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A B S T R A C T   

Artificial intelligence (AI), particularly deep learning as a subcategory of AI, provides opportunities to accelerate 
and improve the process of discovering and developing new drugs. The use of AI in drug discovery is still in its 
early stages, but it has the potential to revolutionize the way new drugs are discovered and developed. As AI 
technology continues to evolve, it is likely that AI will play an even greater role in the future of drug discovery. 
AI is used to identify new drug targets, design new molecules, and predict the efficacy and safety of potential 
drugs. The inclusion of AI in drug discovery can screen millions of compounds in a matter of hours, identifying 
potential drug candidates that would have taken years to find using traditional methods. AI is highly utilized in 
the pharmaceutical industry by optimizing processes, reducing waste, and ensuring quality control. This review 
covers much-needed topics, including the different types of machine-learning techniques, their applications in 
drug discovery, and the challenges and limitations of using machine learning in this field. The state-of-the-art of 
AI-assisted pharmaceutical discovery is described, covering applications in structure and ligand-based virtual 
screening, de novo drug creation, prediction of physicochemical and pharmacokinetic properties, drug repur
posing, and related topics. Finally, many obstacles and limits of present approaches are outlined, with an eye on 
potential future avenues for AI-assisted drug discovery and design.   

1. Introduction 

Early approaches for the drug discovery process might be 10–20 
years of finding novel drug candidates or developing existing drug 
candidate processes. The main challenging issues of earlier drug dis
covery and development processes are time and cost. In this scenario, AI 
revolved around speeding up the possibility of drug discovery and 

development predictions with less cost [1]. Recently, AI has increased 
the productivity of the drug development process with the convergence 
of technologies such as biology, drug discovery, data analysis, machine 
learning, and deep learning. Knowledge of biology will help understand 
disease patterns to identify the target molecule, such as genes or pro
teins. AI’s greatest advantages are processing the vast amount of stored 
target molecule data to analyse meaningful insights within a short time 
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[2]. Machine learning and deep learning is a subfield of AI play a vital 
role in drug discovery and development. The machine learning is a 
process of previously stored statistical information of data and to pro
vide future predictions and deep learning is a depth of knowledge 
discovered by artificial neural networks consists of several neurons with 
inputs layer, n-number of hidden layers, and an output layer, has the 
ability to solve the complex mathematical problems like human thinking 
[3]. AI models are becoming increasingly popular in drug discovery and 
development stages, especially for predicting biological or chemical 
properties. This is because AI models can be trained on large datasets of 
historical data and then use this data to make predictions about new 
compounds [4,5]. AI models’ ability to make these predictions quickly 
and accurately is a significant advantage. Traditional drug discovery and 
development methods can be time-consuming, expensive, and often 
involve much trial and error. AI models can help to speed up the drug 
discovery process, and they can also help to reduce the risk of devel
oping drugs that are ineffective or toxic [6,7]. 

1.1. AI in drug discovery pipeline 

Artificial intelligence (AI) rapidly changes drug discovery and 
development by automating and speeding up tasks at every pipeline 
stage. 

Target identification and validation: AI can discover and validate 
potential novel therapeutic targets by analyzing massive amounts of 
genomic and proteomic data. Artificial intelligence can be used to find 
proteins associated with a disease’s pathway or altered genes [8]. 

Lead discovery: Artificial intelligence can be used to sift through 
huge chemical databases searching for promising new therapeutic leads. 
Artificial intelligence can also create novel pharmaceuticals with 
improved safety and efficacy [9]. 

Preclinical testing: Preclinical testing of new drug candidates can 
benefit from the application of AI to make predictions about their effi
cacy and safety. This can both speed up the medication development 
process and reduce the number of compounds that need to be tested in 
clinical trials [10]. 

Clinical trials: The success of clinical trials can be predicted, 
analyzed, and planned for with the help of AI. This can enhance the 
quality of clinical studies and speed up the process by which the most 
effective medications reach patients [11]. 

Regulatory approval: The chances of a medicine candidate being 
approved by regulators can be estimated with the help of AI. This can aid 
in deciding whether or not to move forward with clinical trials and speed 
up the drug development process [12]. 

Post-market surveillance: After a drug has been cleared for the 
market, AI can monitor it to ensure it doesn’t cause any harm. This can 
aid in the early detection of any patient safety issues and the subsequent 
protection of the patients [13]. The U.S. Food and Drug Administration 
has acknowledged that AI-driven technologies have the potential to 
increase the reliability and efficacy of medical products but has stressed 
the need to safeguard patients during their creation and implementa
tion. The Food and Drug Administration (FDA) intends to collaborate 
with industry to create regulations that promote innovation and protect 
patients. 

The comparison between early approaches and AI-based drug dis
covery and development stages is described in Table 1. 

1.2. Data representation 

Data representation is a critical aspect of artificial intelligence (AI) in 
drug design, as it influences the accuracy and efficiency of predicting 
molecular properties, interactions, and drug candidates. There is a 
growing interest in developing new methods for representing data that 
can improve the performance of AI models [14]. Drug discovery using 
deep learning relies on chemical compounds and proteins as small 
molecule targets as the input data representation. Several 

representations for these molecules have been utilized in numerous 
machine learning models, which has substantially affected the accuracy 
of these forecasts [15]. Some of the data representations are listed in the 
Table 2. 

SMILES: In AI models for drug discovery and molecular property 
prediction, SMILES strings can be processed using techniques like 
tokenization, embedding, and recurrent neural networks (RNNs) to 
capture the molecular structure and predict properties like solubility, 
binding affinity, and toxicity [16]. SMILES-based models often leverage 
graph neural networks (GNNs) to capture molecules’ graph-like nature 
and interactions. SMILES strings are easy to read and write, which makes 
them a convenient way to represent chemical data in AI models [17]. 
SMILES strings are extensible, which means that new features can be 
added to the format as needed. SMILES is a widely used format in the 
field of chemistry, which means that a large amount of data is available 
in this format. 

Fingerprint: Fingerprint representation is a way of representing the 
chemical structure of a molecule as a series of numbers. These numbers 
can be used to represent the presence or absence of specific atoms or 
functional groups, or they can be used to represent the topological re
lationships between atoms in the molecule. Fingerprints are popular for 
representing chemical data in AI models because they are compact, 
efficient, and easy to interpret. They are also relatively insensitive to the 
order of atoms in a molecule, which makes them more robust to noise 
and errors in the data [18]. The choice of fingerprint type will depend on 
the specific application. For example, Morgan fingerprints are often used 
for virtual screening, while atom pairs fingerprints are often used for 
lead optimization. Fingerprint representations are used for various ap
plications, including virtual screening (finding molecules with desired 
properties), quantitative structure–activity relationship (QSAR) 
modeling, and similarity searching in large chemical databases [19]. 

Molecular Graph: Molecular graph representation is a way of rep
resenting the chemical structure of a molecule as a graph. In this rep
resentation, the atoms in the molecule are represented as nodes in the 
graph, and the bonds between atoms are represented as edges [20]. 
Molecular graph representation is a powerful tool for AI drug design 
because it captures the topological relationships between atoms in a 
molecule. Molecular graphs represent atoms as nodes and bonds as 
edges in a graph, allowing machine learning models to leverage graph 
neural networks (GNNs) to process and predict various molecular 
properties [19]. 

Voxel: Voxel representation is a method of representing three- 

Table 1 
Comparison between the early and AI drug development process.  

Process Early drug development AI drug development 

Target selection & 
Target validation 

The selection and validation 
identify the target molecules 
such as nucleic acid 
sequence (gene) or proteins. 

AI analyses the open-source 
drug information bank. 
Which produces the score for 
the target drug to identify. 

Compound 
Screening and 
lead 
optimization. 

Over 5000–1000, 
compound screening 
identifies the hit to lead 
compound through 
chemistry, high-throughput 
screening, and virtual 
screening. 

AI-based virtual screening is 
the compound database, 
which contains millions of 
compound information. 

Preclinical studies 
–phase I 

Laboratory tests for new 
compounds in in-vitro and 
in vivo to ensure efficacy 
and safety. 

Machine learning 
approaches like supervised 
and unsupervised learning 
by in-vitro studies. 

Clinical studies – 
phase II & III 

This is a risky process for a 
new compound clinical trial 
with human participants. 

The AI tool will help to 
identify the target molecule 
for potential therapy with 
the success rate of clinical 
trials. 

Food and drug administration (FDA) approval 
Drug post-marketing 
Deliver drug molecules for target therapy  
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dimensional data as a grid of voxels. Each voxel in this representation is 
a 3D cube representing a small spatial volume. In the context of artificial 
intelligence models, voxel representations are commonly used for tasks 
that involve 3D data, such as medical imaging, computer graphics, and 
molecular modeling. Each voxel’s value can indicate many data attri
butes such as color, intensity, or opacity. Voxel representation is a 
popular choice for expressing 3D data in AI models because it is a simple 
and efficient approach to representing the spatial relationships between 
items in the data. This data can be utilized to perform various tasks such 
as object detection, segmentation, and classification [19]. 

2. Artificial intelligence modeling in drug discovery 

2.1. Structure-Based virtual screening methods with artificial intelligence 
approaches 

Structure-based virtual screening (SBVS) is a computer method for 
identifying prospective medication candidates by screening a huge 
database of compounds against a known protein structure. SBVS is a 
strong technique that can be used to speed the drug development pro
cess. Artificial intelligence (AI) methods use machine learning and deep 
learning to improve the effectiveness of structure-based virtual 
screening. These approaches use machine learning to train scoring 
functions based on molecules’ known binding affinities. AI-based 
scoring functions have been shown to be more accurate than tradi
tional rule-based scoring functions, and they have been used to identify 
potential drug candidates for a number of diseases. SBVS has tradi
tionally been regarded as a binary classification problem. Several studies 
have found that using dependencies between target classes in multilabel 
classification can enhance prediction accuracy [21]. For the purpose of 
drug design, the machine learning strategies can be classified into two 
main categories: supervised learning and unsupervised learning. In su
pervised learning, the machine learning model is trained using data that 
has already been annotated with the target result [22]. The model is 
trained to create a mapping between input and output. In unsupervised 
learning, a machine learning model is educated using data without la
bels. Without any input from the user, the model automatically dis
covers patterns in the data. The classifications are again sub-categories 
in to MLR: Multiple linear regression; PLS: Partial Least Squares; DT: 
Decision trees; RF: Random Forest, KNN: K-Nearest neighbours, MLP: 
Multilayer Perceptron; SVM: Support Vector Machines; SOM: Self- 
organizing Maps; PCA: Principal component analysis, as shown in the 
Fig. 1 [2,23]. 

2.2. Support Vector Machines 

Support Vector Machines (SVMs) are powerful machine-learning 
algorithms commonly used in structure-based drug design. They are 
crucial in predicting molecular interactions, binding affinity, and other 
properties between ligands and target proteins. The training data 
preparation includes positive examples (ligands that bind to the target 
protein) and negative examples (ligands that do not bind), which are 
often labeled based on experimental binding data or known interactions 
[24]. SVM-based methods have been widely employed in developing 

Table 2 
Molecular data representation for computational approaches.  

Target 
Representation 

Drug 
Representation 

Description Example 

Sequence 
–Based 
Feature 

SMILES SMILES is 
Simplified 
Molecular Input 
Line Entry System 
it is most 
commonly used 
input to deep 
learning model. It 
represent the 
chemical structure 
used by computer 
can be easily 
learned sequenced 
based feature. 

CC(=O) NC1 = CC = C 
(C = C1) O 

Fingerprint It represent the 
molecule 
structure that 
convert into bit 
string i.e., 
presence of atoms 
indicate 1 and 
absence of atom 
indicate 0; it is 
useful method for 
describing the 
structural 
similarity of the 
molecule.  

(1,1,0,0……0,1,0,1,1)  

Structure- 
Based 
Feature 

Molecular 
Graph 

Molecular graph 
represents the 
chemical structure 
in terms of graph 
theory. It mapping 
of atoms 
constituting a 
molecule to node 
and chemical 
bonds to edges. 

Voxel Voxel is the 
combination of 
volume and pixel 
representation of 
three dimensions 
space. It is used in 
the target protein 
because it reacts 
with ligand 
instead of entire 
protein and it is 
very suitable for 
binding 
prediction. 

3D target protein in 
cubes.  

Fig. 1. Classification of Machine Learning strategies into their Supervised and 
Unsupervised learning methods. 
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target-specific scoring models known as SVM-SP (Support Vector Ma
chine - Scoring Potential). SVM-SP models are used in molecular docking 
and virtual screening to predict the binding affinity or interaction en
ergy between a ligand and a specific target protein (Fig. 2) [25]. These 
models enhance the accuracy of predicting ligand binding and assist in 
identifying potential drug candidates. The development of a general 
scoring function known as SVMGen (Support Vector Machine - General) 
that includes statistical pairwise potentials of docked protein–ligand 
pairs is a notable advancement in molecular docking and virtual 
screening. SVMGen leverages machine learning techniques, particularly 
SVMs, to predict protein–ligand complexes’ binding affinity or interac
tion energy [26]. The incorporation of statistical pairwise potentials 
enhance the accuracy of binding affinity predictions. MIEC-SVM uses a 
combination of molecular interaction energy components (MIECs) and 
an SVM model to predict the binding affinity of molecules to target 
proteins [27]. MIECs are a way of representing the energetic interactions 
between atoms in a molecule. SVM methods can be quite helpful for 
various aspects of post-docking analysis in structure-based drug design. 
Post-docking analysis refers to examining and refining results obtained 
from molecular docking simulations, where the interactions between a 
ligand (small molecule) and a target protein are predicted [28]. 

2.3. Deep learning 

Deep learning has profoundly influenced many disciplines, including 
structure-based approaches to drug design. Structure-based methods can 
use their three-dimensional structures to analyze and predict molecules 
and materials’ properties, interactions, and behaviors [29,30]. The ac
curacy and efficiency of these strategies have been improved with the 
help of deep learning techniques [31]. Scalable three-dimensional pro
tein structure prediction from amino acid sequences has been achieved 
by employing deep learning techniques. In recent years, deep learning 
approaches have shown much promise for solving this long-standing 
problem in computational biology [32,33]. Protein-ligand binding af
finities have been predicted using deep learning techniques. Deep 
learning methods have been shown to be more accurate than conven
tional methods at this crucial stage of the drug discovery process. 
Methods like Generative adversarial networks (GANs) and variational 

autoencoders (VAEs) are helpful for structure-based drug discovery 
because they can generate novel molecular structures with the desired 
properties. In extension to docking methods, the deep learning methods 
accelerate molecular dynamics simulations by predicting potential en
ergy landscapes using deep learning models, allowing the system to 
efficiently explore relevant configurations [34,35]. CNNs can be used to 
examine the trajectories generated by molecular dynamics simulations. 
They can clearly monitor the structural shifts, binding events, and other 
dynamic behaviors that would otherwise go undetected by more tradi
tional techniques [36,37]. In drug discovery, deep learning methods are 
applicable to both academia and pharmaceutical industries, and this 
application is represented in Fig. 3. Deep learning architecture showing 
the input layer, and output layer in the external, while multiple hidden 
layers in the middle layer, and represented the input and output layer, 
that helps in the machine learning predictions as shown in the Fig. 4. 

2.4. Bayesian networks 

Bayesian networks (BNs) have several advantages over other 
machine-learning methods for drug discovery. First, BNs can represent 
data uncertainty. This is significant because the data used in drug dis
covery is frequently noisy and incomplete. Second, BNs are relatively 
simple to interpret. Bayesian networks, also called probabilistic graph
ical models, are statistical representations of probabilistic relationships 
between variables [38]. Structure-based drug designs embedded in 
Bayesian networks have been used to model and analyze complex in
teractions and dependencies within molecular systems. A molecular 
system’s interactions between its parts, such as proteins and ligands, can 
be modeled using Bayesian networks. Atoms, residues, and ligands are 
represented by the graph’s nodes, while their probabilistic dependencies 
and interactions are shown by the graph’s edges [39]. It can predict a 
compound’s activity based on its structural features and interactions 
with target molecules. They provide a more accurate estimate of a 
compound’s activity by considering failure possibilities. Molecular de
scriptors and interaction data can be integrated into a single Bayesian 
network to help direct virtual screening. This is helpful for sorting and 
prioritizing compounds for further experimental testing. In iterative 
drug design, Bayesian networks can help by shedding light on how 

Fig. 2. Screening approach for the SVM-based algorithms in generating new compounds for the experimental testing.  
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Fig. 3. Deep Learning method in molecular modeling applications, especially in increasing the efficiency of drug discovery in the academic and pharmaceu
tical industry. 

Fig. 4. A deep learning architecture’s external input and output layers and the several hidden layers in the middle layer facilitate machine learning predictions.  
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changing individual molecular components or interactions might affect 
the final product. Overall, BNs are a promising new technology for 
structure-based drug discovery. They have several advantages over 
machine learning methods and are becoming increasingly popular in 
drug discovery. But, in addition to the Bayesian network, expert domain 
knowledge is crucial for ensuring that the network accurately captures 
the relevant relationships within the molecular system. In general, 
artificial intelligence techniques have had a major effect on structure- 
based drug design, which is the procedure of using molecular and 
structural information to create new drugs or enhance existing ones. 
Artificial intelligence methods can hasten the development of new 
medicines by making the various steps in the drug design pipeline more 

productive and precise [40]. Through these, the new potent molecules 
are yielded towards the active site as per the spatial requirements of the 
active site, as shown in Fig. 5, and these molecules are much more potent 
than the traditional screening method. 

2.5. Ligand-based virtual screening methods with artificial intelligence 
approaches 

In drug discovery, ligand-based virtual screening is a computational 
method to identify potential drug candidates from large compound li
braries using a reference molecule’s known properties. Finding com
pounds with structural and/or chemical features in common with a 

Fig. 5. Representation of deep learning methods in the structure-based methods, targeting the better-hit compounds with respect to the active site of the receptors.  
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known ligand is the goal of the LBVS method, which is helpful due to the 
lack of structure details of the receptor [41]. AI techniques are widely 
used in ligand-based drug design, which involves the optimization of 
small molecules to interact with target proteins or biomolecules. For 
correlating molecular descriptors (such as chemical properties) with 
biological activities, QSAR models are developed using AI techniques 
like machine learning and deep learning. These models support the 
understanding of structure–activity relationships and the prediction of 
new compound activity. AI techniques cluster and categorize ligands 
based on their structural and chemical similarities. This helps in iden
tifying lead compounds and understanding chemical diversity. AI algo
rithms guide the selection of compounds for experimental testing by 
identifying the most informative ones for refining predictive models 
[42]. 

2.6. QSAR modeling – deep learning approach 

QSAR models are useful in drug discovery because they can be used 
to pinpoint compounds that show promise [43]. QSAR is useful for 
predicting which compounds are more likely to be effective drugs by 
using a statistical model to correlate the molecular properties of a 
compound with its biological activity[44,45]. This can help researchers 
save time and money by narrowing their focus to the most promising 
compounds early in the drug discovery process. When experimental data 
and facilities are unavailable, QSAR is a highly effective method for 
discovering new compounds [46,47]. This is because chemical and 
structural features can be used in QSAR models to predict a compound’s 
biological activity. This is a fast and low-expense technique to do 
compared to experimental methods. As a method for predicting how 
molecules will interact with biological targets, QSAR draws on organic 
chemistry [33,48]. It considers pharmacological information to evaluate 
the effectiveness and safety of a compound [46]. QSAR is the process of 
developing mathematical equations or models that relate molecular 
descriptors (features that describe the structure of a molecule) to bio
logical activity. Based on their descriptors, these equations can be used 
to predict the activity of new compounds [49]. The values of biological 
activity of ligands serve as the dependent variable and the derived de
scriptors serve as the independent variables in multiple linear regression 
analyses of data gathered from the literature or own source of com
pounds. Using regression and classification on a large set of structur
e–property data, the empirical method known as QSAR attempts to 
demonstrate the link between biological activity and chemical struc
tures. This model can be used to efficiently train and apply its pre
dictions of unique chemical features and their biological capabilities 
without relying on time molecules. Because of this, QSAR has become 
increasingly popular and is being used in many different areas, such as 
drug design and toxicity prediction [35]. 

The applications of QSAR methods are enormous, but the main few 
are listed below.  

• QSAR enables researchers to predict compounds’ biological activity 
or properties without conducting time-consuming and extensive 
experimental tests. QSAR reduces the need to synthesize and test 
many molecules by focusing on more likely active compounds. This 
brings down the costs of chemical synthesis.  

• QSAR rationally predicts Biological Activity, Physical Property, 
Chemical Property, Pharmaceutical Property, Toxicity, Environ
mental Behavior, Material Property, Food and Flavor, Agrochemical 
Property, Cosmetic and Personal Care Product and Property- 
Property Relationships activities/properties.  

• QSAR uses big data to provide aggregate information and insights 
that aid in predicting various molecule activities and properties.  

• The descriptors used in QSAR models can provide insights into the 
mechanism of action of compounds. 

AI algorithms, particularly those based on machine learning and 

deep learning, have gained significant attention due to their efficiency in 
terms of time and cost. These algorithms can process and analyze large 
datasets much faster than traditional methods, and their predictive ca
pabilities can potentially accelerate drug discovery and other research 
areas. Deep Neural Networks (DNNs) are a type of AI model that can 
predict molecular properties [50]. Concurrently training the generative 
and predictive stages of DNNs can introduce reinforcement learning, in 
which the output is rewarded or penalized based on a specific property. 
Training AI models at the same time can introduce bias into the output. 
This can be useful if the goal is to improve or degrade specific molecular 
properties [18]. QSAR and molecule design both benefit from the MMP 
algorithm. The method seeks to find pairs of molecules that differ in only 
one structural aspect but share another characteristic, such as charge or 
bioactivity. Assigning a single charge to a single lead molecule most 
likely refers to modifying a lead compound by adding or removing a 
functional group to change its bioactivities. Alterations can also be seen 
in other ML techniques, such as deep neural networks (DNNs), random 
forests (RFs), and gradient boosting machines (GBMs), in addition to 
MMP. It has been demonstrated that DNN is superior to RF and GBM in 
terms of prediction accuracy. Information on millions of compounds can 
be found in large databases such as PubChem and ChEMBL. This infor
mation includes details such as the compounds’ structures and potential 
targets. The bioactivity of a drug, such as its intrinsic clearance, ADMET, 
oral exposure, and mechanism of action, can be predicted with MMP and 
ML. Toxicological optimization is an expensive and time-consuming step 
in drug discovery and this also performed using the AI pipeline as shown 
in the Fig. 6. However, this is an essential process that improves the final 
product. The capability of extracting additional information from an 
input database by means of mapping is not only the essential aspect of 
the feature but also the most advantageous aspect of the selection. 
Additionally, it has prepared network input variables by using the input 
database as a basis. In a later stage, when the input contains unrelated 
and redundant information, selecting the appropriate method to mini
mize the possibility of overfitting is essential [22,31]. 

2.7. Different models in QSAR 

The QSAR approach that is standard is one that is simple and can be 
applied to substances that are chemically similar to one another. Ac
cording to research that compared different molecular fields, the 
aesthetic appeal of the object increased the amount of molecular ac
tivity; as a result, the experiment was a huge success. The use of the atom 
or fragment model on example molecules has become increasingly 
common in recent years because of the model’s growing complexity and 
the obscurity and precision of its descriptors. To learn the chemistry 
behind the performance of better-designed molecules, this method ex
pands the range of prediction at the expense of interpretability [51]. 
QSAR modeling for a better pool requires the context-dependent selec
tion of the most relevant subsets of descriptors. This improves models’ 
generalizability and makes interpretation easier by eliminating unnec
essary descriptors. There are generally two primary methods used to 
assess models. An initial step for ML is determining which features or 
descriptors are most important for enhancing molecule properties. 
Another method is appropriate for training the model on substructure- 
type descriptors to project the model’s significant features and high
light the characteristics associated with the more favorable activity 
[52]. The molecular “heat map” comprises molecules with colored 
atoms based on their contribution. The modeled property is tested by 
applying the prediction of descriptors and model-independent ap
proaches to feature interpretation to small changes to the input de
scriptors. Despite its flaws, this approach has become standard practice 
in the field of interpretation. Mechanistic interpretability is enhanced 
when the variables were chosen to have the same sign and size of their 
coefficient across the multiple QSARs. This highlights the importance of 
considering the statistical method that can distinguish correlation from 
causation and interpretation, which are not necessarily tied to a 
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mechanism. When compared to the other prominent ML approaches, the 
DNN machine learning method is currently the most widely used ML 
method in QSAR. The application of DNN methods is extremely wide
spread and can be found in various fields [53]. The output of the DNN 
into QSAR as well as the numerous other ML methods utilized in QSAR 
modeling such as kNN, partial least squares (PLS), support vector ma
chines, relevance vector machines, and relevance vector machines. DNN 
and ML are utilized in the pharmaceutical industry for accuracy pre
diction, sensitive tunable hyper-parameter, descriptor selection, 
enhanced training, and model interpretability. For many years, RF 
techniques were one of the most popular approaches in QSAR because 
they make meaningful predictions with adjustable parameters and can 
be parallelized. Furthermore, the degree of agreement in prediction 
between different RF trees can be used to calculate AD. Boosting is also 
an accurate and fast method, especially with the most recent imple
mentation and light gradient boosting machine [54]. 

2.8. ANN-QSAR 

The use of ANN, a popular ML algorithm, has increased for the 
purpose of developing QSAR models. Artificial neural networks (ANNs) 
are a subset of machine learning (ML) that were created as a direct 
analog to biological NNs. Three main components go into making up a 
typical ANN: the transfer function, the learning rule, and the connection 
formula. It has been found that feed-forward artificial neural networks 
(FF-ANNs) are the most used type of ANNs in the real world [53]. The 
most popular method for estimating FF-ANN parameters is the BP 
approach, which uses derivatives of the error function to minimize the 
network error and, thus find the optimal parameters. The BP algorithm’s 
goal is to minimize the discrepancy between the expected and observed 
values, whether those values are the output or anticipation of a process 
[55]. 

2.9. ML models – QSAR 

In recent years, molecular design and screening, chemical structure 
prediction, and category forecasting are just a few areas where ML has 
been increasingly applied in QSAR models. ML family methods like SVM 
and RF are frequently used when looking for a new and effective 
treatment. Produced via graph evaluation of a collection of 2D or 3D 
chemical descriptors, chemical fingerprints find application in a wide 
range of ML models and prediction tasks. Gene sequencing, single-cell 
sequencing, multi-omics interaction data, protein structure, and gene- 
protein interactions have all taken significant leaps forward thanks to 
the incorporation of massive datasets and ML [56]. To make this pre
diction, ML models are used, and these models are further subdivided 
into discriminating prediction and generative prediction variants. This is 
because a common application of ML models is to predict the efficacy of 
candidate compounds, whereas traditional QSAR primarily focuses on 
this ability. Using discriminative models, which map the association 
between the sample’s characteristics and the prediction’s target based 
on the data, is related to pattern recognition. These models are used in 
the process. The discriminative model is used to evaluate the distribu
tion of the sample data, whereas the generative model is used to forecast 
new compounds based on the learned distribution. Both models are used 
in conjunction with one another. Both models are utilized together to 
achieve the desired results. Some common ways of categorizing these 
methods are supervised, semi-supervised, unsupervised, or self- 
supervised learning. This model can only be used for supervised 
learning if discriminant models are employed, as its unique features 
make it inappropriate for unsupervised learning. Feature selection, al
gorithm quality, and training set quality are typical applications of these 
models [57]. Conformation-related indicators in QSAR and conforma
tional calculation for isomers were used to evaluate the research using 
quantum chemistry, semi-empirical approaches, and molecular dynamic 

Fig. 6. Development of ML and DL-based toxicity predictions and ligand-based data collections for the outcome layer generation.  
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simulation. The ML-based QSAR method is used to predict how the 
solvent environment affects conformational changes and molecular en
ergy by evaluating the energy changes that occur during conformational 
changes. Since ML is data-driven, it only needs to use standard QSAR 
algorithms to learn from the training set after all relevant features per
taining to the nature of the QSAR have been exhausted. The funda
mental characteristics shift based on the structure–activity or prediction 
objective. The study of physical and chemical properties that are diffi
cult to compute using theoretical methods like density functional theory 
or MD but can typically be computed by cheminformatics models is 
greatly facilitated by ML-based methods [16]. 

2.10. DL – QSAR 

Success with DL in imaging techniques has led to its application in 
other areas of medicine, such as machine translation and speech anal
ysis, and now DL is also being used to study genetic variation in pop
ulations, create synthetic biology drugs, and improve disease diagnosis. 
Different types of DNNs and CNNs, as well as multitask learning, capsule 
networks, self-encoding decoders, GANs, long short teams, variational 
AutoEncoders, and so on, are all examples of DL methods. Data in the 
biological sciences are extremely rich in information, which can be 
represented structurally through multitask learning. For instance, a GAN 
can model and generate microbial metabolic networks and loop net
works. Combining Variational AutoEncoder and GAN for learning makes 
it possible to encode complex structures. The protein structure can be 
predicted by DL from the gene sequence alone. A convolutional neural 
network (CNN) is used to do learning based on the force field and the 
protein–ligand complex, while atoms, strategy networks, and Monte 
Carlo trees are used to predict the chemical reaction. The stated issue is 
addressed better by the DL approach in QSAR, which includes CNNs, 
DNNs, and NNs with more than two layers and many neurons, as well as 
the deep architecture of the deep belief network (DBN) used to fine-tune 
the network’s initial parameter and reduce its associated bias. Higher- 
level features in DBN are generated from lower-level ones, making it a 
form of generative unsupervised learning. Similar to how a deep belief 
network (DBN) applies an unsupervised learning algorithm layer by 
layer, an autoencoder’s two main parts are its encoding of the input data 
and its decoding of the hidden units to reconstruct the input data, so the 
number of input and output unsupervised learning layers is equal to the 
number of input and output hidden units. When it comes to pretraining 
the NN, the autoencoder training algorithms are used as a crucial 
component. As a result, it greatly reduces redundancy issues like getting 
stuck in a local minimum and speeds up the model generally. The NN 
method is described by CNN in terms of weighted and biased neurons. 
For example, even locally stored databases with a small number of de
scriptors can tap into the network’s full potential. However, the goal of 
the connected redundancy problem is quickly achieved in the case of a 
large data set with a significant number of descriptors, like the ChEMBL 
database, and network parameters that are quickly assayed and rapidly 
lead to overfitting. Unlike a feed-forward, a NN employs all of the 
connected layers. CNN’s architecture consists of three layers: the con
ventional layer, the pooling layer, and the fully connected layer. The 
topmost layer is the fully linked layer. After that, each map is sub- and 
down sampled using average sum or max pooling over pxp neighbor 
pixels, where p denotes the difference between the small and large input 
data. The conventional and connected layers are used to extract features 
from neurons, and it has K-filters and convNet with small-size data [58]. 

2.11. Decision tree algorithms 

Decision trees are an ML algorithm that, when working with tabular 
data, is competitive with NNs in terms of quality and performance and, 
in many cases, outperforms NNs. A decision tree is a useful tool for 
decision analysis because it provides a clear and concise representation 
of decisions and the decision-making process. A decision tree is a form of 

supervised learning. Like other supervised learning algorithms, decision 
trees can be used to solve regression and classification problems. The 
target chemical’s class or value can be predicted using the decision tree’s 
training model by applying a set of rules derived from the data used to 
train the model. Many aspects of ML, such as classification and regres
sion, have been influenced by trees because of their numerous real- 
world analogs. The decision tree begins its analysis at the node repre
senting the tree’s root to make an educated guess on the record’s class 
label [59]. Check whether the value of the root attribute is the same as 
the value of the attribute in the record. Trees have influenced many 
areas of machine learning due to their abundance of real-world analogs, 
particularly in classification and regression. The root node of the deci
sion tree is where the process of determining the record’s class label 
begins. Verify that the attribute value in the record corresponds to the 
root attribute value. The discrete or continuous nature of the data being 
worked with determines the problem-solving approach taken by the 
method. Trees have influenced many areas of machine learning due to 
their abundance of real-world analogs, particularly in classification and 
regression. The root node of the decision tree is where the process of 
determining the record’s class label begins. Verify that the attribute 
value in the record corresponds to the root attribute value. If the value 
you compared it to differs from what you expected, take the branch to 
the next node. The discrete or continuous nature of the data being 
worked with determines the problem-solving approach taken by the 
method on the nature of the data being worked with, it can solve 
problems in either the discrete or continuous setting. Due to the cate
gorical nature of the data, the ID3 method can only be replicated using 
the WEKA tool. This is significant in terms of the features of decision 
trees. ID3′s simulation environment does not support continuous data 
sets. Both CART and C4.5 share some of ID3′s characteristics. C4.5 is 
superior to CART because it allows continuous data sets to be used in 
simulations, whereas CART does not. The decision tree lays out all the 
options clearly and displays their progression in a single diagram, 
making it easy to compare and contrast the various possibilities. One of 
its benefits is that it is open and honest. Selecting more biased physi
ologies and their intuitive nature are two additional benefits. The ease of 
categorization and interpretation is another plus. Decision trees can 
achieve excellent results by using variable screening and feature sec
tions. There is zero impact of non-linearity on the performance char
acteristics of the decision tree. Decision tree techniques are used to 
classify the characteristics into different buckets to establish whether a 
split is the “best” option. Because each branch must use the same cri
terion for splitting, the resulting partition is as clean as practically 
possible [60]. 

2.12. Random Forest 

Random Forest (RF) is an ensemble learning method that uses mul
tiple decision trees to produce a more reliable and accurate model. 
Particularly useful for classification and regression. Since RF has proven 
effective and useful in many contexts, it has quickly become the most 
prominent ML algorithm. RF is more accurate, and with this, it can offer 
much higher accuracy on a wide range of data sets, and it is robust to 
noise and outliers, as it is not sensitive like other machine learning al
gorithms. In addition, it is easy to understand and interpret for begin
ners, and its versatile nature provides applicability for various tasks, 
including classification, regression, clustering, and feature selection 
[61]. Leo Breiman proposed the Random Forest (RF) algorithm in 2001. 
Breiman’s original paper, “Random Forests,” introduced the concept of 
ensemble learning using decision trees. Due to limitations in categoriz
ing and computing important metrics, RF is used for quantile prediction, 
survival analysis, and causal inference. It is also used in agriculture, land 
cover classification, remote sensing, ecology, wetland classification, 
bioinformatics, genomics, and QSAR. The success of Random Forest and 
its derivatives in these applications can be attributed to its ability to 
handle non-linear relationships, capture interactions between multiple 
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variables, and handle noisy or incomplete data [62]. It’s important to 
note that while Random Forest is powerful, its performance depends on 
proper data preprocessing, feature engineering, and hyperparameter 
tuning to suit the specific water resource application. 

2.13. Software available for QSAR 

A limited collection of well-known databases, websites, and software 
tools, both free and commercial, that can be utilized in QSAR research is 
provided in Table 3. 

2.14. Application of AI in pharmaceutical industries 

Applications of AI in drug discovery, development, manufacturing, 
and marketing are reshaping the pharmaceutical industry at a rapid 
pace. Especially, the pharma industry drug discovery process is being 
sped up with the help of AI by means of the detection of novel drug 
targets, the creation of novel molecules, and the prediction of the safety 
and efficacy of these drugs. It is highly likely that the application of this 
technology will have an even more significant impact on the pharma
ceutical industry as the field of artificial intelligence continues to 
progress. Finding new drugs, developing new drugs, and manufacturing 
drugs are all processes that artificial intelligence could completely 
revolutionize. This includes the finding of new drugs and the develop
ment of new drugs. This could lead to the development of new treat
ments for diseases as well as improved patient outcomes. Applying 
artificial intelligence could fundamentally change these procedures and 
enhance decision-making throughout the drug lifecycle. Some of the AI 
tools are available online for making the drug discovery in more accu
rate and ease are provided in the Table 4. It’s important to note that AI 
tools in drug discovery often require access to large and diverse datasets, 
as well as validation through experimental testing. 

2.15. Blockchain technology integrated AI for drug discovery 

The pharmaceutical sector and the process of creating new medicines 
could benefit greatly from the use of blockchain technology. The 
decentralized and immutable ledger architecture of blockchain can 
improve the security and integrity of sensitive drug-related data [63]. 
This is critical in medication design, because data accuracy and privacy 
are critical. Researchers can safely store and share data without fear of 
illegal access or data modification[64]. Clinical trial data management 
can be streamlined using blockchain. A blockchain can record patient 
permission, data collection, and results, assuring transparency and 
preventing data tampering[65,66]. This has the potential to improve the 
trustworthiness of clinical trial results. While the potential benefits of 
blockchain technology in medication design and the pharmaceutical 
business are substantial, it is crucial to stress that adopting blockchain 
solutions in a highly regulated and complex subjects like healthcare and 
drug research is fraught with difficulties. Scalability, interoperability 
with existing systems, regulatory compliance, and industry-wide adop
tion requirements are all hurdles[67,68]. Nonetheless, as blockchain 
technology matures, its uses in drug creation are anticipated to expand, 
opening up new avenues for creativity and data security in the area. By 
combining the transparency, security, and collaboration capabilities of 
blockchain with the data analysis and prediction capabilities of AI, the 
drug discovery process can become more efficient, cost-effective, and 
trustworthy[69,70]. 

2.16. Limitations of AI in pharmaceutical industries 

Meanwhile, the AI and AI-based technology revolution has created 
constraints in the pharmaceutical industry. In the pharmaceutical in
dustry, where data is often siloed and difficult to access, the uncertainty 
of the quantity and quality of data poses a significant challenge when 
training AI models on these smaller datasets. In addition, AI models are 

Table 3 
QSAR programs available for Ligand-based approaches.  

S. 
No 

Program Named for Summary and Link 

1. ECOSAR Ecological Structure 
Activity Relationships 

The United States 
Environmental Protection 
Agency (EPA) and Syracuse 
Research Corporation 
created this software to 
foretell the aquatic toxicity 
of industrial chemicals. 
https://www.toxit. 
it/en/services/softwa 
re/ecosar 

2. ChemACE The Chemical Assessment 
Clustering Engine 

It’s made to help with read 
across and data gap filling 
for untested substances, as 
well as reviewing and 
prioritizing large chemical 
inventories. 
https://www.epa.gov/tsc 
a-screening-tools/chemic 
al-assessment-clustering 
-engine-chemace 

3. ChemSTEER Chemical Screening Tool 
for Exposures and 
Environmental Releases 

It can calculate hazards to 
workers and the 
environment from chemical 
production and use. 
https://www.epa.gov/tsc 
a-screening-tools/chemsteer 
-chemical-screening-tool 
-exposures-and-enviro 
nmental-releases 

4. EPI Suite™ Estimation Programs 
Interface 

Predicts the physical/ 
chemical property and 
environmental fate 
estimation programs 
https://www.epa.gov/ts 
ca-screening-tools/epi-s 
uitetm-estimation-pro 
gram-interface 

5. QSPR- 
Thesaurus 

CAse Studies on the 
Development and 
Application of in Silico 
Techniques for 
Environmental Hazard and 
Risk Assessment 

It exemplify REACH-related 
hazard assessments for four 
classes of chemical 
compound, namely, 
polybrominated 
diphenylethers, per and 
polyfluorinated compounds, 
(benzo)triazoles, and musks 
and fragrances. 
https://cadaster.eu/node 
/118.html 

6. ReachScan Estimate the Surface water 
chemical concentrations in 
drinking water utilities 
downstream from 
industrial facilities 

ReachScan will estimate 
chemical concentrations in 
single or multiple stream 
(segments) reaches by 
simple dilution or using 
simple fate algorithms. 
https://www.epa.gov/tsc 
a-screening-tools/reachsc 
an-exposure-assessment-mo 
del 

7. OSIRIS 
property 
Explorer 

Drawing the Chemical 
Structure 

The OSIRIS Property 
Explorer lets you draw 
chemical structures and 
calculates on-the-fly various 
drug-relevant properties 
whenever a structure is 
valid. 
https://www.organic-chem 
istry.org/prog/peo/ 

8. OECD QSAR 
Toolbox 

QSAR Tool Box Toxicological predictions 
based on qualitative and 
quantitative 
structure–activity 
relationship methods, 
including read-across, are 

(continued on next page) 
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predictive and have the potential to be biased, which can lead to inac
curacies that, despite their apparent insignificance, can have major re
percussions. Concerns are being raised by regulatory bodies in the 
pharmaceutical industry about the use of artificial intelligence in 

adhering to regulatory guidelines and approval standards. This con
tributes to an increase in the level of complexity associated with the 
approval process for new drugs. Interpreting certain types of artificial 
intelligence models, particularly deep learning models, can be difficult. 
As a result of this lack of interpretability, it can be difficult to understand 
how AI arrived at a particular decision or recommendation, which 
makes it difficult for regulators, healthcare professionals, and patients to 
trust AI-based solutions and adopt them. Concerns about patient pri
vacy, informed consent, and the possibility of discrimination are raised 
in relation to artificial intelligence (AI). The gathering of patient infor
mation for the purpose of gaining AI-driven insights must be carried out 
in a responsible and transparent way. In many cases, AI models possess 
different in-depth domain expertise than pharmaceutical researchers 
and clinicians. This can result in solutions being generated by AI that are 
correct from a technical standpoint but have no clinical relevance or 
applicability in the scientific world. Moreover, investing in computa
tional resources and knowledgeable personnel to create and maintain AI 
systems can be a financial constraint. Due to limited resources, smaller 
pharmaceutical companies may struggle to adopt AI to the trends 

Table 3 (continued ) 

S. 
No 

Program Named for Summary and Link 

made accessible to the user 
in a clear and 
understandable format by 
the OECD QSAR Toolbox. 
https://www.oecd.org/che 
micalsafety/risk-assessment 
/oecd-qsar-toolbox.htm 

9. ToxPredict Toxicity Prediction Several (Q)SAR models 
were built with OPENTOX 
for several REACH 
endpoints (carcinogenicity, 
mutagenicity, aquatic / fish 
toxicity, LogP). 
https://old.opentox.org/ 
dev/testing/testcasedev 
elopment/ toxpredict 

10. VEGA Virtual models for property 
Evaluation of chemicals 
within a Global 
Architecture  

Property evaluation for 
chemicals based on the 
assessment values. 
https://www.vegahub. 
eu/portfolio-item/v 
ega-qsar/ 

11. ToxTree Toxicity Data Toxtree is a feature-rich, 
adaptable, and user-friendly 
open-source program that 
uses a decision tree 
methodology to estimate 
toxic hazard. 
https://toxtree.sourceforge. 
net/ 

12. QSAR 
TOOLBOX 

QSAR Tool Box The purpose of QSAR 
Toolbox is to help 
governments, the chemical 
industry, and other 
interested parties fill in the 
gaps in (eco)toxicity data 
necessary for evaluating the 
risks posed by chemicals. 
https://qsartoolbox.org/ 

13. Dragon Descriptor based QSAR DRAGON provides more 
than 1,600 molecular 
descriptors divided into 20 
logical blocks to help the 
user to manage multiple 
descriptors. 
https://www.talete.mi.it/pr 
oducts/dragon_description. 
htm 

14. Phase ATOM and Pharmacophore 
based 3D QSAR 

The PHASE pharmacophore 
and 3D QSAR models allow 
for the efficient extraction of 
actives from a prototypical 
database, the rationalization 
of structure–activity data, 
and the prediction of the 
activity of new compounds. 
https://www.schrodinger. 
com/products/phase 

15. VolSurf+ ADME and 
Pharmacokinetic modeling 

From the 3D Molecular 
Interaction Fields (MIFs) 
generated by the GRID 
software, VolSurf +
generates 128 molecular 
descriptors that are both 
relevant to ADME 
prediction and easy to 
interpret. 
https://www.moldiscovery. 
com/software/vsplus/  

Table 4 
Name of the AI tools that supports modern Drug Discovery.  

S. 
No 

Name of AI 
Tool 

Application Website 

1 AtonNet Providing advanced 
computing facility 
with the 
incorporation of AI 

https://atos.net/en/artificial-int 
elligence 

2 DeepTox Pipeline for 
predicting toxic 
effects of chemical 
compounds 

https://bioinf.jku.at/research 
/DeepTox/tox21.html 

3 DeepChem Python library for 
machine learning and 
deep learning on 
molecular and 
quantum datasets 

https://deepchem.io/ 

4 DeepPurpose Deep Learning Based 
Drug Repurposing 
and Virtual Screening 
Toolkit (using 
PyTorch). 

https://deeppurpose.readthedocs. 
io/en/latest/ 

5 Chemical 
VAE 

AI tool for machine 
learning of molecular 
properties 

https://github.com/aspuru-guzik 
-group/chemical_vae 

6 DEEPConV- 
DTI 

Neural Networks for 
Drug-Target 
Interaction prediction 

https://github.com/GIST-CS 
BL/DeepConv-DTI 

7 Deep 
Screening 

For constructing deep 
learning models using 
public dataset or user 
provided dataset to 
search new 
compounds 

https://deepscreening.xielab.net/ 

8 ODDT Machine learning 
scoring functions (RF- 
Score and NNScore) 
to develop CADD 
pipelines 

https://github.com/oddt/oddt 

9 AIDDISON™ An integrated and 
easy-to-use tool for 
lead identification 
that brings together a 
suite of tools for 
modeling, docking 
and scoring molecules 

https://www.sigmaaldrich.com 
/IN/en/ 

10 AMPL Software pipeline for 
building and sharing 
models to further in 
silico drug discovery 

https://github. 
com/ATOMScience-org/AMPL 
#AMPL-Features 

11 AlphaFold The solution for the 
protein folding 
problem 

https://www.deepmind.com/rese 
arch/highlighted-research/alph 
afold  
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followed by giant large cap pharma companies, which may create 
technology gaps. 

2.17. Future potential of AI for the pharmaceutical sectors 

Artificial intelligence (AI) has tremendous transformative potential 
in the pharmaceutical industry and is poised to revolutionize many 
facets of the industry, including drug discovery, development, 
manufacturing, and patient care. More advanced forms of AI will 
continue to revolutionize the pharmaceutical industry by facilitating 
more rapid, efficient, and patient-centered drug development and 
healthcare delivery. In the future, the addition to accelerating the 
identification of potential therapies, AI can fasten the drug discovery 
process by accurately predicting drug candidates and optimizing their 
properties. Personalized treatment approaches based on individual ge
nomics and health records will be made possible by AI’s ability to 
analyze such large amounts of genomics data. It has the potential to 
improve patient recruitment, trial design, and monitoring, all of which 
contribute to faster, less expensive clinical trials. In addition, AI models 
can improve their accuracy over time by continually learning from new 
data and adjusting to advances in medical and scientific understanding. 
However, maximizing the benefits of AI in the pharmaceutical industry 
will require resolving issues of data privacy, bias, regulatory compli
ance, and transparency. In addition to these factors, scientific expertise 
needs to advance and update to compete with AI trained models, and a 
failure to integrate AI methods in the pharmaceutical industry could 
result in the loss of jobs, and this may be highly witnessed in the future. 

3. Conclusion 

The rapid development of AI technology has been catalyzed by ad
vancements in AI algorithms, particularly in deep-learning approaches. 
These advancements, along with increasing architectural hardware 
specialization (such as GPUs, TPUs, and large-scale parallel computing), 
and the availability of big data, have also contributed to the acceleration 
of this development. The success of recent efforts in natural language 
processing, image and voice recognition, and other areas has brought 
the topic to the attention of a wider audience, which has led to an in
crease in optimism. In many domains, artificial intelligence has already 
surpassed the performance of human specialists. Despite the progress 
made so far, we should approach the use of AI in drug discovery with an 
open mind due to the many obstacles that still need to be overcome. In 
particular, the acquisition of sufficient, high-quality, problem-specific 
data remains a significant barrier to the success achieved in other fields 
where AI has been applied and a major challenge in AI-assisted drug 
discovery. It will take the combined efforts of researchers working on 
artificial intelligence, pharmaceutical industry professionals, govern
ment regulators, and policymakers to overcome these challenges. Inte
grating artificial intelligence (AI) in a responsible and fruitful manner 
into the pharmaceutical industry requires forethought, rigorous vali
dation, and an ethical framework. Artificial intelligence is still a rela
tively new technology; however, it has the potential to revolutionize the 
process of drug discovery and development. In the years to come, we can 
anticipate seeing an even greater variety of cutting-edge applications of 
AI technology in this sector as the underlying technology for AI con
tinues to advance. 
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