolegal significance.

Computer technology and Al algorithms will improve forensic investigation methods with



greater accuracy and promptness. This is the classic morphological perspective. It is possible
that Al will become an essential component of forensic medicine and toxicology procedures
once it is included into the many testing and analysis processes that are already in place [119,
120].
Another aspect of artificial intelligence that raises concerns is how it would fare in a legal
setting. Although the court might not see an opinion that was generated by Al as definitive
proof, this view can nonetheless serve as corroborative evidence because the output of any
machine is dependent on the facts that it is supplied. Before passing judgment on anything,
even the judicial system needs to have a solid understanding of how the machine in question
actually functions.In this kind of situation, the judges can seek out expert opinion regarding
the reliability of the equipment. This transformation, on the other hand, will take place with
the passage of time and the maturation of the method of using Al [121-123].
It will be a difficult task for policymakers in developing nations like India to establish high-
tech infrastructure in the field of forensic medicine because the country's healthcare system is
still in the early stages of development and is concentrated only in urban regions. The
provision of healthcare services to each and every member of a developing nation's
population in every region should currently be the top priority for developing nations.

8. Future Perspectives:
In the pharmaceutical industry, ML and DL methods of artificial intelligence can be utilized
extensively to comprehend the chemical structure and activity relationship of lead molecules
by analyzing a large amount of pharmaceutical data. Because of their superior data mining
capabilities, Al-based technologies have become increasingly prevalent in recent years in the
field of computer-assisted drug development. The performance of both deep learning and
machine learning methods is directly influenced by the amount of data that is stored in the
data mining technology. This method does have certain drawbacks, though. In spite of the
fact that the successful construction of deep learning methods has a potentially effective
approach to overcoming these issues, one of the most significant drawbacks is that the
mechanism behind deep learning models is still not fully understood. In addition, brain
models of formation are involved in changing various parameters; nevertheless, the
optimization of these models has only been achieved through a limited number of practical
guidelines. In recent years, there has been a primary increase in the number of applications of
Al-based methodologies. The drug discovery process, which includes activities like de novo
design and the identification of lead compounds, is formed by the enormous data sets. It is



reasonable to anticipate that, as a result of developments in a variety of sectors, there will be
a tendency toward the more automated drug discovery process with the assistance of
computers. This will produce results that are more accurate than those produced by other
approaches. Therefore, additional study in vital and missing areas, innovative concepts in
biological research sectors, and a drug discovery pipeline could potentially yield various

findings that can be incorporated into the process of designing drugs.
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Conclusions:

The proliferation of computing power and other technologies has permeated every branch of
scientific inquiry. The field of computer science that deals with artificial intelligence (Al) is
one of the most important subfields, and its influence can be seen in many areas of science
and technology, from fundamental engineering to medical treatments. Therefore, Al is
currently being utilized in the fields of pharmaceutical chemistry and health care. In recent
years, traditional approaches to drug design have been phased out in favor of computer-aided
designs of various pharmaceuticals. There has been a significant increase in the usage of Al
in recent years, which has led to significant improvements in drug design methods and
production times. Additionally, the target proteins may be easily discovered by applying Al,
which increases the likelihood that the proposed medicine will be successful. The application
of Al technology in each stage of the drug design process reduces the risks to patients' health
that are associated with preclinical testing and also brings down the overall cost of the project

significantly. Based on the vast amounts of pharmaceutical data and the process of machine



learning, artificial intelligence is a useful tool for data mining. As a result, Al has been
applied to de novo drug design, activity scoring, virtual screening, and in silico evaluation of
the features of a pharmacological molecule, including absorption, distribution, metabolism,
excretion, and toxicity.

In the past few years, artificial intelligence has rapidly become a standard analytical tool in
the discovery of new drugs. This results in a significant number of new developments and
improvements in our overall level of understanding regarding pharmacology. When putting
Al models into practice, however, caution is necessary, and one must be aware of the
potential hazards. To be more specific, the performance of any artificial intelligence model
can only be as good as the data that is used to train it. If there are inherent flaws in the data
that are used to train a model (for example, biases related to ethnicity, gender, or disease, or
measurement errors), then such inaccuracies will also be present in the model, which will
make the model less universal and more difficult to apply. Therefore, whenever selecting the
data that will be used to train an Al model, extreme caution should be exercised at all times.
The "accuracy-interpretability trade-off" presents yet another obvious barrier to the
widespread implementation of Al in the healthcare sector. When it comes to Al models, the
rule of thumb is that the more precise they are, the more difficult they are to interpret. In the
realm of preclinical pharmacology, this is less of an issue because patients are not yet
included in the research. Transparency and interpretability, on the other hand, take on a far
greater significance in the clinical sector. This trade-off will compel healthcare practitioners
to pick between two models: one that is simpler, more closely matches conventional
statistics, and is easier to read, but provides less accurate results. The first model is highly
accurate, but it is difficult to understand what exactly it does. In spite of this, there is an
infinite number of ways in which these kinds of models can be utilized once one is aware of
the benefits and drawbacks associated with various Al methodologies. In the not-too-distant
future, we may anticipate that Al-based strategies will gradually replace the more traditional
models that are being used at the moment. In addition, Al will begin to make its way into
clinical pharmacology in the form of in silico clinical trials and Al-based decision support
tools that can be classified as medical devices. These applications will begin to emerge in the
next few years. In preparation for the latter application, the Food and Drug Administration
(FDA) in the United States is now working on a guideline for the credibility of computational
models used in medical device regulatory applications and other regulatory applications. This
is being done in expectation of more widespread applications of Al in healthcare in general.
This will, in the long run, result in more efficient paths for the development of new drugs,



and it will also allow us to better optimize the pharmacological therapy of each particular

patient.
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