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Abstract

This manuscript serves as a comprehensive review paper examining the theoretical potential and practical applications of artificial intelligence
(AI) and machine learning (ML) in molecular analysis. The purpose of this study is to synthesize existing knowledge, highlight advancements in
AI/ML algorithms for molecular structure prediction, and identify future directions in the field. The significance of this review lies in its focus on
bridging molecular data with AI/ML methodologies, aiming to accelerate chemical and biological research processes with enhanced accuracy.
This article examines how AI and ML techniques allow accelerating and improving the accuracy of chemical and biological processes. In
particular, these methods are used to predict the chemical structure, biological activity, and protein structure of molecules. Various data types
such as molecular dynamics simulations, spectroscopy, and cheminformatics data are discussed in relation to Al and ML algorithms. Additionally,
the revolutionary contributions of deep learning algorithms in areas such as molecular representations, drug design, and protein structure
prediction are highlighted. The effectiveness of reinforcement learning and graph-based models in the prediction and optimization of chemical
reactions is also discussed. In conclusion, the use of Al and ML in molecular analyses is expected to expand into broader areas of scientific and
industrial research in the future.
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1. Introduction

1.1. Definition of artificial intelligence and machine
learning

1.2. The power of machine learning algorithms
One of the advantages of ML algorithms is the ability to

Definition of Artificial Intelligence and Machine work effectively on large data sets. While traditional
Learning Artificial intelligence (Al) and machine data analysis methods are usually successful with
learning (ML) have become the focus of scientific limited sample sizes, ML algorithms go beyond these

research in recent years and have brought about
significant changes in complex and data-intensive
processes such as molecular analysis. Al is defined as the
imitation of complex tasks based on human intelligence
by computer systems, while machine learning refers to
the ability of these systems to improve themselves by
learning from data [1]. ML, as a sub-branch of Al,
enables computers to learn patterns and relationships
from data sets, thus enabling them to continuously
improve their performance on specific tasks. In
particular, supervised and unsupervised learning

methods are widely used in molecular analysis [2].

limitations and can process huge data pools [3].
Especially in molecular analysis, this means that
algorithms can analyze the chemical and physical
properties of thousands or even millions of molecules. In
addition, these algorithms play an active role in
predicting the potential behavior and reactions of
molecules [4].

However, ML algorithms continuously improve the
learning processes of artificial intelligence systems. For
example, deep learning techniques provide more
accurate results by better understanding structural
details in molecular image analysis [5]. This allows
molecular analysis to be more predictable, fast and
efficient.
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2. Historical development of artificial
intelligence and machine learning

2.1. Early studies

The concepts of artificial intelligence and machine
learning were born in the mid-20th century at the
intersection of mathematics, computer science, and
neurology. First, Alan Turing's "Turing Test" and John
von Neumann's theories of automatic computation
introduced the idea that computers could exhibit
human-like intelligence [6]. Simple algorithms
developed in the 1950s and 1960s worked with limited
data sets to perform specific tasks. Artificial intelligence
studies at the time focused more on symbolic logic and
rule-based systems [1].

Machine learning began to take shape in the late
1950s. Arthur Samuel first used the term "machine
learning” in 1959 while working at IBM to explain that
computers could learn from experience and improve [7].
Samuel's checkers-playing program embodied the basic
principles of ML in that it learned from its own mistakes
and improved its performance over time. This is
considered the first example of the ability to "learn”
which is the basis of today's machine learning
algorithms [8].

2.2. Current practices

Today's artificial intelligence and machine learning
technologies are quite different from the rule-based
systems of the early days. In particular, new generation
techniques such as deep learning and artificial neural
networks have made great strides thanks to their
capacity to handle large data sets. After the 2010s, deep
learning has achieved significant success in areas such as
image and voice recognition. In 2012, a deep learning
model called AlexNet revolutionized the field by
achieving great success in image recognition in the
ImageNet competition [9].

Machine learning algorithms have become widely
used, especially in bioinformatics and molecular
analysis. Methods such as artificial neural networks,
support vector machines, and random forest algorithms
have made great advances in areas such as the prediction
of properties of chemical compounds, protein structure
prediction, and drug discovery [10,11]. At the beginning
of the 21st century, the increase in computing power and
the availability of large datasets enabled the rapid
development of artificial intelligence and machine
learning technologies [12].
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3. Data types used in molecular analysis

3.1. Spectroscopy data
Spectroscopy is one of the most widely used techniques
in molecular analysis, and spectral data is used to
analyze the physical and chemical properties of
molecules. These data contain important information to
understand the molecule's energy, electron distribution,
and bond structures [13]. Traditionally, analyzing this
data can be time-consuming and error-prone. However,
when artificial intelligence and machine learning
algorithms have been used to process this data, the
results have become much faster and more accurate [14].
For example, Raman spectroscopy data can be
analyzed with machine learning algorithms and used for
molecular structure prediction. Such algorithms save
both time and cost by extracting meaningful patterns
from complex data [15]. In addition, the capacity of ML
algorithms to detect anomalies while analyzing spectral
data is an important factor that increases the accuracy of
molecular analysis.

3.2. Molecular dynamics data

Molecular dynamics is another important field that
studies the motion of molecules over time. The data
obtained in this field are of large size and complexity.
Molecular dynamics simulations are often used to
analyze the interactions of thousands of molecules, and
these analyses are computationally intensive [16].
Machine learning algorithms stand out as an excellent
tool for analyzing these complex data structures [17].

In particular, deep learning methods have been
effective in processing molecular dynamics data and
have provided important insights into new molecular
structures and dynamic behaviors [18]. By processing
this data, ML allows the prediction of molecular
behaviors and the prediction of the properties of new
molecules.

3.3. Cheminformatics data

Cheminformatics involves the use of computer
technologies to store, process, and analyze chemical
information for molecular analysis [19]. The data types
in this field are usually based on the structural properties
of molecules. Data representations such as ECFP
(Extended-Connectivity ~FingerPrint) and Morgan
FingerPrint are used to describe different structural
features of molecules. These data representations are
analyzed by artificial intelligence and machine learning
algorithms and used in areas such as classification of
molecular structures, drug discovery, and toxicity

prediction [20].
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ML algorithms are also used to identify similarities
and differences between molecules in cheminformatics
data. This is particularly important for identifying new
drug candidates and predicting chemical reactions. By
working with large cheminformatics datasets, Al
systems can predict the behavior of new molecules and
accelerate drug discovery processes [21].

4. Use of artificial intelligence and machine
learning algorithms in molecular analysis

4.1. Support Vector Machines (SVM)

Support Vector Machines (SVM) is a powerful machine
learning algorithm widely used for classification and
regression tasks. In molecular analysis, SVM algorithms
have been used with particular success in tasks such as
classifying molecular structures and predicting
molecular properties. Briefly, the algorithm draws a line
to separate points on the training data placed on a plane,
and this line is planned to be the maximum distance for
the points of the two classes to be separated (Fig. 1). SVM
works by creating a hyperplane to separate the data into
two classes and can model complex relationships
between molecules. It is a method frequently used in
molecular biology, especially in areas such as prediction
of protein-protein interactions and classification of drug

candidates [22].
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Figure 1. Support Vector Machine Algorithm

One of the biggest advantages of SVM in molecular
analysis is that it can work effectively even with small
data sets. While molecular analyses usually involve large
datasets, in some rare cases there may be a limited
number of data samples. In such cases, SVM minimizes
the risk of overfitting and produces more accurate
results [23]. Especially in drug discovery studies with
small data sets, SVM stands out as an effective
classification method [24].
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4.2. Decision trees and random forests

Decision trees are an algorithm that extracts decision
rules by partitioning data sets and thus performing
classification or regression (Fig. 2). It is used in molecular
analysis, especially in areas such as classification of
compounds, toxicity prediction, and characterization of
biomolecules [1]. Decision trees make distinctions
between molecules based on each feature of the data set
and thus classify the results.
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Figure 2. Decision Tree Algorithm

Random forests are a machine learning algorithm in
which multiple decision trees work together to make
more accurate predictions (Fig. 3). The random forest
algorithm is widely used in molecular analysis, often
applied in toxicity prediction, predicting the activity of
new molecules and analyzing the dynamics of chemical
reactions [25]. The random forest algorithm shows high
performance on large datasets by analyzing a large
number of molecules simultaneously. Since the data
density in molecular analysis is quite high, the random
forest algorithm stands out as an important tool that can
work effectively with big data [26].

17 Dataset
2 /l\
)

J

2D ¢ [/ ™
| ] § ]
& &
AR A A G A B PN /t\\ ,—'L'\‘
| ) | il ) ( ) - ) ( ) ) | )
& & N @ O S & &
a 4 : Y S 4
( ) ( ( ) ( ) { ) ( ) | ( ) ) ( ) )
4 3 4 4 . 4 Y o K _
Decision Tree 1 Decision Tree 2 Decision Tree 2

Result 1 Result 2

\—> Majority Voting / Averaging

l

Final Result

Result 3

-

Figure 3. Random Forest Algorithm

4.3. Artificial neural networks (ANN)

Artificial neural networks are an algorithm based on
data learning and classification that mimics the working
principles of nerve cells in the human brain (Fig. 4).
Artificial neural networks, which form the basis of deep
learning methods, have become a powerful tool in

63



Avcu

molecular analysis. In particular, multilayer perceptrons
(MLP) and deep learning methods are used for modeling
molecular  structures
relationships [5].

and predicting complex

hidden layers

output layer
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Figure 4. Artificial Neural Networks (ANN)

MLP and deep neural networks can learn patterns in
molecular data through a large number of hidden layers.
Therefore, they are effectively used to analyze chemical
structures, protein relationships
between biomolecules. For example, neural networks are
highly successful

interactions, and

in modeling chemical reaction
dynamics, drug discovery and predicting the behavior of
biomolecules [27]. Moreover, the performance of deep
neural networks in analyzing complex structures makes
these algorithms indispensable for the future of
molecular analysis [28].

4.4. Deep learning and convolutional neural networks
(CNN)

Deep learning has achieved great success, especially in
analyzing large data sets. Convolutional
Networks (CNN) are particularly effective deep learning

Neural

algorithm for processing image data and are also used in
molecular analysis (Fig. 5). CNN gives successful results
in visualization of molecular structures, modeling of
protein structures, and biomolecular image analysis [29].

CNN algorithms are widely used for 3D structure
recognition and image analysis of biomolecules. In
particular, CNN plays an important role in analyzing the

Input Convolutional layers
................................................. %
r . r .
Convolutional Pooling
filter layer

Figure 5. Convolutional Neural Networks
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folding process of proteins,
simulations, and studying the interactions of drug

molecular dynamics

molecules with biomolecules [30]. Effective processing
and analysis of such big data in molecular analysis has
become possible with deep learning algorithms.

4.5. Reinforcement learning

Reinforcement learning is a machine learning
methodology based on interactions between an agent
(computer program) and its environment (Fig. 6). It is
used in molecular analysis, especially in areas such as
optimization of chemical reactions and design of new
molecules [31]. Reinforcement learning algorithms can
make better predictions about molecular structures and
chemical reactions by working on a reward and
punishment system. It is an effective method for finding
optimal solutions, especially in
biomolecular processes.
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Figure 6. Reinforcement Learning

For example, during the discovery of new drug
molecules, reinforcement learning algorithms can help
identify the most efficient chemical structures by
optimizing molecular interactions. They can also be used
in molecular dynamics simulations to find the most
efficient paths of molecules during a given reaction [32].
The flexible nature and learning capabilities of these
algorithms can be widely applied in different areas of
molecular analysis.
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5. The role of artificial intelligence and
machine learning in predicting molecular
structures

5.1. Chemical structure prediction

Artificial intelligence and machine learning have an
increasing importance in the prediction of chemical
structures. In particular, the determination of molecular
structures and the association of these structures with
certain properties can be done more precisely and
quickly thanks to artificial intelligence algorithms. For
example, the high cost of calculations using quantum
chemistry methods can be greatly reduced by artificial
intelligence and machine learning algorithms.

In particular, graph-based machine learning
algorithms are widely used to predict structural
properties of molecules using graph representations of
chemical compounds. By analyzing molecular graph
representations by artificial intelligence models, the
structure and properties of new molecules can be
predicted. This offers great potential in areas such as
drug discovery and materials science [33].

5.2. Protein structure prediction

Protein structure prediction is one of the common uses
of artificial intelligence and machine learning algorithms
in biomolecular research. Especially the folding
processes of proteins and the prediction of 3D structures
pose great challenges in this field. However, deep
learning-based Al algorithms such as AlphaFold have
[30].
AlphaFold has contributed to the advancement of
biomolecular research by predicting the 3D structures of
proteins with high accuracy.

revolutionized protein structure prediction

Protein structure prediction plays a critical role,
especially in drug discovery and understanding
biological processes.
interactions, artificial intelligence algorithms allow the
better

By analyzing protein-protein

discovery of new biomolecules and a

understanding of biological processes [30].

6. Applications of artificial intelligence and
machine learning in molecular dynamics
simulations

Accurate prediction and optimization of molecular
properties is critical in drug discovery, materials science,
and biomolecular processes. Artificial intelligence (AI)
and machine learning (ML) techniques are used to
predict the chemical and biological properties of
molecules, providing effective results in these processes.
Especially in the fields of molecular dynamics, quantum
chemistry, and molecular design, Al and ML offer
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significant advantages in terms of speed and accuracy
compared to conventional methods [17,33].

6.1. Molecular activity prediction

Prediction of molecular activity plays a major role,
especially in drug discovery processes. Prediction of the
effects of molecules in biological systems can be time-
consuming and costly with traditional experimental
methods. To overcome these challenges, Al and ML
algorithms have been used to predict molecular
properties and biological activities [27].

One of the common methods used in molecular
activity prediction is to determine the electronic
structures of the molecule by quantum mechanics-based
calculations and analyze how these structures can be
related to biological activity. Artificial neural networks
and support vector machines (SVM) are powerful tools
for understanding the complex relationships between
molecular properties and biological activities [34]. For
example, QSPR (Quantitative  Structure-Activity
Relationship) models are widely used to determine the
relationships of molecular structures with biological
activities [35].

6.2. Molecule design and optimization

The design and optimization of new molecules is of vital
importance in fields such as drug discovery and
materials science. ML algorithms enable the analysis of
chemical properties and the generation of optimized
chemical structures that can be used in the design of new
molecules. Reinforcement learning and genetic
algorithms are some of the most popular methods used
in this field [32].

Reinforcement learning is used to optimize the
properties of molecules and design more effective
structures using a reward and punishment system. This
method can be effective in predicting the effects of new
molecules on biological systems. Reinforcement learning
algorithms are frequently used to create new chemical
structures and ensure that these structures exhibit
specific biological activities [36].

Especially in molecule design processes, artificial
intelligence and machine learning algorithms provide a
better understanding and optimization of chemical and
biological processes. Deep learning algorithms make
important contributions to the discovery of new
biomolecules by analyzing molecular structures [37].

6.3. Quantum chemistry and artificial intelligence

Quantum chemistry is a fundamental tool used to
determine the electronic properties
structures and to understand chemical reactions.
However, since such calculations often require high
computational power, Al and ML algorithms are used to

of molecular
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speed up quantum chemistry calculations and analyze
larger datasets [17].

In particular, deep learning methods are an effective
tool for optimizing quantum chemistry calculations of
molecular structures. Deep learning algorithms can be
used to predict molecular energy levels, orbital
structures, and other electronic properties. Such
algorithms reduce computational costs in quantum
chemistry, allowing for faster and more precise

predictions [18].

6.4. Molecular dynamics simulations

Molecular dynamics simulations are a technique used to
understand the motions and interactions of
biomolecules. These simulations play a major role in
analyzing biomolecular processes. However,
simulations are often very time-consuming and require

high computational power. Al and ML algorithms have

such

been used to accelerate molecular dynamics simulations
and analyze more complex biomolecular systems [38].

Al-based methods reduce simulation times by
predicting the motion of biomolecules. Deep learning
algorithms can predict the evolution of molecular
structures over time by learning the dynamics of
biomolecular processes [39]. Especially the simulation of
protein-protein drug-protein
interactions can be done faster and more precisely with
such algorithms.

interactions and

6.5. Optimization of chemical reactions
Optimization of chemical reactions is an important
challenge in chemistry and materials science. Artificial
intelligence and machine learning algorithms are used to
make chemical reactions more efficient and optimize
them. For example, ML algorithms can be used to predict
the probability and conditions under which a given
reaction will occur. Such algorithms optimize reaction
rates, making chemical processes more efficient [40].
ML algorithms are used to discover and optimize
new pathways, especially in chemical synthesis. In the
analysis of chemical reactions, deep learning methods
allow a better understanding of reaction mechanisms
and can be used to discover new reaction pathways [41].

7. The role of artificial intelligence and
machine learning in predicting chemical
reactions

Accurate prediction of chemical reactions is of great
importance in the fields of chemistry and biochemistry.
Al and ML are increasingly being used in these
prediction processes, offering new ways to better
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kinetics, and

mechanisms of reactions.

understand  the thermodynamics,

7.1. Chemical reaction kinetics and thermodynamics
Chemical reaction kinetics studies the rate of a reaction
and what factors influence this rate. While traditional
methods need experimental data to predict reaction
rates, artificial intelligence and machine learning can
predict these processes without the mneed for
experimental data. For example, deep learning models
are used to predict rate constants and energy barriers of
[40]. This greatly accelerates
experimental processes and provides a great advantage
for the discovery of new chemical reactions.

chemical reactions

Thermodynamic properties of chemical reactions can
also be predicted with machine learning algorithms. Free
energy calculations and thermodynamic equilibria can
be calculated faster and more accurately with ML
models [42]. Thermodynamic equilibrium determines
which products chemical reactions lead to and how
stable these products are. Such calculations can be much
less costly and time efficient than traditional methods.

7.2. Analysis of mechanisms of chemical reactions

The mechanisms of chemical reactions are processes that
explain how bonds between molecules are broken and
how new bonds are formed. Accurate modeling of these
mechanisms is of great importance, especially in areas
such as drug design and the discovery of new materials.
Artificial intelligence and machine learning algorithms
offer powerful tools for modeling and predicting the
mechanisms of chemical reactions. Graph-based models
and natural language processing (NLP) techniques can
contribute to a better understanding of chemical reaction
mechanisms [43].

By analyzing the steps of chemical reactions, graph-
based machine learning algorithms can accurately
predict which molecules will turn into which products.
These algorithms have accelerated the understanding of
organic reactions and the discovery of new chemical
pathways. This provides a significant advantage in the
discovery of new drugs and materials. At the same time,
NLP techniques automatically analyze the mechanisms
of chemical reactions found in the scientific literature,
making the understanding of these processes faster and
more efficient.

7.3. Optimization of chemical reactions

Optimization of chemical reactions
determining the conditions necessary to make a given
reaction more efficient. This includes optimizing

involves

temperature, pressure, catalyst usage, and other reaction
conditions. Artificial intelligence and machine learning
algorithms are becoming increasingly common in these
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optimization processes. In particular, reinforcement
learning algorithms are used to determine the optimal
conditions for chemical reactions [44].

Reinforcement learning helps to identify the optimal
conditions to increase the efficiency of a reaction using a
reward-punishment mechanism. For example, it is
possible to determine which catalyst performs best for a
chemical reaction to occur with maximum efficiency and
at what temperature the reaction proceeds fastest. These
optimization processes can lead to huge economic gains
by increasing efficiency, especially in areas such as
industrial chemistry and pharmaceutical production.

8. Contributions of deep learning to
molecular modeling

In recent years, deep learning (DL) algorithms have
made great progress in the fields of artificial intelligence
and machine learning and have revolutionized many
scientific fields. Molecular modeling is one of these
fields. Deep learning offers significant advantages in
modeling, prediction, and simulation of complex
molecular structures. In this chapter, the contributions of
deep learning methods in molecular modeling and
biomolecular processes will be discussed.

8.1. Use of deep learning in molecule representation
Accurately representing the structural properties of
molecules is a critical step for the success of artificial
intelligence and machine learning models. While
traditional molecular representation methods deal with
molecules in data formats such as simple line structures
or atomic coordinates, deep learning algorithms can
produce more complex and meaningful representations.
In particular, graph-based deep learning methods
represent the atomic and bond structure of molecules as
graph nodes and edges [33].

Such graph-based representations allow for more
accurate prediction of chemical reactions and biological
activities of molecules. Methods such as Message
Passing Neural Networks (MPNNs) can perform
learning based on graph representations of molecules
and model the properties of chemical structures. This is
recognized as an important innovation in molecular
simulations [18].

8.2. Prediction of molecular properties with deep
learning

Deep learning algorithms achieve successful results in
predicting the electronic and chemical properties of
molecules.  Especially in quantum chemistry
calculations, deep learning methods can predict the
energy levels, polarizations, and orbital structures of
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molecules. Such predictions are faster and less costly
compared to traditional computational methods[12].

For example, predicting molecular energy levels
using deep neural networks (DNNs) and convolutional
neural networks (CNNs) replaces quantum chemistry
calculations and accelerates the simulation of chemical
reactions. Such prediction models allow to more
accurately model the probability of chemical reactions
and their outcomes [18].

8.3. Drug design with deep learning

Drug design processes rely on accurate analysis of
chemical and biological interactions. Deep learning
algorithms play an important role in the design of new
drug molecules and the prediction of their interactions
with biological targets. Especially in de novo drug
design processes, deep learning methods accelerate and
optimize the discovery of new biologically active
molecules [32].

The genetic algorithms used in these processes can be
integrated with deep learning models to predict how
new molecules will function in biological systems. In
particular, generative models are used to create new
molecular structures suitable for biological targets. This
has ushered in a new era in the design of biomolecules
[37].

8.4. Protein structure prediction and deep learning

Protein structure prediction is an important field for
The three-
dimensional structures of proteins determine their
biological activity and function. Deep learning
algorithms have made great advances in the field of
protein structure prediction. In particular, deep learning
models such as AlphaFold have the capacity to

understanding biomolecular processes.

accurately predict the three-dimensional structure of
proteins [30].

AlphaFold has revolutionized the field of protein
structure prediction, achieving significant success in
solving the protein folding problem. This model uses
deep neural networks to predict the final three-
dimensional structure of proteins by analyzing protein
sequences. This has ushered in a new era in protein
design and understanding of biomolecular interactions
[30].

8.5. Accelerating molecular dynamics with deep
learning

Molecular dynamics simulations are a powerful
technique used to model the evolution of biological and
processes However, these
simulations often have high computational costs. Deep
learning algorithms offer effective tools to speed up
these simulations [39].

chemical over time.
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In particular, deep learning methods such as
convolutional neural networks and message passing
neural networks can predict the dynamic motions of
biomolecules and allow molecular dynamics simulations
to be made more efficient. This enables faster and more
accurate analysis of biomolecular processes [18]. Deep
learning also plays an important role in predicting
biomolecular interactions

reactions more accurately [39].

and modeling chemical

9. Performance comparison of algorithms

Machine exhibit
performances in molecular analysis for different data

learning  algorithms superior
types and application areas. The advantages of each
algorithm, the parameters used, and their success rates
are evaluated in a wide range of applications from
molecular dynamics simulations to protein structure

prediction.

Table 1 summarizes the effectiveness of different
algorithms in various applications and provides an
opportunity to compare performance. For example, SVM
work effectively on small data sets, while RF can achieve
high accuracy rates on large data sets and minimize the
risk of overlearning. Deep learning methods, on the
other hand, stand out with high success rates, especially
in the analysis of complex biomolecular structures.

This benchmark aims to guide researchers in
algorithm selection and facilitate the identification of the
most appropriate methods for molecular analysis.
Table 1 summarizes the performance of the algorithms
mentioned throughout the paper, providing the reader
with an application-oriented perspective.

This table compares the performance of different
machine learning algorithms in molecular analysis. It
contains information about the application areas of the
algorithms, the parameters used, and their success rates.
Researchers can use this table to select the most
appropriate algorithm for their own studies.

10. Conclusion

This article addresses the theoretical potential and
current applications of Al and ML in molecular analysis.
The examples reviewed show that Al and ML have
enabled a significant transformation in predicting the
chemical structures, biological activities, and protein
structures of molecules. In particular, these technologies
are characterized by increased speed and accuracy in
experimental processes. The success of deep learning,
reinforcement learning, and graph-based models in
modeling the  kinetics,
mechanisms of chemical reactions indicates that these
areas will become even more important in the future.

thermodynamics, and
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In the future, the impact of AI and ML in molecular
analyses will deepen even further. The integration of
quantum computing and AI models will offer a
significant improvement, especially in the simulation of
chemical processes. This integration will allow more
complex molecules and reactions to be simulated with
high accuracy, opening up new areas of discovery for
researchers. The proliferation of quantum artificial
intelligence algorithms could have groundbreaking
fields of and

consequences in the chemistry

biochemistry.

Furthermore, improvements in data diversity and
quality will increase the accuracy and generalizability of
Al and ML algorithms. Diversification of data sets used
in molecular analyses and the creation of larger data
pools will strengthen the performance and adaptability
of models. Especially in fields such as cheminformatics
and bioinformatics, the creation of large open-access
data sets will increase the wide applicability of Al

In addition, advances in the modeling of biological
systems will lead to significant innovations in areas such
as drug design and personalized therapy. Al and ML
algorithms will enable deeper analysis of the dynamic
processes of biomolecules, and accelerating these
processes will create significant opportunities in
biotechnology.

Ethical aspects of the application of artificial
intelligence and machine learning in molecular analyses
are of great importance to ensure the responsible use of
these technologies. Particularly in an era where
molecular and biological data are increasingly digitised
and shared, care should be taken to protect data
data

preparation or model training can lead to systematic

confidentiality. ~ Algorithmic  bias  during
errors that may undermine the validity of research
results. Furthermore, explainability, which refers to the
understandability of the decision-making processes of
Al models,

transparency of these technologies and build trust.

is a critical element to increase the
Addressing these ethical challenges is essential for the
sustainable development of Al and machine learning
applications and their widespread acceptance in
scientific research.

In conclusion, the role of Al and machine learning in
molecular analysis will expand even further in the
future, enabling new discoveries in chemistry and
biochemistry. Areas such as quantum artificial
intelligence, improving data quality, and more in-depth
modeling of biological processes will be key factors that
will determine the future development of these

technologies.
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Table 1. Performance Comparison of Machine Learning Algorithms

Turk J Anal Chem, 7(1), 2025, 61-70

Ref. Implemented Algorithm Parameters Used Metric Used Success Rate

[4] Molecular Docking Ligand flexibility RMSD 85% (binding accuracy)

[5] Deep Learning Deep neural networks Accuracy 91% (Different data set tests)

[7]  Reinforcement Learning Self-play algorithm Win Rate 90% (in Checker game)

[8]  Decision Tree, Neural Networks Different dataset Accuracy 82% (Overall forecast rate)

[9] Convolutional Neural Network (CNN) Depth, dropout, learning rate Top-1 Accuracy 84% (ImageNet dataset)

[10] Support Vector Machine (SVM) Kernel type (RBF), C value Accuracy 97% (RBF Kernel)

[11] Random Forest Number of trees F1-Score 90% (Complex data classification)

[12] Ensemble Methods Bagging and Boosting Precision, Recall 88% (Trend analysis)

[15] Raman Spectroscopy Spectrum analysis Ssjjr;sclltfll‘;tt}; 92% (Preliminary disease detection)

[16] Particle Mesh Ewald Ewald sums Energy Deviation 85% (Energy calculations)

[17] Kernel Ridge Regression (KRR) Atomic properties MAE 95.3% (MAE < 1 kcal/mol)

[18] Deep Tensor Neural Networks (DTNN) ~ *-tomic C:;’;fgi?;tes’ bond RMSE 98% (Quantum-chemical insights)

[19] Chemoinformatics Ligand basic parameters R2 87% (QSAR estimate)

[20] Extended-Connectivity Fingerprints MOlecu;ZOfiﬁi‘;Eﬂnﬁng Accuracy 89% (Chemical classification)

[21] Virtual Screening Molecular docking Docking Score 82% (Chemical screening)

[22] Support Vector Machine (SVM) Subcellular localization Accuracy 88% (Protein localization)

[23] Support Vector Machine (SVM) Kernel selection Accuracy 87% (Classification accuracy)

[24] Support Vector Machine (SVM) Kernel selection Accuracy 85% (Bioinformatics analysis)

[25] Random Forest Number Ofi;eti maximum MAE 93% (QSAR modeling)

[26] Ensemble Learning Boosting Accuracy 91% (Prediction model)

[27] Generative Models SMILES-based learning Validity 88% (De novo design)

[28] Genetic Algorithm + DNN Populatior;:}i]z;,snumber of Accuracy 92% (Chemical classification)

[29] U-Net Segmentation parameters  Dice Coefficient 95% (Biomedical imaging)

[30] Deep Learning (AlphaFold) Protein sequence length GDT_TS 92% (Protein structure prediction)

[31] Reinforcement Learning State and action space Reward Function 90% (Learning optimization)

[32] Deep Reinforcement Learning Latent space size Docking Score 86% (Molecular design)

[33] ?ﬁ;ﬁﬁ; Passing Neural Networks Atomic and bond properties MAE 96% (Quantum chemistry)

[34] Quantum Machine Learning Electronic structure R2 89% (Molecular activity)

[35] Neural Networks QSAR Accuracy 94% (Target identification)

[36] Deep Learning DDR1 inhibitor detection Accuracy 94% (Target identification)

[37] Generative Adversarial Networks (GANs) Latent spac:aiieze, learning Validity 88% (Molecular design)

[38] Neural Networks High-dimensional energy RMSE 95% (Quantum potential)

surfaces

[39] Machine Learning Molecular simulation MAE 90% (Physical chemistry model)
parameters

[40] Deep Neural Networks Chemical synthesis planning ~ Success Rate ~ 92% (Accurate synthesis prediction)

[41] Random Forest Chemical reaction outputs Accuracy 89% (Organic reaction)

[42] Quantum-based ML Electronic features R2 94% (Chemical compound space)

[43] Random Forest Reaction parameters F1-Score 90% (Organic synthesis model)

[44] Virtual Screening + Experimental OLED design optimization Yield 90% (Organic synthesis model)
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