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ABSTRACT

Artificial Intelligence (AI) has facilitated significant breakthroughs in drug discovery, the design of materials, and organic synthesis. The advancements
in the latter group are especially remarkable due to the abilities of the latest computational methods (molecular design algorithms) that enable the
exploration of extensive chemical spaces and enhance research in fields such as predicting molecule properties, designing molecules, retrosynthesis,
predicting reaction conditions, and predicting reaction outcomes. A literary review was conducted following PRISMA guidelines. This study aimed to
review existing data on the application of Al in separation chromatography. The evolution and utilization of Al in the pharmaceutical industry and its
future aspects were articulated in this study. The utilization of Al can completely transform the field of chromatography analysis by facilitating
expedited, more precise, and more effective data processing. By automating chromatography analysis, Al can enhance efficiency and minimize the
potential for human mistakes. This advancement enables scientists to dedicate their efforts towards addressing intricate and demanding analytical
issues. With the evolution of technology and the increasing adoption, we can anticipate more progress in chromatography analysis and analytical

chemistry.
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INTRODUCTION

Chromatography is a crucial separation technique for high purities
in food, soil, water and pharmaceutical samples. Preparative
chromatography is an established technology in biopharmaceutical
manufacturing that is crucial in achieving high-quality separation
and purification [1]. Historically, preparative chromatography was
established through laborious laboratory experiments that required
significant amounts of time and materials [2, 3]. However, the
manual operational process is tedious, time-consuming, and
susceptible to human error [4]. Further, more than these methods
are needed to meet the current demands of efficient and customized
pharmaceutical manufacturing within shorter timeframes for
development [5]. Hence, there is a demand for more expeditious
approaches to process development, which enhance the
pharmaceutical industry's understanding of processes [6, 7]. A
practical method to address this goal is to employ process modelling
for the development. Models are constructed using mathematical
equations that accurately represent physical and biological aspects
of the process, which significantly enhances comprehension [8, 9].
Therefore, there is a need for rapid and precise methods to
determine model parameters with minimal effort [10, 11].

Al is an emerging discipline focused on utilizing computer systems
to solve issues by executing algorithms that imitate the cognitive
functions of the human brain. Alis emulating human cognitive
processes via machines, particularly computer systems. Most
contemporary Al algorithms can establish connections between
inputs and outputs, adjust their behaviour based on environmental
cues, and subsequently make decisions, enhancing the likelihood of
delivering precise responses. Al's primary benefit includes
extracting significant and impartial information from datasets that
are either extraordinarily huge or highly intricate, beyond the
analytical capabilities of humans, and giving better and more precise
predictions [12]. In addition, the increased processing capacity of
computers, coupled with the advancement of robust algorithms and
their availability through open-source platforms (such as APIs,
frameworks, and training data), has facilitated the utilization of Alin
various scientific domains [13-17]. Al has facilitated significant
breakthroughs in drug discovery [18, 19], drug safety [20], the
design of materials [21-23], and organic synthesis [24]. The
advancements in the latter group are especially remarkable due to
their ability to apply new computational methods (molecular design
algorithms) that enable the exploration of extensive chemical spaces

and enhance research in fields such as predicting molecule
properties [25], designing molecules [26], retrosynthesis [27],
predicting reaction conditions [28], and predicting reaction
outcomes [29].

Additionally, it can facilitate the automation of analyzing extensive
datasets, enhance the precision and uniformity of data analysis,
detect and rank areas for further investigation, optimize the
configuration of separation experiments, gain a deeper
comprehension of the intricate connections among various
components in a mixture, and expedite the advancement of novel
separation techniques and technologies. Despite notable progress in
education, the development of easy-to-use frameworks, and the
availability of pre-trained neural networks, applying Al for analytical
methods has yet to be thoroughly studied and remains poorly
understood. The issues highlighted can be attributed to the
discrepancy between the current academic training and the complex
nature of modern algorithms used in data science. Utilizing machine
learning algorithms with less intricate data can potentially overcome
challenges in analytical chemistry [18, 21-24]. Preparative
chromatography is a  well-established biopharmaceutical
manufacturing technology that provides high-quality separation and
purification. An effective strategy to address this goal is employing
process modelling for development. Models are constructed using
mathematical representations of physical and biological phenomena
to enhance understanding of the process. This leads to reduced
development time and the ability to use model-based process
control methods and optimization [30]. Given the context, a
comprehensive literary analysis was undertaken to comprehend the
incorporation of Al in separation chromatography.

Methodology

Reputed databases, such as PubMed and Google Scholar, were
searched for the research articles published in chromatography and
Al using a search strategy.

Search strategy

The secondary data was obtained using a search strategy developed
with keywords such as “Separation chromatography” and
"Analytical chemistry and artificial intelligence”. “Chromatography
and Al” were used. The study approach adhered to the PRISMA
principles, prioritising transparency and reproducibility. This
ensured that every step, from the search strategy to data synthesis
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and reporting, was clearly and thoroughly documented. The
obtained publications underwent a thorough screening process,
where their titles and abstracts were carefully examined to discover
potentially relevant studies. The eligibility of full-text articles was
evaluated based on predetermined criteria for inclusion and
exclusion. Systematic data extraction involves gathering relevant
information from each chosen study, such as study design, sample
size, methodology, outcomes, and significant findings. The quality of
the included papers, particularly in systematic reviews and meta-
analyses, was evaluated using quality assessment methods or
checklists. The inclusion criteria included studies comprised of
research and review articles published between 2018 and 2023 and
articles published in English Language and Peer-reviewed journals.
Articles not available in full text or required payment, those
published before the selected time, and in languages other than
English were excluded.

Evolution of Al in chromatography

Over the last fifty years, analyzing and comparing large amounts of
data from chromatography of natural and complex products,
including essential oils, flavours and fragrances, pharmaceuticals,
and petroleum products, have required manual methods due to
unpredictable and nonlinear variations in retention times (RT).
These datasets typically contain 20 to 1000 or more peaks. The issue
has been resolved using software that employs neural algorithms,
enabling the automated processing of intricate chromatograms [31].

Chromatographic techniques
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Fig. 1: Bar chart showing the number of publications related to
the application of Al in chromatography
Source: Pubmed, keywords used: chromatography and Al, year:
2018-2023
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Fig. 2: Automatic data interpretation using Al in different chromatographic techniques
Source: Author generated

Evolution of high throughput process development (HTPD)

Introduction to the concept of model-based approaches. HTPD
facilitated expedited and comprehensive screening of conditions,
hence augmenting knowledge. Model-based HTPD has played a
crucial role in the (bio)pharmaceutical business, specifically in
chromatography. Chromatography is the primary method used for
purifying protein subunit vaccines. The majority of vaccine
purification methods rely on heuristics. For instance, when purifying
hepatitis A virus from mammalian cell cultures, the initial step
involves using low-cost anion-exchange chromatography to capture
the product and eliminate significant impurities. The final step in the
downstream process involves a polishing and desalting step using
size-exclusion chromatography. Currently, there are several
commercially available chromatographic mechanistic models
software, such as GoSilico (now part of Cytivia, formerly known as
ChromX), Aspen Chromatography, DelftChrom, CADET, and
ChromaTech. While equilibrium and binding capabilities of
membrane chromatography are typically restricted, membrane
chromatography surpasses conventional packed bed
chromatography in terms of productivity and bed utilization at high
flow rates and short residence times [32].

A crucial chromatography element is the capacity to create a
chromatograph using artificial intelligence. This allows for the
automatic development of an analytical method for High-
Performance Liquid Chromatography (HPLC). This means that the
ideal composition of the mobile phase can be chosen from scouting
tests, and the optimal operating parameters can be adjusted to
achieve the desired analytical results. The chromatographic
approach can also provide qualitative information about the peaks,
particularly for an unidentified mixture, based on the
chromatogram. To achieve this objective, essential equations for the
retention of undissociated solutes, weak organic bases, weak acids,
and amphoteric substances in liquid-solid chromatography were
derived by considering variations in the composition of the mobile
phase. The software RVPKLC-83 was designed to compute the
parameters of these equations based on empirical data, and the
accuracy of the equations was experimentally confirmed. The
OMPCLC-83 programme was created to forecast the most favourable
composition of the mobile phase. A HPLC equipment fitted with a
fast-scanning Ultra Voilet (UV) detector system was utilized. The
ChgrA-83 programme is currently under development to determine
peak purity and detect unresolved peaks [33].
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Preparative and process chromatography is a flexible procedure
used to separate, purify, and refine a wide range of molecules,
particularly those that are highly similar and complex, such as
sugars, diastereomers, isomers, plant extracts, enantiomers, and
rare earth metal ions. Bio-chromatography is an ever-expanding
area of application that involves a wide range of complex molecules,
including peptides, proteins, Monoclonal Antibodies (mAbs),
fragments, Virus Like Particles (VLPs), and even mRNA vaccines. In
addition to chemical diversity, separation processes encompass
selective affinity ligands, hydrophobic contact, ion exchange, and
mixed modes. Bio-chromatography ranges from a few kilogrammes
to 100,000 tonnes per year, with column diameters typically ranging
from 20 to 250 cm. Therefore, there is a requirement for a
multifunctional and efficient tool that can be used for both process
design and operation optimization, as well as process control [30].

Extensive experimentation is frequently required to ascertain the best
solvent system in mixed solvent extraction. Centrifugal Partition
Chromatography (CPC) is a liquid-liquid preparative chromatographic
separation technique commonly employed in pharmaceutical and
natural product purifications. It often necessitates using a solvent
system including three or more components. To get the desired
results, it is necessary to use multi-stage hybrid solutions with
different components when dealing with complicated feedstocks, such
as lignin depolymerization products. Aloffers significant potential for
improving the complex process of selecting solvents. The training
dataset can be obtained and organized from numerous sources,
including academic publications, printed handbooks, and online
archives. Machine learning can be utilized to create quantitative
structure-property relationship (QSPR) models. These models
establish a connection between the molecular structure of solvents
and solutes and their physicochemical properties and extraction
performance. They can predict the behaviour of untested
combinations of solvents and solutes, providing valuable information
on the most favourable solvents for specific extraction tasks [34].

Al approaches have significantly increased the accuracy of predicting
retention in chromatographic procedures. Al can effectively analyze
large data sets and simplify the identification and separation of
substances. Multiple methodologies have been documented for the
prediction of retention in various chromatographic techniques.
Consistent findings have shown that deep learning models surpass linear
machine learning models in terms of accuracy and efficacy, particularly
in liquid and gas chromatography. The most commonly used method for
predicting retention factors of various substances in thin-layer
chromatography is Support Vector Machine-based neural networks.
Cheminformatics, chemometrics, and hybrid techniques were utilized for
the modelling and proved more dependable in retention prediction than
traditional models. The Quantitative Structure Retention Relationship
(QSRR) is a promising approach for predicting the retention of analytes
in various chromatographic methods and identifying the optimal
separation procedure. By integrating QSRR with Al-driven
methodologies, these methods showcased the benefits of achieving more
accurate retention predictions [35].

Used in the food industry

Recently, Phyto-control, a French company, has collaborated with
Fujitsu (a Japanese company) to automate chromatographic
techniques using Al. Al-enhanced chromatography offers quick
sample analysis without any human error. Food products must be
accurately analyzed to prevent contaminants from being introduced
into the supply chain. If the contaminant-detecting process is weak,
entire populations could be affected. As stated above,
chromatography is one of the most reliable techniques for analyzing
food samples, i.e., processed and raw products.

According to a recent World Health Organization (WHO) study,
approximately 0.4 million people die annually due to the ingestion of
contaminated food. Besides Phyto-control, Virtual Control, a Hong
Kong-based company, has developed Al technology and machine
learning-based software to provide analytical solutions in laboratory
testing. In the case of Virtual Control, Al has been integrated with
gas chromatography and mass spectrometry (GC/MS) platforms.
The integrated product is ACIES, which has enhanced laboratory
testing accuracy, efficiency, and productivity. This technology can
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benefit various industries, including agriculture, food, the
environment, and applied materials [36].

A study conducted by Aghili et al. in 2022 presented a method to
determine the odour characteristics of edible vegetable oils by
analyzing their volatile aromas using an electronic olfactory device.
This investigation collected odour profiles for eight different
concentrations of sunflower and canola oil combined with sesame
oil. The samples were analyzed simultaneously using GC-MS. The
chemometric approaches, such as Linear Discriminant Analysis
(LDA), Principal Component Analysis (PCA), Support Vector Machine
(SVM), Quadratic Discriminant Analysis (QDA), and Artificial Neural
Networks (ANN), were used to analyze the data collected from the
electronic nose. The electronic olfactory system effectively identified
a subtle deception involving a mixture of 25% sunflower oil and
75% sesame oil despite the difficulty of detecting it through the gas
chromatography-mass spectrometry method. This implies that the
existing technique can detect and quantify occurrences of fraudulent
activities related to edible oil to improve efficiency and monitoring
and ensure the safety of eating edible vegetable oils [36].

Leite et al, 2019, created two models, Radial Basis Function (RBF)
and MIP, using MATLAB and integrated them into High-Performance
Liquid Chromatography, which is employed to detect the lactose
concentration following the absorption process. The RBF and MIP
models offer superior efficiency, speed, and simplicity. When
comparing RBF with MIP, it is shown that RBF requires more
neurons in each layer for various tasks. However, RBF requires more
hidden layers of neurons [37].

Further, Viejo et al., 2022, developed two ANN models to evaluate
the quality of beer and to forecast: i) the peak area (PA) of 17
distinct volatile aromatic compounds (Model 1) obtained through
GC-MS, and ii) the intensity of ten sensory descriptors collected
from a sensory session involving 12 trained panellists. The ANOVA
results indicated significant disparities among the utilized samples,
demonstrating the e-nose's ability to differentiate between them.
The ANN models produced highly accurate results, with correlation
values of R = 0.97 (Model 1) and R = 0.93 (Model 2) [36]. Another
study by Warren-vega et al., 2023 developed a novel Alapproach to
explore the relationship between the physicochemical profile and
colour gained during the 100% agave Tequila maturation phase. The
findings demonstrate using artificial intelligence-based techniques
as a supplementary approach for assessing quality control in aged
beverages [39].

Uses in healthcare

The application of three Al techniques, namely Hammerstein-
Wiener (HW), multilayer perceptron (MLP), and SVM, in qualitative
properties prediction of an anti-Alzheimer agent using high-
pressure liquid chromatography technique, demonstrated the
promising capability of Al-based models in modelling the qualitative
properties of the anti-Alzheimer agent. By observing the varying
outputs of Al-based models over different time intervals, it became
clear that combining the outputs of these models, known as
ensembling, is necessary. Thus, the simple average ensemble and
support vector machine ensemble (SVM-E) were utilized to improve
the performance capabilities of the basic models [40].

In a recent publication, an Al-based solution for chromatographic
data processing in the pharmaceutical industry was developed and
applied using a "Digital by design" managerial approach. The
authors, from Merck Serono (Italy) and Bosch Global Software
Technologies Private Limited (India), proposed a potential GxP
framework for using Al across the healthcare industry. The project
was executed under a Digital Innovation Management framework,
ensuring the involvement of stakeholders and decision-makers from
proof of concept through proof of feasibility and finally to proof of
value [41].

Further, De Vooght-Johnson, 2021, developed an artificial
intelligence-based model for improving the prediction of peak
perfection of an anti-oxidant Isoquercetin, where the RT was
predicted using two individual nonlinear Al models, namely ANN
and Adaptive Neuro-Fuzzy Inference System (ANFIS), along with
Multi Linear Regression (MLR) Analysis, a traditional linear model.
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In addition, the models were improved by using different ensemble
techniques, specifically the simple average ensemble (SAE) and two
types of ANFIS ensembles: the adaptive neuro-fuzzy inference
system grid-partitioning ensemble (ANFIS-GPE) and the adaptive
neuro-fuzzy inference system subclustering ensemble (ANFIS-SCE)
[42].

Usman et al., 2020 used four models in a different study to predict the
RT and PA of isoquercitrin (extracted from various plant species)
using HPLC: ANFIS, ANN, SVM, and MLR. The simulation uses the
standard concentration, the composition of the mobile phases (MP-A
and MP-B), and the pH as the input variables. The performance
efficacy of the models was evaluated using the relative mean square
error (RMSE), determination coefficient (DC), mean square error
(MSE), and correlation coefficient (CC). The findings of this
investigation demonstrate that all four models can precisely forecast
the qualitative and quantitative attributes of the bioactive chemical.
Through a predictive comparison, it was ascertained that M3
demonstrated the utmost prediction accuracy among the three
models.

Further examination of the findings indicated that ANFIS-M3
outperformed the other models and is the most efficient model for
forecasting PA. Nevertheless, ANN-M3 proved its value. It emerged
as the superior model for tR simulation due to its high projected
accuracy, establishing it as a dependable tool for qualitative and
quantitative determination [43].

The results showed that the developed Al architecture could automate
the chromatographic peak integration process with high accuracy and
efficiency. The Al model learned the analytical variations in the
chromatographic profiles related to the peak shapes, baseline drift,
operator variations, and RT shifts. This allowed the algorithm to
predict new chromatographic profiles' RT and peak shape, integrating
them with high accuracy. The results of this study suggest that Al has
the potential to revolutionize chromatographic peak integration. Al
algorithms can be used to automate the process of peak integration,
significantly improving the accuracy and efficiency of the process. This
could lead to significant benefits for the biopharmaceutical industry,
including improved patient safety and reduced cost.

Future of Al in Chromatography

Shortly, membrane materials with increased binding capabilities
will be developed, potentially resolving the limitation on surface
area per unit volume of resin. The biopharmaceutical business finds
the progress in membrane chromatography technology highly
intriguing. Chromatography uses two phases that do not mix to
extract and separate components from mixtures. Combining HT
methods with statistical or mathematical/thermodynamic models is
a convenient approach for characterizing these systems [44].
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Current process modelling methods have the challenge of requiring
complex laboratory experiments to determine and validate model
parameters. To have a broader range of uses in everyday project
tasks, the technique must be more efficient and demand less
exertion from individuals who are not experts in chromatography.
Due to significant advancements in artificial intelligence, novel
approaches have been developed to meet this requirement. Once the
ANN has undergone training, it can be utilized to predict the
isotherm parameters of unfamiliar components, provided that they
fall within the limits of its training data. This provides the
opportunity to significantly decrease the amount of experimental
and computational work required, allowing those without expertise
to complete model parameter estimations accurately.

Moreover, this approach provides the chance to obtain real-time
parameter estimations for controlling the chromatographic process.
This is possible because of its fast computation times and
outstanding accuracy. Subsequent research will explore the
expansion of the artificial neural network's capabilities to estimate
more model parameters and isotherms. This will be done to achieve
a model-based autonomous process operation in conjunction with
the process analytical technology approaches [30].

Continuing with this pursuit results in the complete conversion of
the plant into a digital format, sometimes called the digital twin.
Therefore, there is a need for a rapid and precise method to
determine model parameters with minimal effort [30]. When used
with optimization algorithms, Al can aid in examining solution
spaces with several dimensions and determine the most
advantageous compromises between conflicting objectives, such as
extraction efficiency, selectivity, environmental effect, and cost. The
rapid progress in Al and its use in this crucial domain present
promising prospects, including enhanced sorbent material design,
refined extraction solvent selection, and optimized process
operating conditions. Using artificial intelligence, scientists and
engineers can fundamentally restructure separation processes,
revolutionize several industries, and significantly contribute to
achieving a more sustainable future [45].

Comparison between traditional and Al-based approach

Al has revolutionized chromatography by streamlining method
development, improving data analysis, enhancing accuracy, and
increasing the speed and efficiency of analysis. It has opened up new
possibilities for various industries for advanced research, process
optimization, and quality control. However, it is essential to note
that while Al-based methods offer advantages, they should be
validated and optimized using traditional methods to ensure
reliability and accuracy [23-25].

Table 1: Comparison between traditional and Al-based approach

Aspect Traditional analytical method development Ai-added method development Source of the data
Time Time-consuming Faster [11]
Expertise required High skilled analysts Less expertise required [11]
Trial and error Iterative process Reduced trial and error [11]
Cost Expensive Cost-effective [11]
Sample size Limited sample size Larger sample size [11]
Optimization Manual optimization Automated optimization [11]
Flexibility Less flexible More flexible [11]
Data analysis Manual interpretation Automated data analysis [11]
Accuracy Human error-prone Improved accuracy [11]
Scalability Limited scalability Scalable [11]

Use of Al models in different chromatographic techniques
ANN in process chromatography

In the chromatography process, numerous approaches for modelling
and optimizing this technique have been proposed and put into
practice [46]. Instead of solely focusing on established techniques,
researchers investigate novel approaches, such as applying machine
learning algorithms. These tools include the Partial Least Squares

(PLS) method and ANN [47], which are recognized as universal
approximators [48].

ANN have diverse applications

They can be predictors for process analytical technology (PAT)
sensor data or substitute approaches such as the PLS algorithm.
ANN can also be employed to ascertain model parameters rather
than minimizing the sum of most minor square errors between
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experimental and simulated datasets. In addition, ANNs can be
employed to adjust the process and model parameters of the digital
twin based on real-time operational data. ANN can also be applied in
process models, including hybrid models. An all-encompassing
framework for comprehensive process design and operation has
already been devised [49, 50].

Many studies on ANNSs utilized as regressors are employed for process
optimization. An ANN is initially constructed to forecast specific
values. Next, a conventional optimization algorithm is employed to
optimize using the inputs and outputs of the ANN. Some examples
include the studies conducted by Golubovi¢ et al. [51], Nagrath et al
[52], and Pirrung et al [53]. In their study, Golubovi¢ et al [51]
employed ANNs to optimize the retention factor of mycophenolate
mofetil (MFM) and its breakdown products. The ANN utilized buffer
composition, flow rate, and column temperature to predict the
retention factors. The dataset utilized was experimental and consisted
of 33 samples. The dataset was based on the Central Composite Design
(CCD), which can detect both linear and quadratic effects. The ANN
surpassed the performance of the normal MLR and allowed for a
decrease in the time of the experiment from 6.2 min to 5.2 min. The
limits of this approach may include constraints on the area and
information of the CCD design space, as well as the required
experimental effort. Conducting these tests on a large-scale
preparative chromatography may potentially be unfeasible.
Conversely, this strategy does not require knowledge or modelling of
the process. No prior knowledge of artificial neural networks is
required, as the network was optimized through iterative
experimentation.

Nagrath et al [52] employed simulated data, as opposed to
Golubovic¢ et al. [51], to address the limitations of experimental data.
This approach is particularly advantageous when dealing with
increasingly intricate tasks. According to Nagrath et al. [52], the
increasing number of parameters has become a significant problem
in optimization processes that rely purely on mechanical models, as
suggested by Narayanan et al. [54]. The factors contributing to this
issue are local minima and the total computational time. Hence, it is
suggested that ANNs be employed to predict the target variable to
optimize preparative chromatography. The proposed method for
separating three components involved manipulating the
simulations' gradient slope, feed load, flow rate, and column length.
The impact of these factors on the desired outcomes, such as yield,
production rate, and maximum concentration, was assessed to
establish a training dataset.

Furthermore, an additional dataset was generated to account for
less stringent conditions, mitigating the potential bias of zero
productivity on the middle component due to its overlap with the
left and right components. Moreover, this approach demonstrated
favourable optimization outcomes and significantly profited from
reduced calculation durations. However, prior knowledge is
essential for modelling the process and generating appropriate data
for training the ANN, as demonstrated by the additional dataset for
the middle component. Furthermore, while the ANN may exhibit
adaptability for the taught system, it necessitates a thorough
retraining process when applied to other systems or different
numbers of components. Hence, it is imperative to consider the
additional exertion required for data formulation, creation, and ANN
training to make a well-informed choice between the ANN
methodology and the traditional approach.

Deep Neural Network (DNN) for chromatography

Deep learning is a crucial aspect of chemistry's most advanced Al
technologies. It is relied upon due to its capacity to process vast
amounts of data effectively. Hence, deep learning significantly
advantages from extensive and varied datasets (mainly when the
connections between the input and output data are intricate); thus,
it must also be appropriate for our datasets. Aside from the
abundance and diversity of data, it is crucial to consider the
appropriate modification of the DNN method (such as type,
topology, and hyperparameter values), as it directly impacts the
accuracy. Various specialized adaptations have been effectively
created for neural networks. Consequently, our attention is directed
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towards the following options that possess potential and are well-
suited for our problem-solving objectives:

e A Feedforward Neural Network (FFNN) is a DNN that transmits
information from input to output nodes without feedback loops.
Although FFNNs are less complex than their descendants, they have
proven effective in investigating and representing chemical space
[55]. Nevertheless, FFNNs are specifically designed to acquire
knowledge about the connections among independent variables,
rendering them potentially inappropriate for addressing specific
problems. Nevertheless, we will use FFNN in our experiments as the
reference method to facilitate comparison with more advanced
architectures.

e Convolutional neural networks (CNNs) [51] are a specific kind of
deep learning network initially designed for image recognition. They
are capable of identifying repetitive spatial patterns within the data.
CNNs, or Convolutional Neural Networks, have become widely
employed in various applications to handle data that exhibit grid
patterns effectively. Graph CNNs have been utilized to forecast drug-
target interactions [56]. Widely utilized CNN architectures VGG-19,
ResNet512, AlexNet, and DenseNet-201[57,58,59,60] were
employed to predict cytotoxicity for eight cancer cell lines.

e Moreover, CNNs have demonstrated their efficacy in accurately
detecting steroids using deep learning RT modelling, as observed in
gas chromatography analysis [61]. It is postulated that molecules
possessing comparable chemical substructures or functional groups
can exhibit similar behaviour and establish patterns that
convolutional layers can identify and process. It elucidates the
reasons why CNNs are appropriate for addressing our problems.
Given that we are working with sequences of symbols, we utilize
models that employ 1D convolutions.

e Long short-term memory (LSTM) neural networks, as described
in reference [62], are well-suited for training on sequences because
they incorporate a memory cell and feedback connections between
cells. In contrast to Simple Recurrent Neural Networks (RNNs),
LSTMs do not experience the issue of vanishing gradients.
Consequently, the task of learning longer sequential dependencies is
now easier. LSTMs employ supplementary internal mechanisms,
known as gates, to regulate the flow of information and retain
pertinent information as they analyze the sequence. The
transmission of information from previous time points in a sequence
holds great significance in understanding the meaning of chemical
symbol sequences. For instance, the symbols O and H, when
considered individually, are less informative compared to the
compound (OH), which represents a hydroxyl group. Similarly, the
symbol c1 in aromaticity notation is less significant than the
complete sequence cclcccecl, where c1 indicates the beginning and
end of an aromatic ring. Hence, the sequential nature of the input
data justifies the decision to use LSTMs for our research.

DISCUSSION

Developing algorithms (of varying complexities) to analyze large
volumes of data and extract meaningful information and patterns
from even minute differences in individual measurements has been
a prevalent trend in the literature. The primary catalyst for the early
advancements in Al was likely its application in image recognition,
vibrational spectroscopy, and mass spectrometry [63]. Analyzing
chromatography data can be laborious, monotonous, and error-
prone, posing difficulties in consistently obtaining precise results. Al
can significantly enhance the chromatography analysis process. Al
can carry out tasks that usually necessitate human intelligence, such
as sensing, reasoning, and learning. Using Al methodologies,
chromatography analysis can be mechanized, optimized, and
enhanced in precision and effectiveness.

An application of Al in chromatography analysis involves the
development of machine learning models capable of predicting the
characteristics of unidentified samples using existing data. For
instance, when employing chromatography equipment to segregate
a blend of substances, a machine-learning model can be used to
identify the peaks associated with each component and forecast its
characteristics, such as molecular weight, polarity, and solubility.
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Implementing this approach can substantially decrease the duration
and exertion needed to analyze chromatography data, enhancing the
outcomes' precision and dependability. Al can also be advantageous
in chromatography analysis by facilitating the creation of automated
systems that can enhance the efficiency of the chromatography
process. Al algorithms can determine the most effective separation
conditions, including the selection of stationary phase, mobile phase,
and gradient elution parameters, to attain the utmost resolution and
sensitivity. Al can be employed for real-time monitoring and control
of the chromatographic process, allowing for timely alterations to
the circumstances to achieve optimal performance.

Furthermore, Al may be utilized to create data processing
algorithms capable of extracting significant insights from the vast
volumes of chromatography data produced in contemporary
analytical laboratories. Al algorithms can detect patterns and trends
in data, such as the correlations between the characteristics of
various chemicals or the alterations in the composition of a mixture
over time. Such analysis can yield significant knowledge about the
fundamental chemistry of the sample and aid in detecting possible
contaminants or impurities.

Various Al algorithms, such as ANN, DNN models like FFNN’s [55],
CNNs [51, 56-61], LSTM [61], and RNNs [64], can be widely used to
enhance the efficiency and accuracy of chromatography. Additional
research is required to enhance the Al models to adapt them to
specific chromatographic methods and substances utilized in analysis.

CONCLUSION

To summarise, Al can transform chromatography analysis by
facilitating expedited, more precise, and more effective data
processing. Al can streamline the chromatographic analysis process,
saving time and minimizing the potential for human error. This
enables scientists to dedicate their attention to intricate and
demanding analytical issues. With the ongoing evolution and
increasing technology adoption, we can anticipate additional
progress in chromatography analysis and the broader realm of
analytical chemistry.
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