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ABSTRACT  
The tremendous development in the field of ar8ficial intelligence (AI) is impac8ng all areas of scien8fic research, especially applied sciences. It 
has connected disciplines, leaving no field of science untouched in one way or another. Chemistry has been par8cularly affected, with AI 
permea8ng all areas of chemistry—organic, inorganic, physical, analy8cal, and biological—in addi8on to linking chemistry research with other 
sciences. AI tools have been used extensively in recent years, especially the last decade, to find solu8ons, discover or predict the outcomes of 
reac8ons, develop pharmaceu8cals, conduct chemical synthesis, and in materials science. They offer a more effec8ve alterna8ve to tradi8onal 
methods. It seems we are witnessing significant and clear progress in scien8fic research, industry, and applied fields, reflec8ng the results and 
analysis of the data we provide as fuel for AI algorithms. In this research study, we present the smart face of chemistry specializa8ons, or in 
other words, we highlighted the advancements in chemistry fields supported by modern smart tools and methods. 
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Introduc)on 
It is no secret that chemistry is a central and vital science, 
interac3ng with virtually every aspect of life, from the 
smallest to the largest, and has been based for 
thousands of years on prac3cal research methods. These 
methods rely on experimenta3on and discovery, which 
consume resources, effort, and 3me, and are subject to 
logical deduc3ons based on the results of experiments. 
This presents challenges for researchers in their assigned 
fields. The emergence of ar3ficial intelligence and its 
integra3on into the field of chemistry marked the 
beginning of a leap forward, expanding and facilita3ng 
research in all chemistry disciplines[1,2]. 
Today's research methods rely on predic3ve research 
based on the use of training models, tes3ng, and training 
op3miza3on. For this purpose, algorithms have been 
employed, including machine learning algorithms, deep 
learning algorithms, and algorithms that use both 
methods [3-5]. The choice of algorithm depends on the 
database used. Modern research methods also require 
data from reputable scien3fic ins3tu3ons and academies 
responsible for preparing this data with high 
professionalism. Moreover, this data is also subjected to 
mul3ple processing methods, which have been provided 
by special programs and applica3ons that are capable of 
carrying out these tasks [6-8].  

Like other sciences, chemistry needs development and 
to benefit from what is produced or made available from 
modern research methods and tools, including soPware, 
applica3ons, and ar3ficial intelligence algorithms in its 
various general specializa3ons, such as analy3cal [9,10], 
biological[11], inorganic[12], organic[13], industrial[14], 
physical[15], and nano-chemistry [16-18]and its sub-
branches. Recently, a new specializa3on has emerged 
that integrates simula3on, analysis, and deduc3on 
programs with the science of chemistry in all its 
aforemen3oned branches. In fact, it is a simula3on of 
chemical processes, calcula3on of reac3ons, and analysis 
of the main components and sta3s3cal significance. The 
convergence of efforts has led to the specializa3on of a 
new field in chemistry, which is called computa3onal 
chemistry [19,20]. 
 
Ar)ficial intelligence and Basic components 
With the tremendous advancements in computer 
science applica3ons, scien3fic fields have been evolving 
alongside ar3ficial intelligence in ways unlike anything 
seen before. What dis3nguishes computer science and 
its soPware is that it has experienced a qualita3ve leap 
in the last two decades. Unlike other sciences that took 
hundreds of years to develop to reach their current state, 
it has expanded significantly, giving rise to what is known 
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as ar3ficial intelligence (AI) [21,22]. This field has swept 
across all other sciences and disciplines in just a few 
years, becoming so vast that it is now virtually ubiquitous 
in science and life. AI came to solve the problem of 
programming, so programming has been thinking since 
it was created in the fiPies of the last century and 
developed in the nine3es. It has solved many of the 
problems that companies, ins3tu3ons, and businesses 
face and provided great services. It is known that the 
entry of the computer into scien3fic fields facilitated 
calcula3ons and data storage, but the machine executes 
certain decisions that are known in advance without 
having a role in decision-making. Many applica3ons have 
appeared in all fields, entertainment, scien3fic, 
industrial, religious, commercial, economic, and so on, so 
that there is hardly a field that is devoid of a large 
number of applica3ons, whether on mobile, desktop 
computer, laptop, Web Development, and so on [23-25]. 
The crisis facing computer scien3sts was that these 
applica3ons were merely programs designed to be 
directed and incapable of making decisions. In other 
words, the applica3on simply executes instruc3ons it 
already knows without any interven3on or thought; it is 
not an intelligent applica3on. The dream of scien3sts 
was to make computers and their applica3ons capable of 
thinking, analyzing data, drawing conclusions, and 
making decisions about people. This was the ini3al spark 
that led to what is now called ar3ficial 
intelligence[26,27]. Today, intelligence is based on three 
fundamental components, and it is incomplete without 
all three as explained in Figure 1:  
 
 
 
 
 
 
 
 
 
 
 
 

1. Database 
2. Learning algorithms (Ar3ficial Intelligence algorithms)   
3. Advanced compu3ng capabili3es[28]. 
 
1.Database  
One of the most prominent factors driving the 
remarkable progress in ar3ficial intelligence is the 
availability of a reliable database. Educa3onal, health, 
commercial, and economic ins3tu3ons have ac3vely 
contributed to this research field by providing various 
types of data. Some3mes the data requires significant 
effort to process before commencing any work or 
training, while other 3mes it is organized and requires 
minimal effort and 3me. Ar3ficial intelligence has 
provided an important tool for addressing any flaws in 
the data structure. This includes ensuring that no data is 
missing from the database, that values are not 
significantly different, and other methods for correc3ng 
any errors in the data used. Generally, data can be 
categorized into two types, as follows [29-32]: 
1- Structure Data. 
This refers to organized data where each piece of 
informa3on has a specific name or classifica3on, 
whether it's a descrip3on of the informa3on, its size, 
percentage, or logical value. There are many examples, 
such as a data table containing the symptoms of 
influenza in a group of people, a record lis3ng stock 
market prices, or a record of the number of visitors to the 
Amazon website, from which country they come, their 
interests, the 3me they spend there, and whether they 
are only browsing or shopping, and so on. 
2- Unstructured Data. 
This data is essen3ally unorganized and lacks a specific 
name or classifica3on; there are no column headings, 
such as "Sound to be understood," "Images to be 
interpreted," or "Videos to be analyzed." 
 
2. Ar)ficial Intelligence Algorithms  
Ar)ficial Intelligence Types 
Ar3ficial intelligence tools have led to a significant leap 
in research and scien3fic innova3on, par3cularly in the 
last twenty-five years. Virtually every research field now 
u3lizes AI algorithms, which were previously considered 

 
Figure 1.  AI fundamental components. 
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pure science fic3on. This has begun in sectors such as 
educa3on, finance, economics, agriculture, industry, 
health, the environment, space, and countless others. AI 
has become an indispensable part of our lives. When we 
talk about the educa3on sector, we mean it has 
permeated every aspect of research, teaching, and the 
acquisi3on of research skills. Naturally, the widespread 
use of ar3ficial intelligence in applica3ons and devices 
has contributed to the services it provides, including 
impacful research facili3es at the level of research 
formula3on and prac3cal applica3on of rigorous 
scien3fic research, with the lager u3lizing helpful tools. 
Ar3ficial intelligence (AI) is divided into two main 
categories. The first category is based on AI capabili3es. 
The second category is based on the func3on AI 
provides. Figure 2 illustrates the different types of AI in 
detail [33-35]. 
 
 
 
 

 
 
 
 
 
 
 

Ar)ficial Intelligence Branches 
Ar3ficial intelligence (AI) branches are divided into sub-
branches according to their applica3ons, the type and 
volume of data they process, their training and learning 
methods, and other criteria. Figure 3 illustrates these 
branches. It's worth no3ng that there is a primary 
classifica3on of work in AI based on its opera3onal 
mechanism: supervised training and unsupervised 
training. Among the most prominent branches in 
research fields are machine learning and deep learning, 
which we will focus on due to their close connec3on to 
chemical research compared to other branches [34,28]. 
Machine Learning Concept 
Machine learning is a major branch of ar3ficial 
intelligence. Its concept relies on a mathema3cal 

rela3onship between inputs and outputs, and it's 
typically used to train data organized into tables. 

 
 
 
 
 
 
 
 
 
 
 
However, this doesn't preclude its use for training other 
types of data, such as images, audio, videos, and more. 
The name comes from the fact that this type of algorithm 
trains the machine to func3on similarly to a human. The 
idea is based on providing data as input and teaching it 
the outputs resul3ng from each input scenario. This 
principle is applied un3l high accuracy is achieved over 
3me. APerward, the algorithm is fed only inputs and 
asked to predict the corresponding outputs. In fact, all 
other branches have developed from the basic concept 
of machine learning, which relies on analy3cal and 
sta3s3cal methods for processing the data used [36,37]. 
 
Deep Learning Concept 
Deep learning is an advanced level of one of the 
branches of machine learning. In other words, it is based 
on machine learning but relies on deep neural networks 
to reach the desired results. Professor Andrew Engi is 
considered one of the pioneers of machine learning and 
deep learning, and he uses it in all areas of machine 
learning such as regression, classifica3on, reinforcement, 
supervised, and unsupervised. Due to the number of 
hidden middle layers of neural networks that are trained 
in this type of learning, it naturally requires more 
powerful and faster hardware and enormous compu3ng 
power, as we men3oned before [34,38,39]. The 
construc3on of this network contains mul3ple neural 
layers. Professor Andrew men3oned a beau3ful analogy 
for deep learning, comparing it to a rocket engine, and 
its fuel is the data used. Both must be large in size, high 

 
Figure 2. Types of AI 

 
 
 
 
 

 
Figure 3. Branches of AI. 
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in power, and efficient in effec3veness. The rela3onship 
between ar3ficial intelligence and its branches can be 
represented as Figure 4. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
In summary, what we need here is a brilliant algorithm 
and a massive database. This is the founda3on of deep 
learning, which rests on two essen3al pillars, neither of 
which can be dispensed with: a powerful algorithm and 
huge datasets. There are three main types of deep 
learning, depending on the type of input and processing 
data[39,40]]: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

o Deep Neural Network DNN 
o Convoluted Neural Network CNN 
o Recurrent Neural Network RNN 

As we explained earlier, the term "deep" comes from its 
composi3on of dozens of layers of neural networks. The 
term "learning" itself originates from machine learning. 
A comparison between machine learning and deep 
learning can be made as shown in the Table 1 below 
[17,37,38,39,41]: 
 
The Science of Chemistry and its Branches 
Chemistry is the science concerned with the chemical 
changes in mager, including its composi3on, structure, 
proper3es, and the transforma3ons that occur between 
substances during chemical reac3ons. It studies the 
transforma3ons that take place in mager. Chemistry 
involves delving into the smallest element of mager and 
studying it: atoms, or the building blocks of mager. These 
atoms, through specific reac3ons, produce molecules, 
which are defined as groups of atoms linked together by 
specific chemical bonds, resul3ng in energy changes. 
Since ancient 3mes, researchers have dedicated 
themselves to experimenta3on and repeated trials to 
arrive at sound conclusions based on the obtained 
results. Like other sciences, chemistry has benefited 
from ar3ficial intelligence tools, which have permeated 
all fields [42].  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4. The rela8onship between ar8ficial intelligence and its 

branches [1]. 
 
 
 
 
 

Table 1: A comparison between machine learning and deep learning 

Different Face Machine Learning Deep Learning 
Calcula3on 
opera3ons and 
execu3on 3me 

Smaller and less Bigger and longer than machine learning 

Data Data is oPen structured data 
SD, ordered, organized, and 
tabulated. 

Data is oPen unstructured (UD), and while it may be 
structured, this is very rare. For example, images, 
audio, handwri3ng, and videos can contain tens of 
millions of features. 

Quan3ty of data It is sufficient to provide a 
certain amount of data, and any 
further increase in data is 
pointless. 

It benefits from enormous amounts of data. 

Number of rows It is reasonable It would be enormous 
Input\output SD\SD (Number or informa3on) UD-SD\ UD-SD Audio, image, video, text 
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For example, the medical field has used machine learning 
and deep learning techniques for the early detec3on of 
various diseases, including COVID-19[43], which has 
been the subject of extensive scien3fic research since 
the 2020 pandemic, as it is a cri3cal research topic 
addressing a disease that threatened humanity and 
resulted in very high mortality rates. Furthermore, 
numerous research studies have analyzed pa3ent data 
for the early detec3on of various types of cancer, such as 
breast[38] and lung[44] cancer, as well as for detec3ng 
tuberculosis, chest or respiratory infec3ons[44], 
infec3ous diseases[46], thyroid disorders[47], 
diabetes[37], stroke[39], and all other diseases. In the 
industrial sector, work in this area has been extensive, for 
example, in detec3ng rust in iron and metals in oil 
pipelines and large containers [48]. In agriculture, it is 
used to assess crop quality [49]. 
In the field of cybersecurity, researchers have also 
worked on employing algorithms to detect and protect 
against vulnerabili3es and threats, because the method 
of ar3ficial intelligence is to analyze a huge and large 
dataset and study it well to reach the correct 
conclusions, as well as to detect and prevent phishing, 
which may be a site, person, applica3on, or link, and to 
provide protec3on and security to confiden3al 
informa3on and to beware of misleading, fake, and 
decep3ve websites[36,50]. 
 
Studies in chemistry have benefited greatly from ar3ficial 
intelligence. Tradi3onal methods, which relied solely on 
laboratory experiments and repeated procedures, were 
3me-consuming, laborious, and resource-intensive. 
However, learning and training tools have introduced an 
analy3cal approach and a study methodology focused on 
data analysis. This approach leads to results that are 
oPen relevant to prac3cal experiments, such as 
iden3fying resul3ng compounds or execu3ng equa3ons 
and performing calcula3ons using intelligent 
simula3ons. These simula3ons are also subject to 
experimenta3on and tes3ng, but this 3me 
electronically[9,10]. Furthermore, the emerging field of 
computa3onal chemistry has taken on the responsibility 
of simula3ng all aspects of laboratory work through 

advanced smart applica3ons [19,20]. Today, all branches 
of chemistry have adopted a new applica3on in their 
experiments: the smart field, which relies on data input 
and the genera3on of research results. Figure 5 
illustrates the connec3on of all chemistry departments 
and specializa3ons to ar3ficial intelligence. 
 
 
 
 
 
 
 
 
 
 

 
 
Integra)ng Chemistry Disciplines with Ar)ficial 
Intelligence 
Calcula3ons of chemical compounds and related magers 
are very difficult, some3mes even impossible, especially 
with regard to chemical calcula3ons of biological data. 
Therefore, a structured and stable model for calcula3ons 
is necessary, involving two important steps. First, 
molecular indicators are used to represent the complete 
molecular structure. Then, a series of pairs known as 
molecular indicators are used, represen3ng the core of 
the compound, to arrive at a reliable mathema3cal 
model that can later be used to predict previously 
unknown proper3es and characteris3cs of other 
compounds and molecules. This is known in chemistry as 
the link between quan3ta3ve structure and property 
[13,15]. 
 
1-Analy)cal Chemistry: 
 Descrip3ve chemistry, a major branch of chemistry, 
describes chemical substances and compounds that may 
be collected from food samples, archaeological finds, 
medicinal plants, urine, or explosives. These substances 
are oPen analyzed using various methods, such as 
descrip3ve analysis, spectroscopy, or chromatography. 
The resul3ng data cons3tutes a vast amount of chemical 

 
Figure5. Connec8on of all chemistry departments with AI [51]. 
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informa3on, but without organiza3on and structuring, 
the work becomes a waste of 3me, resources, and effort, 
ul3mately was3ng the researcher's 3me and energy. 
However, the emergence of ar3ficial intelligence tools 
has made it possible and easy to organize, structure, 
refine, and filter data, u3lizing it in diverse ways. This 
allows researchers to achieve fruiful and accurate 
results that enhance their laboratory work and provide 
valuable background informa3on for future researchers, 
enabling them to work with less effort, 3me, and cost. 
This is what advanced ar3ficial intelligence has adopted 
in research, par3cularly across all branches of chemistry, 
with analy3cal chemistry in par3cular benefi3ng from 
numerous machine learning and deep learning 
experiments. The table below lists some of these 
experiments, which are too numerous to list en3rely 
[10,52]. 
Therefore, chemistry based on descrip3on and analysis 
is analy3cal chemistry, a major branch of chemistry 
concerned with the quan3ta3ve and qualita3ve 
determina3on of the elements and compounds that 
make up a specific substance under analysis, and 
iden3fying its components. Like other branches, this 
branch is divided according to the methods and 
techniques used, the most important of which are 
gravimetric, thermal, and volumetric analysis[53]. Figure 
6 explains AI techniques and analy3cal chemistry. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Analy3cal chemistry, like other branches of chemistry 
and other fields of scien3fic research, has turned 
par3cularly and intensively in the last decade to the use 

of ar3ficial intelligence (AI) with most of its tools, from 
algorithms and applica3ons to data of all kinds, from 
simple databases in the form of sorted tables to massive 
datasets. This has brought about a radical and significant 
scien3fic change in research, conclusions, and results, 
with excellent performance and high efficiency achieved 
by researchers in this field. Quan3ta3ve, descrip3ve, and 
qualita3ve analysis is no longer limited to the prac3cal 
laboratory aspect. Work in the fields of ar3ficial 
intelligence is distributed across various disciplines of 
analy3cal chemistry, including machine learning 
algorithms such as K-Nearest Neighbor (KNN), neural 
networks (NN), and random forest(RF), as well as in the 
field of analysis, inference, and sta3s3cs such as principle 
component analysis (PCA)[54]. Deep learning has also 
been used extensively in analy3cal chemistry research 
for example, convolu3on neural network (CNN)[55] , 
recurrent neural network (RNN), such as long short -term 
memory( LSTM)[54]. Figure 7 illustrates the use of 
ar3ficial intelligence methods in all disciplines of 
analy3cal chemistry, which we will list as follows: 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
Chromatography implemented by an ar3ficial 
intelligence technique: Chromatographic analysis is an 
excellent method in analy3cal chemistry for separa3ng 
mixtures in solu3on and iden3fying the cons3tuent 
compounds of those mixtures. The analysis depends on 
several factors, including the affinity of the mixture in 
two different phases, the distribu3on coefficient, and the 
adsorp3on capacity. To perform analyses using more 

 
Figure 6. AI techniques and analy8cal chemistry [9]. 

 
 
 
 
 

 
Figure 7. Rela8onship between AI applica8on and disciplines of 

analy8cal chemistry [53]. 
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modern methods characterized by speed, efficiency, and 
quality, numerous and diverse machine learning models 
have been employed. These models, with their almost 
limitless algorithms, are used to analyze and develop 
databases of any type, size, or subject mager, process 
the data algorithmically, and achieve results of high 
accuracy and performance. The purposes of this 
approach are varied, including focusing on developing 
high-performance liquid chromatography (HPLC) 
methods for analyzing compounds such as amlodipine 
(AMD), candesartan (CND), and hydrochlorothiazide 
(HYD)[56,57]. 
Generally, mixtures are separated using the quantum 
chromatography method with machine learning 
algorithms to improve upon tradi3onal separa3on 
methods and iden3fy their components. Examples 
support vector machine ensemble (SVM) of such 
techniques include [insert examples here]. The 
objec3ves of this type of study are op3mally achieved: 
peak detec3on, results analysis, predic3on of reten3on 
3me, op3miza3on of the gravita3onal amplitude, and 
phase tes3ng. The use of deep learning algorithms is a 
crucial step in obtaining high accuracy without 
distor3on, iden3fying the basic components in a less 
complex and less costly way in terms of 3me, effort, and 
resources, and obtaining a model that can be considered 
a beger set of results to which researchers can refer. This 
is something that tradi3onal separa3on methods cannot 
achieve [9,10,58]. 
 
2- Bio-Chemistry:  
Biochemistry is the science concerned with studying the 
chemical components of living mager and the chemical 
changes that occur within it. It encompasses all the 
interac3ons of a living organism throughout its life cycle, 
from birth to death, and includes all living organisms, 
both animals and plants. It has several sub-disciplines 
and is divided into two main branches: 
 

o Descrip3ve Biochemistry: This branch focuses on the 
precise structure of biological mager. 
 

o Kinema3c Biochemistry: This branch deals with the 
metabolic processes and chemical changes that occur 
in living systems.[59] 

 
Biochemistry The molecules of living mager are primarily 
composed of oxygen, nitrogen, hydrogen, sulfur, and 
phosphorus atoms. These atoms combine to form 
smaller biomolecules (fagy acids, amino acids, sugars, 
nucleo3des, purines, pyrimidines), which in turn 
contribute to the forma3on of larger biomolecules 
(lipids, proteins, nucleic acids, glycogen, starch). These 
larger molecules then form the cell, the basic building 
block of a living organism, composed of carbohydrates, 
proteins, lipids, salts, and water. Biochemistry focuses on 
the study of: biochemical compounds and their 
rela3onship to diseases; the role of enzymes in 
biochemical reac3ons; energy produc3on through 
metabolic processes; and the qualita3ve and 
quan3ta3ve composi3on of cells through their chemical 
structure [60]. 
 
One of the fields that has witnessed significant and 
remarkable advancements is biochemistry, which has 
u3lized machine learning, deep learning, and all 
available ar3ficial intelligence tools and applica3ons. 
These technologies offer substan3al advantages to 
researchers in this field, enabling the development and 
moderniza3on of research in both results and 
methodologies. This represents an innova3ve approach 
to advancing the methodology employed in 
pharmaceu3cal fields[60]. 
 
Previously, research relied on lengthy wai3ng periods for 
laboratory results, adding to the researcher's burden and 
the challenges of material availability and cost. 
Furthermore, smart tools have dis3nguished themselves 
by entering a crucial area: drug discovery [11]. 
 
Innova3on in this vital and sensi3ve field is not limited to 
discovery; smart algorithms also enhance results and can 
be further developed in research direc3ons. Here, the 
researcher is not restricted to specific outcomes but has 
the ability to predict and achieve results by employing 
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these smart tools. The expansion of work towards 
processing, cleaning, organizing, and structuring 
databases of all types provides encouragement and 
mo3va3on to delve into applica3ons. Systema3c 
intelligent search techniques have been developed to 
expand the researcher's scope, contribu3ng significantly 
to the predic3on of protein structures [61]. 
 
This has resulted in accurate and rapid classifica3ons, 
and the discovery, analysis, and study of compounds, as 
well as performing all related calcula3ons, has become 
very easy and straighforward. Furthermore, modern 
ar3ficial intelligence models have provided a precise 
organiza3onal framework for laboratory informa3on 
management systems. Previously, these systems were 
not as effec3ve in terms of accuracy, speed, and 
organized direc3on. In advanced modern informa3on 
systems opera3ng according to intelligent algorithms, 
informa3on is stored correctly and automa3cally, with 
alerts or no3fica3ons sent to all laboratories whose work 
may depend on this informa3on and data. This data can 
also be retrieved and used in sta3s3cal analysis models 
for components and in ques3onnaires, which are the 
basis of most research today related to health and the 
environment [59,60]. 
 
3- Inorganic Chemistry: 
Inorganic chemistry is a vast and diverse field, 
encompassing more than one specializa3on. It includes 
all elements, star3ng from organic chemistry—
specifically the chemistry of carbon in its bonds with 
oxygen, nitrogen, hydrogen, halogens, and countless 
other elements—to physical chemistry, which studies 
the quan3ta3ve behavior and physical proper3es of 
mager. It also studies a wider range of materials, such as 
atomic gases, extended-structured solids, air-sensi3ve 
compounds, hydrolyzable compounds, compounds 
soluble in other organic solvents, and compounds 
soluble in inorganic solvents. Inorganic materials are 
classified into:  
1- All elements 
2- Ionic compounds 
3- Molecular compounds 

4- Polymers. This means that inorganic chemistry 
encompasses a diverse range of materials, thus requiring 
extensive study. This makes it difficult for inorganic 
chemists to determine the proper3es and reac3ons of 
materials with varying structural and reac3vity 
characteris3cs. Therefore, it is essen3al to focus on: 
1- Synthesis methods of all types and names 
2- Treatment and characteriza3on techniques for 
inorganic compounds 
 To explain the existence of inorganic materials, we need 
aspects of physical chemistry to describe their behavior. 
Inorganic compounds are used as medicines, fuels, dyes, 
catalysts, and in many other applica3ons [62]. 
Intelligent learning models and the features available in 
their smart tools have revolu3onized the field of 
inorganic chemistry, across its various types and 
methods, leading to rapid development and highly 
accurate results. These models u3lize large databases 
within the framework of intelligent algorithms capable of 
processing, cleaning, and zeroing out all errors, while 
focusing on normaliza3on. Following this, the analysis 
and deduc3on phase begins. Analysis involves several 
approaches, such as dividing the data into clusters and 
selec3ng the op3mal result from each cluster, or dividing 
it into groups based on their similarity. A crucial point 
that prevents oversampling is ensuring realis3c accuracy 
within the data sample. The final stage involves inference 
and the presenta3on of results [12]. 
 
4- Organic Chemistry: 
Organic compounds can be obtained from living 
organisms through the vital energy present within their 
3ssues; this is known as the "vital energy theory." In 
short, they are compounds containing carbon atoms in 
addi3on to hydrogen and oxygen. Later, a scien3st 
succeeded in synthesizing them in the laboratory by 
crea3ng urea through the chemical reac3on between 
ammonium chloride and silver cyanide. 
Later, another scien3st succeeded in preparing ace3c 
acid from carbon, oxygen, and hydrogen, the basic 
elements of ace3c acid. Following this, another scien3st 
prepared methane and acetylene gases, leading to the 
realiza3on that organic compounds could be prepared 



   

   Advanced Journal of 
Scientific Research

www.advjsr.edu.iq 

 

                                                                                                                                                                       Adv. J. Sci. Res., Vol 1, No. 2, pp: 01-15, 2026 

 
9 

 

experimentally, rather than relying solely on theory. 
Organic compounds are divided into two groups [63]:  
1- Hydrocarbons, which consist of two elements: carbon 
and hydrogen, and include alkanes, alkenes, and 
aroma3c compounds. 
 
2- Hydrocarbon deriva3ves, in which the hydrogen atom 
is replaced by an atom or atomic group called a 
func3onal group. Examples include aldehydes, ketones, 
carboxylic acids, ethers, alcohols, and amines. 
 
The uses of organic compounds are wide-ranging. 
However, it has been shown that some organic 
compounds are more toxic than previously thought. 
Some contribute to the destruc3on of the ozone layer, 
which protects life from the harmful effects of ultraviolet 
radia3on, while others are carcinogenic [64]. 
Organic chemistry, like other chemical disciplines, has 
witnessed significant expansion and advancement, 
par3cularly in its experiments and studies. Online 
plaforms have emerged, opera3ng efficiently at any 
3me, to perform reac3ons and calcula3ons, providing 
products, weights, and bonds in mere seconds. 
Furthermore, the ability to predict reac3ons in advance 
has become highly reliable. Ar3ficial intelligence models 
possess the capacity to train a large dataset, 
con3nuously and rigorously, un3l they achieve highly 
accurate results. This ensures researchers obtain 
efficient models, which can then be tested to verify 
accuracy and efficiency. Algorithms can then be used to 
predict synthesis pagerns, providing a comprehensive 
inventory of the environmental condi3ons, materials, 
and supplies required for each reac3on. This is in 
addi3on to the automa3on of laboratories facilitated by 
AI applica3ons, enabling the predic3on of reac3on paths 
and products, and providing insights into reverse 
synthesis pathways and direc3ons [13,63,64]. 
 
5- Physical Chemistry: 
Physical chemistry deals with the proper3es, 
composi3on, and structure of mager (whether elements 
or compounds), the reac3ons and transforma3ons it 
undergoes, and the energy released (exothermic 

reac3ons) or absorbed (endothermic reac3ons). It 
explains chemical phenomena using the fundamental 
laws of physics. It focuses on the quan3ta3ve descrip3on 
of mager and energy, explaining how molecular 
structure and mo3on govern chemical behavior. This 
science provides a theore3cal founda3on for 
understanding chemical reac3ons, phase changes, and 
the proper3es of materials. Key areas of physical 
chemistry include thermodynamics, reac3on kine3cs, 
quantum mechanics, electrochemistry, and molecular 
spectroscopy. These concepts enable scien3sts to predict 
the likelihood of a reac3on, calculate energy changes, 
and analyze the stability of chemical systems. Physical 
chemistry also plays a vital role in industrial processes, 
environmental analysis, pharmaceu3cal research, and 
materials development. The importance of 
measurement in physical chemistry: Measurement is a 
cornerstone of experimental and theore3cal studies in 
physical chemistry, allowing scien3sts to determine 
numerical values for physical proper3es by comparing 
them to agreed-upon standards. Without precise 
measurement, scien3fic observa3ons cannot be verified 
or reproduced. Common physical quan33es—such as 
mass, temperature, volume, and 3me—must be 
measured using standardized units. Consistent 
measurement prac3ces ensure data reliability and allow 
for meaningful comparisons of experimental results 
across different laboratories and disciplines. The 
Interna3onal System of Units (SI): The SI provides a 
unified framework for scien3fic measurements 
worldwide, ensuring clarity, consistency, and accuracy in 
the exchange of experimental informa3on in base units. 
Physical chemistry, as a discipline, has expanded and 
developed by integra3ng it with available ar3ficial 
intelligence methods, approaches, and tools, par3cularly 
those used for research and scien3fic purposes. Studying 
the nature of mager is now possible through massive 
databases, which are fed into intelligent algorithms that 
rigorously analyze its features, characteris3cs, 
proper3es, and all influencing factors. Furthermore, 
exploring the type of chemical reac3on a substance 
undergoes, determining whether it is energy-releasing or 
energy-gathering, has become easier and more 
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accessible with the applica3on of machine learning or 
deep learning tools. The study of the kine3c nature of 
molecules and their resul3ng structures has also been 
enhanced by research using intelligent tools. In addi3on, 
the various types of unit conversion systems have been 
provided with modern tools, making it a field of in-depth 
specializa3on through efficient and purposeful scien3fic 
research, explora3on, and inquiry[15,66]. 
 
Conclusion: 
The widespread adop3on and rapid development of 
ar3ficial intelligence tools have significantly altered 
many fields and impacted our daily lives. Applica3ons 
opera3ng within the context of ar3ficial intelligence have 
entered every aspect of our lives, from the smallest tools 
related to our daily lives to the largest in industrial fields. 
This has enriched scien3fic research fields and integrated 
them with these modern applica3ons. It is now 
commonplace for every discipline to conduct 
experiments, deduce results, analyze data, or implement 
reac3ons and methodologies using AI. This is a 
par3cularly effec3ve contribu3on to the various 
branches of chemistry, as AI has facilitated and simplified 
processes. Much more awaits us given the rapid 
advancements in these soPware programs. 
Furthermore, a new field of study, computa3onal 
chemistry, is emerging, though s3ll rela3vely new. Efforts 
will be combined to develop it according to the ever-
evolving standards, constantly updated with the 
con3nuous advancements in AI technologies and their 
integra3on with various branches of chemistry. It is 
worth men3oning our work plan in this area: we plan to: 
 
1. Expand the use of smart scien3fic research tools. 
2. Integrate all chemistry disciplines with computa3onal 
chemistry. 
3. Expand and develop chemistry research within the 
framework of the new methodology. 
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