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ABSTRACT

The last 10 years have witnessed the growth of artificial intelligence into different research areas,
emerging as a vibrant discipline with the capacity to process large amounts of information and even
intuitively interact with humans. In the chemical world, these innovations in both hardware and algo-
rithms have allowed the development of revolutionary approaches in organic synthesis, drug discovery,
and materials’ design. Despite these advances, the use of Al to support analytical purposes has been
mostly limited to data-intensive methodologies linked to image recognition, vibrational spectroscopy,
and mass spectrometry but not to other technologies that, albeit simpler, offer promise of greatly
enhanced analytics now that Al is becoming mature enough to take advantage of them. To address the
imminent opportunity of analytical chemists to use Al, this tutorial review aims to serve as a first step for
junior researchers considering integrating Al into their programs. Thus, basic concepts related to Al are
first discussed followed by a critical assessment of representative reports integrating Al with various
sensors, spectroscopies, and separation techniques. For those with the courage (and the time) needed to
get started, the review also provides a general sequence of steps to begin integrating Al into their
programs.

© 2021 Elsevier B.V. All rights reserved.
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1. Introduction

Artificial intelligence (Al) is a relatively new field of study that
aims at solving problems using computers, running code that
mimics the cognitive processes of the human brain. Most modern
algorithms involved in Al are not only able to connect inputs with
outputs but also to adapt to environmental clues and take actions,
increasing the chances of providing an accurate answer. Probably
the main advantage of Al is that it provides a tremendous capacity
to get meaningful and unbiased information from datasets that are
so large and/or so complex, no human could possibly analyze them
[1]. Moreover, the constant increase of computers’ processing
ability, along with the development of powerful algorithms and
their distribution under open-source platforms (e.g. frameworks,
APIs and training data) have allowed the application of Al to many
fields of science [2—7]. Among those, GPS navigation apps, self-
driving cars, voice-assistants (human language recognition), and
IBM’s Watson [8] are probably some of the most tangible examples
of advancements in Al and its penetration in our daily activities. In
terms of chemistry, Al has enabled ground-breaking advances
linked to drug discovery [9], material’s design [10—12] as well as
organic synthesis [13]. Innovations in the latter category are
particularly notable due to the capabilities of new computational
approaches (molecular design algorithms) that allow exploring
broad chemical spaces and bolster research in areas such as
molecule property prediction [14], molecule design [15], retro-
synthesis [16], reaction conditions predictions [17] and reaction
outcome prediction [18]. Despite the advances in learning, the
release of user-friendly frameworks, and the availability of pre-
trained neural networks, the use of Al for analytical purposes has
not been intensively explored and remains (comparatively

speaking) poorly understood. These issues can be attributed to the
gap between the existing academic training and the complexity of
modern algorithms applied in data science.

To address this problem, that has hindered the implementation
of Al in the area of analytical chemistry for several decades already
[19], this tutorial review aims to provide basic information to junior
researchers considering the integration of Al into their research
programs. We believe these professionals are uniquely positioned
to take advantage of these technologies to speed up developments.
The review provides an overview of the most relevant aspects of Al
(e.g. algorithms, training models and outputs) with emphasis on
recent advances in deep learning and its uses in relevant areas of
chemistry. Besides providing examples linked to chemical appli-
cations, the review also presents a critical assessment of the
application of Al into different analytical sub-disciplines (e.g. sep-
arations, spectroscopy, detection systems, etc.) as well as a quick
discussion of potential directions where Al could have the biggest
impacts in the near future. In order to provide realistic expecta-
tions, we also present a quick introduction to the steps required for
Al implementation, with links to pertinent training material.

2. Brief history of Al

Although the concept of artificial intelligence can be found in
Greek mythology (where some things were able to move autono-
mously) [20], the modern idea of Al really started when questions
such as “can computers mimic the human mind?” began to draw the
attention of the scientific community [21]. That said, it is generally
accepted that Al (as a field of study) was born the summer of 1956,
after a famous conference by John McCarthy [22], at Dartmouth
College. Since then, Al is defined as a field of computer science
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aimed at increasing the ability of computer systems to analyze a
certain environment and take actions to solve specific problems
[23]. The period following this conference provided remarkable
demonstrations of Al's applications such as the ELIZA program [24]
that was a chatterbot capable of processing natural language and,
the system STUDENT [25], capable of solving straightforward
algebra problems. This period is known as the Golden Years
(1956—1974) in which several (over) optimistic projections of Al's
uses were done in parallel with massive funding from govern-
mental agencies such as the U.S. DARPA. This was the period that
allowed several major developments in neural networks. However,
the successive failures to solve real-world problems and to reach
ambitious projections, along with technical and theoretical limi-
tations contributed to reductions in funding for this field as well as
a decrease in the overall enthusiasm about the idea. It is important
to clarify that, at that point, most of the tasks were solved by pre-
programmed Boolean expressions (IF/THEN), without any real
learning. In other words, these algorithms were only able to
respond to a series of preprogrammed decisions. Despite these is-
sues and taking advantage of the increased capacity to store and
read data, the following years (1980—2010) were dedicated to
developing systems with the capacity to learn from a dataset and
then provide reasonable outputs such as regression, clustering, and
classification. These accomplishments, commonly referred to as
machine learning (ML), were also made possible due to advances in
statistical tools as well as an increase in the processing power of
computers (integrated circuits with more transistors) to solve and
analyze complex mathematical tasks. Such breakthroughs came
with a new enthusiastic boom with applications in many scientific
fields such as robotics [26], computational vision [27], and cogni-
tive science [28]. The most recent growth and applicability of Al can
be also attributed to the continuous improvement of machine
learning algorithms based on complex artificial neural networks
(e.g. deep learning) [29,30]. Moreover, the “big data era” [31], the
easy access to Al frameworks based on online platforms, and the
availability of supercomputers have all facilitated the training and
sharing of complex models to predict unusual relationships as well
as to perform more complicated tasks. Along with the shift from
traditional machine learning techniques to the use of deep neural
networks, progress in the field has been facilitated by the devel-
opment of powerful (and accessible) graphics processing units
(GPUs/Graphics Cards) which can perform massive matrix math
calculations far faster than a typical CPU. This progress has also
been the primary driving factor in the democratization of Al, since
traditional machine learning required far more extensive engi-
neering of input data (usually referred to as Feature Engineering).
This new ability of computers to extract patterns from high-
volumes of data (even when poorly structured) is the engine
behind bots that already demonstrated high-level functioning in
games such as DOTA2 [32], chess [33], and AlphaGo [34].

It is also important to mention that although most of the papers
discussed in this review do not make an explicit difference between
Al and machine learning, there is a subtle distinction between the
terms. The former is a much wider concept that includes not only
the learning process from a dataset (technically defined as machine
learning) but also the simulation of human thinking and behavior
in response to a situation. Based on these advances, computers can
now assist in a wide number of fields related to chemistry including
healthcare [35—38], energy [39], drinking water [40], food pro-
cessing [41], fluid dynamics [30,42], and even review scientific ar-
ticles [43]. Again, and as summarized in Section 7 of this review, the
application of these technologies is slowly (but surely) evolving
from classic machine learning into the Al domain, providing real
opportunities to develop smart protocols that can respond to the
environment in ways that traditionally required the involvement of
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a human. Examples supporting specific approaches are provided in
the review.

3. Classification of machines and algorithms

Due to the previously described advantages, it is clear that Al
represents a powerful approach to explore the chemical space and
can help chemists with many specific tasks. Aiming to clarify dis-
cussions about this topic, the following paragraphs describe some
key technical aspects about Al, including a general overview,
common algorithms, and training models. It is not our goal to
provide mathematical details about each algorithm, as such de-
ductions can be found elsewhere [29,44]. Readers are also
encouraged to consult previously-published reviews linked to ap-
plications of Al to different aspects of chemistry [3,45—51], noting
that a significant fraction of them are oriented towards organic
synthesis and drug discovery.

3.1. General overview

The main purpose of any Al system is to get meaningful infor-
mation from a dataset. This dataset (or input) could be a collection
of variables from the chemical space (e.g. X, y, z) connected to an
output via a regression, classification, or clustering problem. In
other words, and regardless of the complexity, computer-based
strategies are simply used to link the input data to an output
result. To accomplish this task, many algorithms have been devel-
oped, each showing its own advantages and limitations, relative to
the nature of the input, the environment, and the desired output.
Thus, and while not intended to be comprehensive, this section
provides a brief survey of the most common algorithms currently
used in analytical chemistry as well as different strategies (super-
vised, unsupervised or reinforcement) that can be applied to train
them. Fig. 1 summarizes a general overview of these topics. Addi-
tional information related to common data scientific terms and
their definitions can be found in Ref. [52].

3.2. Learning in machine learning

3.2.1. Supervised learning

Supervised learning is by far the most common form of machine
learning and refers to the practice of training a model using labeled
data. For example, a dataset of photographs containing pictures of
cats and dogs, with each picture labeled as either cat or dog, or with
labels specifying the breed or some other useful characteristic (this
specific example is later discussed in Section 6). This dataset could
be used to train an Al system (a ‘classifier’) to predict the appro-
priate label for new, previously unseen pictures. In a similar way, a
dataset containing the vapor pressures of chemical compounds
could be used to train an Al system to perform a regression and
predict the vapor pressures of other compounds, not found in its
training data set. In effect, if vapor pressure is the desired output,
the detailed list of known vapor pressures becomes the ‘label’
attached to each compound. These training datasets are typically
created and maintained (or ‘curated’ in Al parlance) by humans,
often at great effort. Because these data are used by the Al as the
ultimate source of information, they are often referred to as Ground
Truth. A variation of supervised learning known as self-supervised
learning has gained recent notoriety. This is the practice of using
inherent features of the data themselves as labels: for example,
using text downloaded from Wikipedia and other sources, one can
train a system to predict the next word in a sequence of words, or
the missing word if a word is randomly dropped from a sequence.
This technique, developed for language modeling, has also been
applied to chemistry by training a neural network to predict
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Machine Learning

Learning Model

Supervised

Self & semisupervised
Unsupervised
Reinforcement

Algorithm Type

K Nearest Neighbors
Support Vector Machine
Random Forest
Boosting Algorithms
Neural Networks

Output

Regression
Classification
Generation
Clustering

Fig. 1. Key aspects and representative examples of the components of artificial intelligence, noting how traditional methodologies (biosensors, chromatography, spectroscopy, etc)
intersect with ML approaches and how ML could soon support the development of new analytical tools. Designed by PresentationGO.com.

missing atoms in the SMILES sequence of chemical reactions
[53,54].

3.2.2. Unsupervised learning

Unsupervised Learning is another relatively common practice by
which analysts examine unlabeled data to find trends and patterns,
most typically using principal component analysis or clustering
algorithms. This capacity to find patterns in the data over the noise
(plain information with no meaning) was applied to investigate the
degradation of a catalyst using 3D images [55] and is behind
Mol2vec, an approach that learns vector representations of mo-
lecular substructures that point in similar directions for chemically-
related substructures [56]. The application of this type of machine
learning towards classification and coarse-graining of molecular
simulations were recently reviewed [57]. As a slight modification of
this approach, where the most important components or patterns
in unlabeled data can be applied to create labels for subsequent
supervised learning, known as semi-supervised learning, was
recently applied to predict bioactivity of compounds [58] and to
develop a fully automated methodology for validation of the
identification of rarely occurring post-translational modifications
for peptides by MS/MS [59].

3.2.3. Reinforcement learning

Reinforcement learning is a technique rarely used in practical
business systems, but which has in recent years shown tremendous
power in use cases where complex planning and strategy are
required — especially in games. Reinforcement learning systems are
trained by defining a scoring system and allowing the Al to run
through a scenario many times — often tens or hundreds of thou-
sands of times - with the objective of gradually learning to maxi-
mize the score. This approach has been used, for example, to design
molecules with specified properties [60].

3.3. Examples of machine learning algorithms

Unfortunately, there is no set of golden rules to select the best
algorithm to address a particular problem. This decision is often

influenced by the amount and quality of the data available, the
computing resources, a target training time, and desired perfor-
mance. Recent publications led by Jimenez-Carvelo [61], Modaresi
[62], Reichenbach [63], and Qin [64] provide a critical assessment of
some of these strategies, when applied to the analysis of food,
water, wine, and fish samples, respectively. Although the selection
of the best algorithm to address a problem is often performed by
preliminary comparative experiments (as exemplified in
Refs. [65—67]), this section presents an overview of the most
common algorithms currently used, presented in increasing order
of sophistication. As a reference, Table 1 provides a brief classifi-
cation of common algorithms, followed by a brief discussion of the
most relevant for analytical applications (marked with *). A more
comprehensive list is provided as Supplementary Material where,
for example, reinforcement learning is included. It is important to
note that these are not exclusive approaches and many groups have
reported alternative ways to implement these algorithms.

3.3.1. K nearest neighbors

This is a well-known and simple algorithm, mostly used for
classification of datasets, although its application for regression
outcomes [61,65,68] is also feasible. The training model consists in
a multidimensional query of pre-labeled data, defined by the
number of nearest neighbors (k parameter) and the discriminating
distance to be used. The functionality for classification of an un-
known data is based on non-parametric method, in which a
mathematical tool (Euclidian distance) is used to classify an object
on its neighborhood according to the k most similar instance
(Fig. 2).

Albeit simple, this strategy has allowed to classify representative
elements into either metallic or non-metallic [69], to predict the
melting point of 4119 structurally diverse organic molecules and
277 drug-like molecules [70], and to discriminate between active
and inactive cyclooxygenase-2 (COX-2) inhibitors [71], among
others [62,64]. In line with these examples, it is generally accepted
that despite the simplicity and potential of K Nearest Neighbors to
discover complex decision boundaries with very large datasets,
random variations in smaller datasets used during the training
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Table 1
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Selected examples of machine learning algorithms and the corresponding learning approach.

Supervised and self-supervised learning

Unsupervised learning

Regression

Classification

Generation Clustering Dimensionality reduction

Traditional Machine Learning
Linear Regression

Logistic Regression

K Nearest Neighbors (k-NN)*
Support Vector Machines (SVM)*
Decision Tree (DT)

Random Forest (RF)*

Boosting Algorithms *

K Means

Principal Component Analysis (PCA)
Linear Discriminant Analysis (LDA)
Neural Networks (NN)*

Multi-Layer Perceptron X
Convolutional NN X
Recurrent NN

Transformer

Autoencoder

XXX X X X X
XX X X X

>

XXX X

XX X X

Y-Variable

X-Variable

Fig. 2. A graphical representation of k Nearest Neighbors algorithm applied to classify
an unknown sample. Note that the example specifically includes two (equivalent)
classes of data, the ideal scenario for this approach.

steps as well as the presence of outliers (weighed equally than good
points) typically lead to inaccurate predictions [72].

3.3.2. Support vector machines

Support vector machine (SVM) algorithms are mostly used to
perform classification tasks, but with a higher complexity than
those addressed by K-Nearest Neighbors. This technique is based on
a best fit of a hyperplane which separates two (or more) distinct
groups [73]. Here, the dataset is first split into a training and a
testing set and the goal is to develop a model with the ability to find
a decision boundary (hyperplane) with maximum distance to the
closest points of the training set (support vectors) [74]. The main
difference with respect to K-Nearest Neighbors is that SVM are able
to assign more importance to the points in the vicinity of the
boundary and therefore, they feature a much higher tolerance to
heterogeneous datasets. With some considerations, SVM concepts
can be also applied to regression problems [75,76]. The application
of this algorithm can be used for linear separations (Fig. 3A) or
nonlinear separations (Fig. 3B). In the first case, the groups can be

divided by using a hyperplane (line) in only two dimensions. On
other hand, nonlinear separation requires the use of kernel equa-
tions to convert a two-dimensional space into a three-dimensional
space aiming the use of the optimal hyperplane (n-dimensional
line).

This ability of SVM to model non-linear relationships has
allowed their extensive use for sensing [77], and spectroscopy ap-
plications [78]. Specifically, this approach has allowed predicting
mechanistic details about multiple-pathway chemical reactions
[79] and solubility of drugs [80], classifying active or inactive
compounds to prioritize screening [81], and provided objective
means to perform classification of coffee [82], wine [83,84], and
illegal drugs [85]. In addition, Ghasemi-Varnamkhasti et al. [86]
combined principal component analysis (PCA), linear discriminant
analysis (LDA) and a support vector machine to reach 100% accu-
racy in the binary classification of beers using an e-nose.

3.3.3. Random forests

A random forest is an algorithm based on the bootstrap aggre-
gation ("bagging"”) method, generally used to solve classification
and/or regression problems. The approach derives from the
ensemble of multiple decision regression trees (featuring lower
overfitting), approach that has been used for several chemical
predictions [87—90]. This algorithm has building blocks denomi-
nated as decision trees (DT) and, each one of them, could be
considered an independent learning model with low bias and high
variance (Fig. 4). The overall functionality consists in feeding the
decisions trees with bagging samples (rows and features) from the
dataset and/or training model to infer predictions according to a set
of questions. Each set of questions will lead to a distinct pathway
and, consequently, multiple possible outputs. Regarding the out-
puts, the final class is chosen based on majority voting for classi-
fication tasks, while the average output from the decision trees is
used to solve regression problems. Even though each decision tree
has high variance, the sum of all of them yields low variance which
makes this algorithm powerful and widely used for numerous ap-
plications in machine learning. To gauge the potential complexity of
the algorithm, a set of 500 random decision trees was applied to
process differential mobility spectra to quantitatively determine
condensed phase physicochemical properties of molecules [91].
Despite its advantages, one should consider balancing the size of
the dataset vs the structure of the decision tree and the number of
possible outputs to minimize bias.
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Fig. 3. Application of a support vector machine towards a linear (A) and non-linear (B) separation or two populations.
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Fig. 4. An example of Decision tree algorithm and it is general functionality.

As expected, this approach allows tackling even more complex
problems with many more variables and provides the means to
predict the activity of drugs against cancer cells [92], the taste of
chemical compounds [93], and the liver toxicity of chemicals [94].
Random forests have also been recently applied to interpret so-
phisticated Raman spectra of biological samples [95], to evaluate
infrared spectra for food adulteration detection [96], to classify
chemical threat agents using 2D-GC with time-of-flight MS detec-
tion [89,97], to remove errors in large-scale lipidomics [98] and to
analyze metabolomics data [99].

3.3.4. Boosting algorithms

Boosting algorithms are a class of related methods including the
popular and powerful AdaBoost and Extreme Gradient Boosting
(XGB) mechanisms. What they have in common is that they build
ensembles of smaller, less sophisticated mechanisms which
together compose much more powerful structures [100]. This looks
similar to the ‘bagging’ used in Decision Trees, but rather than
randomly creating decision trees and averaging or voting on out-
puts, these algorithms use mathematical calculations to determine
where best to cleave the decision space in order to improve accu-
racy. As a result, algorithms such as XGB usually improve on De-
cision Trees for complex tasks. Like decision trees, in operation they
are completely deterministic and therefore easier to interpret than
neural nets. In fact, while the world of Al has been moving strongly
toward neural nets for the past few years, boosting algorithms are
the last holdout of traditional machine learning algorithms for
competition-level state-of-the-art performance. As of early 2021
these algorithms are still the most popular choice for top com-
petitors working with data other than imagery and natural

language; and can be used very efficiently — often more efficiently
than a neural net - to achieve state of the art results on many tasks
including the quantitative analysis of wheat maltose [101] or the
evaluation of beef quality attributes [67] example that was used to
demonstrate the importance of matching the algorithm with the
problem.

3.3.5. Neural nets

A neural net (more formally referred to as an Artificial Neural
Network or ANN) can be defined as a processing data method that
resembles the way human brains solve problems. Neural nets can
be applied to many types of problems including classification,
regression, and pattern recognition [80]. The primary building
block of this system is denominated a neuron, where each one has
an input, an ability to mathematically process values and, give an
output. Concerning the system'’s general architecture, the layered
structure is the most common one, where the neurons are linked
from the input layer, passing through one or more (usually many)
hidden layers, to the output layer (Fig. 5A). It is the capacity of these
networks to process non-linear activation functions that allows
learning, via complex interactions between the neurons. In fact, it
has been demonstrated that this combination of linear and non-
linear functions can (theoretically) be used to approximate any
function, to any level of accuracy — a law known as the Universal
Approximation Theorem [102].

Neural nets, therefore, can be used to tackle almost any problem
in data science. They are not always the best choice, especially in
cases of very limited data or when it is imperative that the func-
tioning of a model be fully deterministic and explainable. That said,
and as a general rule, they are the most universally-useful tool
available. For this reason, and because they are relatively easy to
learn and apply, we will focus primarily on neural nets for the
remainder of the review. In the simplest case, a neural net is
composed of the input layer, one hidden layer (processing the in-
formation), and the output layer (providing the results) - a rela-
tively rare structure called a shallow neural net. More commonly,
systems that integrate two or more hidden layers are called deep
neural networks (DNNs). By processing the information through
multiple hidden layers, these structures can address more complex
problems than shallow neural nets, though they often require larger
datasets for training [50,52,103]. The general practice of using deep
neural nets is often referred to as Deep Learning (DL)
[29,44,48,104—106].

According to the arrangement of neurons in each layer and
between layers, many types of architectures can be constructed.
The simplest, in which every neuron of each layer is connected to
every neuron in the layers above and below, is traditionally called a
Multi Layer Perceptron (MLP), though this arrangement is most
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Fig. 5. A single (A) and multiple (B) layer’s structure of an Artificial Neural Network,
and the functionality of each neuron (C).

commonly mixed in with other types of layers and simply called
fully connected or dense layers. MLPs are still a favored choice when
working with tabular data, especially when using embeddings to
represent categorical data. The most mature and certainly one of
the most powerful architectures is the Convolutional Neural Net
(CNN), which is used mostly for 2-D images [107] but has been
applied successfully to 1-D and 3-D data and to many analytical
tasks [108—112] where translation invariance is desirable. Time-
series and other sequential data such as written text have mostly
been handled by Recurrent Neural Nets (RNNs) [113], but recently
these have largely fallen out of use in favor of transformers [114], a
class of architecture which makes heavy use of attention layers of
various types. MLPs, CNNs, and transformers can handle practically
any supervised or self-supervised use case likely to occur in
analytical chemistry. For unsupervised learning, Autoencoders are a
class of architecture which can perform dimensionality reduction
and clustering (for example, in LC-MS data [115] or to increase the
LOD in gas sensors [116]). It is worth bearing in mind that there is
an unlimited number of neural net architectures, and many useful
architectures are mixtures of the types described above.

Another important aspect of neural nets is that these systems
can be readily adapted to new data without the need for extensive
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Feature Engineering, the often-cumbersome practice of input data
manipulation and enhancement, endemic in most other tech-
niques. Therefore, and for exemplification reasons, the following
discussion is centered on deep learning methods in which several
hidden layers are interrelated in a logical sequence (Fig. 5B).
Regarding the functionality: for each layer, the outputs of the
previous layer are multiplied by a matrix of Weights and then a Bias
value is added to produce the initial output. After this linear math
function, a nonlinear mathematical operation called an Activation
Function must be applied before passing the output to the next
layer. (Fig. 5C). This may be any almost nonlinear function, such as a
Sigmoid function, a Logistic or Exponential Linear Unit; but in
current practice it is usually a Rectified Linear Unit (‘ReLU’), which
simply replaces any negative values with zero. A forward propa-
gation will occur through all the layers until the output layer that is
going to provide a certain value. In other words, the weights and
biases will directly impact on the activation value of each neuron
and, consequently, on the final output.

When training a neural net using Supervised Learning, each
training example is fed into the neural net, and then the output of
the neural net is compared to the label attached to the input
example. This comparison is done by what is called the Loss
Function and when aggregated across many training examples, it is
a calculation to estimate how good the neural network model is:
the lower the lossfunction’s value, the better the neural net. In this
way, the direct purpose of training the neural net is to make the loss
function as low as possible. Recent advances in computer science
have led to programming languages which can automatically
calculate the gradients of complex multidimensional functions. By
automatically finding the negative gradient of the loss function, the
weight and bias parameters can be incrementally adjusted to
reduce the loss. This mechanism of aggregating the loss function
over a number of training samples, then finding the gradient of that
loss function and incrementally updating the weights and biases to
descend the gradient is called Stochastic Gradient Descent (SGD),
and is the basis of most Neural Net training.

The many weight and bias parameters of a deep neural network
are analogous to a huge multi-dimensional space. For visualization
purposes to understand how neural net training works, this high-
dimensional space can be represented as a three-dimensional
landscape where the loss function represents the height of the
surface in the z dimension and the weights and biases are repre-
sented by the x and y dimensions (Fig. GA, also see Ref. [117] and
video visualizations at https://losslandscape.com/). In these visu-
alizations, following the downward slope of the landscape by
incrementally changing x and y gradually — like a ball rolling down
a complex and bumpy hillside - reduces the loss function’s value
towards a minimum that represents the lowest difference between
the training data set and unknown data (Fig. 6B).

One of the challenges in neural network training is that there
may be many local minimum values in the landscape where the
“ball” can roll no lower in the immediate vicinity, and yet much
lower minima exist elsewhere. Complex algorithms have been
developed for avoiding getting stuck in these “local minima” —
should the ball have momentum? Should it start with small steps,
gradually move faster, and then slow down again? Should it leap
forward for several aggressive steps and then jump back to an
average of the previous steps? Modern Al libraries such as PyTorch
(https://pytorch.org/) and TensorFlow (https://www.tensorflow.
org/) provide researchers the tools required to experiment with
many of these techniques, but most practitioners can feel
comfortable simply using the default settings which will generally
do a good job for most tasks when not trying to break any records
for training time and accuracy. Will your “ball” eventually find the
true “global minimum”? In a neural net with many layers and
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Fig. 6. Three-dimensional shape of gradient descendent (A) and its representation as a function of two variables (B).

thousands to millions of weight and bias parameters, there is
generally no way to know ... the more practical question is: Is the
neural net accurate enough to do what we want it to do?

To answer these questions, it is important to understand that
the adjustment to weights and biases is done thousands of times,
with each adjustment being a single small step. But how can in-
dividual adjustments to thousands or millions of parameters be
calculated from each training sample? This adjustment is done by a
Back Propagation algorithm: the loss function is calculated for the
training samples in batch, and an adjustment is made to the very
last layer of the neural net to adjust its parameters slightly in the
direction of lower loss. Then layer by layer, this update is contin-
ually applied backwards through the neural net using a simple
built-in matrix calculus function (based on the Chain Rule of dif-
ferential calculus) to determine how much of an update to apply to
each weight and bias parameter at each layer.

As the size of the dataset increases, so generally does the ac-
curacy of trained model and its ability to make accurate predictions
(i.e. classifications or regressions) on previously unknown inputs.
The recent breakthroughs in neural nets are due to Deep Learning’s
strengths, such as it is ability to provide high quality results from a
large dataset without the need for traditional feature engineering
and for its practical applicability to multiple real-world domains.
Thus, neural nets have been extensively used in conjunction with
analytical applications and applied towards the classification of
olive oils [118], prediction of flash points of pure compounds [119],
properties of materials [106] and to support various spectroscopies
[109,120,121]. The added complexity of neural nets has also allowed
discriminating myeloma patients using MS data [122] or treating
chromatograms [123]. Additional applications linked to food in-
dustry [41,61,118,124,125] have also been recently reviewed.

4. Teaching chemistry to computers
4.1. Sources of data and libraries

There have been multiple attempts to incorporate Al next to the
lab benches [126]. However, many of the past efforts can be
considered outstanding examples of computer algorithms, pro-
grammed to execute a pre-defined set of logic steps to search for a
pre-programmed solution [50]. In contrast, and considering that Al
systems are trained (not programmed) to provide a probabilistic
answer, most of the breakthroughs of Al in chemistry can be traced
back not only to recent developments in neural nets (and deep
learning in particular) but also to the increase in the volume and
quality of chemical datasets [37,61,127—130]. It is important to state
that having access to unbiased, structured data (or a way to extract

data from unstructured sources) has been critically important not
only for analytical chemists [103,131] but also for those interested
in the design of models with the capacity to optimize methodolo-
gies and to predict reaction schemes [132,133]. In this regard, and
while a handful of reports have used relatively small databases
(1026 odorants [134], 981 primary and 852 secondary metabolites
[135]) most machine learning approaches require datasets with
(hundreds of) thousands of unique entries [136—138].

Highlighting the importance of locating and mining important
information from large databases, Buryak’s group [110] recently re-
ported a deep convolutional neural network (CNN) that is able to
rank candidates for the EI-MS library search (low resolution spectra)
in the NIST 17 database (retention index data and GC conditions for
99,400 compounds on various columns, including MS spectra for
72361 of them; https://chemdata.nist.gov/). While many of these
datasets are publicly available, many of them are associated with Al
platforms such as RXN for chemistry (https://rxn.res.ibm.com, a free
Al machine powered by IBM with the capacity to predict organic
chemical reactions); Pistachio (https://www.nextmovesoftware.
com/pistachio.html, a platform able to extract synthetic conditions
from unstructured text in databases)[130] ChemOS [139] (a software
package supporting material science and drug discovery); or Deep-
Mind (https://deepmind.com, a collaborative platform with broad
applications, including quantum chemistry [140] and protein folding
[141]). In addition to commercial tools such as MatLab [142], Mole-
culeNet [143] (http://moleculenet.ai/) allows testing machine
learning methods of molecular properties, integrated as parts of the
open source DeepChem package (MIT license). One remarkable
aspect of this project is that they also present a collection of data-
bases, with information related to quantum mechanics, physical
chemistry, biophysics, and physiology. These repositories allow users
to develop applications beyond those traditionally used in analytical
chemistry, several of them summarized in Table 2.

Numerous open-source programming libraries are also available
to make these data sources accessible to chemists, although with
some programming ability is often required. One particularly good
example is the PubChemPy library (https://pubchempy.
readthedocs.io/) which makes it easier to query PubChem directly
through Python. It is also important to note that a common practice
among data scientists is to work with datasets in interactive envi-
ronments such as Jupyter Notebooks, which enable interactive
experimentation (the process known among data scientists as
Experimental Data Analysis) of data one or a few lines of pro-
gramming at a time. As a brief example, the Supplementary Infor-
mation section describes the steps required to apply the
PubChemPy library to use a database to find synonyms for a com-
pound name.
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Table 2
Selected examples of searchable databases to obtain (input) chemical information.
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Name Remarks

Reference/Link

GDB databases Small molecules

Chemical Abstract Service Maintained by ACS, includes SciFinder, patents, methods, etc.
Maintained by NIH, includes chemical and physical properties, biological activities, safety, https://pubchem.ncbi.nlm.nih.gov/

PubChem
and toxicity, etc.
Chemistry webbook

Protein Data Bank Protein Structures in 3D formats

Maintained by NOST, includes spectra, properties, etc.

[144]
https://www.cas.org/

http://webbook.nist.gov/chemistry/
http://www.rcsb.org/

ProtDataTherm Thermostability analysis of proteins [145]

ZINC Commercially-available compounds for docking as well as search for analogues http://zinc.docking.org/
ChemSpider Text and structure search, includes references, properties, spectra, and suppliers http://www.chemspider.com/
Merck Index Maintained by RSC, properties, reactions, structures, constants and conversions https://www.rsc.org/merck-index
NOMAD CoE Applied to materials science https://www.nomad-coe.eu/

Spectral Database for
Organic Compounds SDB

NMR, IR, Raman, etc. spectra

MassBank Public repository for sharing mass spectral data for life sciences
Crystallography Open Organic, inorganic and complex crystal structures
Database

United States Patent and  Patents
Trademark Office

eMolecules Chemical structure

Chemical Structure Lookup Bioactivity, metabolite, patents, drug development, imaging agents, crystal structures,
natural products, reaction databases, toxicology and environmental data
Physical and chemical properties, structure, safety, etc.

Service

CRC Handbook of
Chemistry and Physics
Online

NextMove Patent Reaction Reactions extracted from patents from 1976 to 2016
Dataset

Malaria Drug Accelerator

Database linking phenotypic hits to function for malaria.

http://sdbs.riodb.aist.go.jp/sdbs/cgi-bin/cre_
index.cgi

http://www.massbank.jp/
http://www.crystallography.net/

http://patft.uspto.gov/

http://www.emolecules.com/
http://cactus.nci.nih.gov/cgi-bin/lookup/search

http://hbcponline.com/
https://depth-first.com/articles/2019/01/28/

the-nextmove-patent-reaction-dataset/
http://winzeler.ucsd.edu/malda/

4.2. Descriptors

There are multiple ways to represent chemical structures in a
way that computers can learn from them. Probably the most
common one is SMILES (Simplified Molecular-Input Line-Entry
System) [53,54]. This is a rather simple notation in which molecules
are represented by a string of characters representing atom and
bonds, without including hydrogen atoms. Because this notation
uses letters (to represent atoms), parentheses (to represent
branching points) and numbers (to designate ring connection
points), it can be also interpreted by (some) humans. For example,
the characters -, =, #, *, and . represent single bond, double bond,
triple bond, aromatic bond, and disconnected structures, respec-
tively. Thus, a molecule of phenol is represented by
C1=CC=C(C=C1)0. One limitation of this notation is, however, that
it doesn’t encode chirality. In cases where chirality is important, the
International Chemical Identifier (InChl, https://www.inchi-trust.
org/) can be used. Note that the PubChemPy library described
above is also capable of searching for compounds using their
SMILES and InChl representations. Although their specific imple-
mentation is not discussed in detail here, these strings of characters
can be processed into chemically-related information for use in
various neural net architectures, including transformers [114].
Building from language-based solutions, these neural networks
may treat reactions (reactants — products) as a translation task
[146,147], or a language classification task [148], and are able to
process multiple input vectors at the same time [49]. In fact, Winter
et al. [149] described a system that was able to translate between
two semantically equivalent but syntactically different represen-
tations of molecular structures, compressing the meaningful in-
formation both representations have in common in a low-
dimensional representation vector. It is also important to mention
that there are multiple ways to perform these transformations,
based on numerical parameters and/or graphical interpretations
[128,150—155]. Again, and despite the decades of development
[156,157], many of these systems have found their way mostly into
the description or prediction of organic synthesis

[15,49,133,158,159].
4.3. Output interpretation

A side effect of the fast expansion of the predictive capabilities of
Al has been the ability to adopt some of these technologies without
paying too much attention to how the learning process is imple-
mented and what is the chemical link (reactivity) between the
input and the output. In such cases, the Al method behaves as a
dangerous black box that is able to chew data and spit out answers
without providing meaningful information about the system
[65,66,160]. This issue is not exclusive to our field [161] and
addressing it (even as a grey box [77]) is particularly important for
projects focusing on reaction schemes [45,60,79,154]. On the other
hand, treating the algorithm as a black box could be reasonable for
analytical problems where the output itself (classification, cali-
bration, signal improvement, etc) is more important than under-
standing how the model derived it. This could be the case of an
algorithm predicting results based on a well-established chemical
mechanism and under limited experimental conditions. From our
perspective, and beyond the philosophical issue of not knowing
how and why the prediction was made, this approach could lead to
a) limited ability to rationally troubleshoot the process, b) potential
mistakes during generalization, and c) inability to identify and
mitigate bias. The latter is particularly important because (for
instance, and unless specifically corrected), predictions extracted
with one machine learning approach (Mol2vec, IVS2vec) could
carry-over an unrelated bias embedded in the original algorithms
(Word2vec, [162]).

5. Al in analytical chemistry

Al algorithms are beneficial as substitute methods to conven-
tional approaches or as components of embedded systems. Despite
their advantages and limitations towards solving analytical prob-
lems [130], Al has been applied for optimization and data inter-
pretation of several analytical approaches including biosensors,
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microfluidics, chromatography, mass spectrometry, Raman,
hyperspectral imaging and NIR. Here, we provide a few examples of
Al applied to different analytical applications considering that the
list is likely to be incomplete and will probably become outdated
soon.

5.1. Colorimetric sensors

Integration of Al approaches including pattern analysis and
classification algorithms with sensors can bridge the gap between
the data acquisition and analysis, resulting in a new and revolu-
tionary cross-disciplinary research area [163]. In this regard, com-
puters can now easily identify patterns of shapes and measure color
intensity greatly increasing the throughput and accuracy of various
sensing approaches. For example, Jiang et al. [164], applied an
extreme learning machine (optimized after including 20 hidden
layers) and an evolutionary algorithm (available at https://www.
ntu.edu.sg/home/egbhuang/elm_kernel.html), to the quantitative
determination of tea polyphenols using a homemade color sensi-
tive sensor composed of nine color spots. Similarly, Kim et al. [165]
was able to enhance the selectivity of sensors developed using M13
bacteriophages modified with a surface protein (pVIII). Upon
demonstrating that these pages generate unique color patterns
when interacting with certain analytes, they implemented an
automated clustering approach through RGB distance values. Luo
et al. [166], applied a machine learning model to the analysis of
total organic carbon (TOC) using inkjet-printed colorimetric sen-
sors. The machine learning model trough pattern recognition
describe the relationship between the sensor and TOC value. Using
a combination of machine learning and colorimetry, Duan et al.
[167], presented a strategy based on color-spectral images to
discriminate mixtures of amino acids. Authors evaluated the per-
formance of six common convolutional neural networks (LeNet,
Vanilla CNN, Residual Network, SqueezeNet, VGGNet and GoogLe-
Net Inception v1) and concluded that the VGG model provided the
most convenient compromise between the architecture (number of
layers and channels), accuracy, and speed. The same group also
applied a similar approach for the analysis of pollutants (mercuric
chloride, lead nitrate, tetracycline, nickel sulfate, cupric nitrate and
chromic chloride) and found that despite the sensitivity issues, the
Inception vl model displayed a better astringency and a higher
accuracy [111]. A significant improvement was recently discussed
by Yu et al. [168] that implemented a convolutional neural network
model (two hidden convolutional layers, two subsampling layers, a
fully connected layer, and an output layer) to treat videos com-
pressed into static images. In this way, they preserved the
morphology and motion of single cells and lowered the computa-
tional demands. Similar approaches describing the application of Al
towards the development of holographic biosensors [169] and fuse
terahertz spectroscopy and imaging [101] have been also described.

5.2. Electronic noses

These sensing approaches take advantage of Al algorithms for
mimicking biological olfactory systems, connecting a particular
sample with a signal pattern via a pattern recognition algorithm
[134,170]. From the chemical standpoint, the approach is based on
the use of sensors with low selectivity and thus the dynamic signal
can be affected by the analyte (structure, reactivity, concentration,
etc.) and the conditions (type of sensor, temperature, concentra-
tion, flow, pressure, interferences, etc.) thus generating rather
complex patterns [171]. As an example of the capacity of Al to aid in
the assessment of beer quality, Gonzalez-Viejo et al. [172] inte-
grated 17 commercial sensors with a two-layer feedforward
network model, which is composed of a tan-sigmoid function in the
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hidden layer and a linear transfer function in the output layer.
Another interesting e-nose approach was also presented by Hay-
asaka and co-workers [173], where instead of using a sensor array
they used a single graphene field-effect transistor (GFET) and the
power of machine learning to achieve gas selectivity. To accomplish
this, the conductivity profiles were recorded, decoupled into four
distinctive physical properties generated when gas molecules
interact with the graphene and finally projected onto a feature
space as 4D output vectors. This approach was able to quantita-
tively classify water, methanol, and ethanol with high accuracy
when tested individually. Systems based on other sensors (quartz
crystal microbalance [174]) and with different applications (beer
[86], waste-water [175]) have been also recently published.

5.3. Biosensors

Smartphone-based sensing systems have received special
attention with the worldwide popularity of smartphones. Due to
the integration of numerous sensors and functions such as pro-
cessing and communication, smartphone-based platforms are now
coupling Al approaches and gaining importance in analytical
chemistry [163]. Rodriguez-Rodriguez et al. [176] proposed the
possibility to forecast glucose levels in diabetic people by executing
predictive algorithms locally using portable devices such as
smartphones and a Raspberry Pi. While the idea of running highly-
demanding algorithms coupled to a wearable amperometric
glucose sensor (Freestyle Libre, [177]) is challenging due to the
restricted computational resources, limited battery power, and
risks of being disconnected from the Internet; they found that it is
possible to do predict blood glucose levels with a root mean
squared error of 11.65 mg/dL in just 16.15 s, employing a 10-min
sampling of the past 6 h of data (interstitial-glucose levels) and a
Random Forest. With the Raspberry Pi, the computational effort
increases to 56.49 s, but authors stated that this can be improved to
34.89 s if SVM are applied achieving an error of 19.90 mg/dL. Be-
sides these examples, it is worth mentioning the applicability of
intelligent approaches to enhance the power of other electro-
chemical biosensors designed for the analysis of prostate cancer
antigen [178] or e. coli [179]. A few additional examples can be
found in a recent review [180], specifically focused on connecting
machine learning with biosensors.

Linked to a common reaction pathway and taking advantage of
the connectivity and remote processing ability of smartphones,
Solmaz et al. [181] presented a custom smartphone application
(“ChemTrainer”) based on machine learning algorithms for auto-
matic quantification of peroxide content on colorimetric test strips.
The most interesting aspect in this development is that the app
captures, crops, processes the active region of the strip, and then
communicates with a remote server that contains the learning
model through a Cloud-hosted service. LS-SVM and Random Forest
classifiers were fed with the mean RGB, Hue-Saturation-Value
(HSV) and labeled values of the test strip image under various
illumination conditions. The model detects the color change in
peroxide strips with over 90% success rate. Advancing this concept,
Draz et al. applied a convolutional neural network (using Inception
v3 architecture, which was transfer-learned using Google’s Ten-
sorFlow framework) to detect various virus (hepatitis B, hepatitis C,
and Zika) following just the visual patters of gas bubbles using just
a cell phone [182].

The 2019 SARS CoV-2 (COVID-19) pandemic has illustrated the
need for rapid and accurate diagnostic protocols. In this sense,
biosensors play an outstanding role for detection of COVID as can be
inferred trough the large number of publications in this area in the
last months. Nevertheless, the combination of Al with biosensors
could bring outstanding advantages such as automation, patients’
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classification, high processing capacity and fast statistical analysis.
Cady et al. [183] developed a multiplexed grating-coupled fluo-
rescent plasmonic (GC-FP) biosensor for measure antibodies
against COVID-19 in human blood serum and dried blood spot
samples. Also, a support vector machine based machine learning
approach was developed to score patient samples for prior COVID-
19 infection, using antibody binding data for all three COVID-19
antigens used in the test. Recent studies have shown that one
important feature of COVID-19 is the abnormal respiratory status
caused by viral infections. Taking advantage of this, a portable non-
contact method to screen the health conditions of people wearing
masks through analysis of the respiratory characteristics from RGB-
infrared sensors was proposed [184]. The authors developed a
portable screening device to get the thermal and RGB videos from
target people. In order to extract respiration data from faces in
thermal videos, face recognition method to capture people’s
masked areas was applied. Then a bidirectional GRU neural
network with an attention mechanism (BiGRU-AT) model to work
on the classification task was used. The results of validation ex-
periments show that the model can identify the health status of
respiratory with 84% accuracy, 90% sensitivity and 76% specificity
on the real-world dataset.

5.4. Mass spectrometry

Because MS is one of the most utilized detection techniques in
analytical chemistry, several Al algorithms have been applied for
classification and interpretation of spectra [67,122]. Along these
lines, Hwang et al. [185] reported the classification of N-glyco-
peptides as core- and outer-fucosylated types using LC-MS/MS and
machine learning algorithms such as deep neural networks (DNN)
and support vector machines. Following the workflow described in
Fig. 7, they reported an accuracy of more than 99% against manual
characterization for 82 fucosylated N-glycopeptides (54 core, 24
outer and 4 dual) from 22 glycoproteins.

Other examples of machine learning approaches to evaluate
metabolomic data have been also recently reported
[67,154,155,186]. Not only large proteins but also small molecules
have been targeted by MS-AL Jang et al. [187] developed a software
named AI-SIDA (artificial intelligence screener of illicit drugs and
analogues) for screening unknown erectile dysfunction drugs and
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analogues using LC—MS/MS. AI-SIDA consists of three different
layers: LC-MS/MS viewer, Al classifier, and Identifier. The second Al
classifier layer, an artificial neural network classification model,
was constructed by training 149 LC—MS/MS spectra (including 27
sildenafil-type, 6 vardenafil-type, 11 tadalafil-type ED drugs/ana-
logues and other 105 compounds). This model was found to show
100% classification accuracy for the 187 LC—MS/MS modeling and
test data sets. Donati’s group [188] demonstrated the usefulness of
supervised and unsupervised machine learning methods to accu-
rately evaluate matrix effects, one of the parameters that most
affect analytical signals. Although their interesting study is useful
and complete for the prediction of the effects caused by carbon and
easily ionizable elements on inductively coupled plasma optical
emission spectrometry (ICP-OES), it is of upmost importance
because it opens the door to start considering Al strategies to
address different effects, including severe matrix effects of real
world samples particularly affecting extractions, sample injection
in different instrumental analysis techniques and detection in mass
spectroscopy.

5.5. Vibrational spectroscopy techniques

There are several reports on the use of Al involving spectroscopy
techniques such as visible (VIS), near-infrared (NIR), mid-infrared
(MIR), fluorescence, Raman, and nuclear magnetic resonance
(NMR). As recently described by Yang et al. a number of studies
have already demonstrated the advantages of deep neural net-
works to extract critical patterns from raw spectra, significantly
reducing the demand for feature engineering [120]. Among those, a
number of applications have focused on obtaining classification
(geographical, botanical, etc.) data and managing the large amounts
of information obtained by hyperspectral imaging. Hyperspectral
imaging (HSI) techniques have become a very popular and powerful
tool to inspect food and agricultural products, making their com-
bination with Al algorithms quite natural. In this sense, Quin et al.
[64] developed multimode hyperspectral imaging techniques to
detect substitution and mislabeling of fish fillets. Using reflectance
in visible and near infrared region, fluorescence, reflectance in
short-wave infrared region, and Raman in combination with 24
machine learning classifiers in six categories (i.e., decision trees,
discriminant analysis, Naive Bayes classifiers, support vector
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Fig. 7. The computational workflow for classifying the fucosylation of N-glycopeptides using machine learning. Extracted from Ref. [185].
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machines, k-nearest neighbors classifiers, and ensemble classifiers)
were able to examine fish species and freshness. The different
combinations of machine learning classifier, spectral type, and
dataset provided an intuitive way to compare their performances
and identify the best combination. Recently, Near Infrared Hyper-
spectral Imaging (HSI-NIR) combined with machine learning for
supervised detection and classification of Cannabis sativa L. was
demonstrated [189]. Samples of leaves of Cannabis sativa L. and
containing other similar plants were used to simulate an illegal
plantation. Their approach was able to recognize cannabis plants
under natural conditions with only four spectral bands. Spectral
images with chemical mapping analysis can provide chemical and
spatial information; low-cost drone imaging systems could signif-
icantly contribute to forensic, food and environmental sciences. In
additional to other developments linked to the use of hyperspectral
spectroscopy for the detection of bacteria [190], Ghaffari et al.
recently presented a protocol to select only the samples and vari-
ables in a data matrix that carry essential features, reaching
reduction rates of over 99% within seconds [191].

In addition to the previously-described examples of Infrared
Spectroscopy coupled to Al for biosensing purposes [151,152], the
combination of IR-Al has been also applied to identify the
geographical origin of several products, thus avoiding frauds and
adulteration tactics [96]. Bona et al. [82], applied near infrared
(NIRS) and mid infrared spectroscopy in combination with support
vector machines to obtain geographical classification of different
genotypes of arabica coffee, leading to the correct classification of
all samples with a sensitivity and specificity of 100%. In a similar
way, a method for discriminating the origin of the medicinal plant
Tetrastigma hemsleyanum was proposed using NIRS and deep
learning models. In this case, the convolutional neural network
(CNN) was faster and more accurate than the tested support vector
machine (SVM) and the self-adaptive evolutionary extreme
learning machine (SAE-ELM) [192]. A rapid and specific method for
the detection of fish allergen parvalbumin was developed based on
IR spectroscopy [193]. Inception ResNet (IRN), support vector ma-
chine, and random forest models were successfully trained,
established and compared using parvalbumin IR spectra from 16
fish species. Although the tree studied models were able to identify
the fish allergen parvalbumin, IRN model was selected since it
provided the highest accuracy (up to 97.3%). Accurate estimation of
soil organic matter (SOM) is essential in understanding and to
identify areas that need fertilization. The SOM have been estimated
using Visible and near-IR spectroscopy coupled to extreme learning
machine (ELM) and support vector machine. ELM models yielded
superior predictability relative to SVM models [194]. Due to the
growing complexity of these datasets, machine learning (based on
ab initio molecular dynamics simulations) has also been applied to
predict highly accurate molecular infrared spectra with unprece-
dented computational efficiency [195]. Other applications of Al
linked to infrared spectroscopy include the analysis of microplastics
[196] and seeds [197] and herb extracts [198].

Gomes et al. [199] studied the combination of surface plasmon
resonance (SPR) based sensors with different machine learning
techniques aiming to improve and attest to the quality of the real-
time SPR responses so-called sensorgrams. They were able to create
intelligent SPR sensors to give a safe, reliable, and auditable analysis
of sensorgram responses.

Considering the links between DNA damage and the develop-
ment of diseases, Chen et al. [104] applied a deep-learning-based
open-source pipeline (FociNet) to automatically segment full-field
fluorescent images and dissect DNA damage of each cell. Beyond
the development of the system (deployed using standard scripts in
https://www.kaggle.com/keegil/keras-u-net-starter-1b-0-277/
comments?scriptVersionld=2164855/notebook, a sigmoid
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activation function for the last layer, a binary_crossentropy loss
function, and Adam optimizer), the work provides a tool to evaluate
DNA damage on the basis of microscopy images as well as a po-
tential strategy for high-content screening of active compounds.
Not surprisingly, other groups have also pointed to the advantages
of using the Adam optimizer [200], especially for spectroscopy data
[120]. Also using a configuration similar to the one reported by
Chen [104], Cui and co-workers [201] reported the combination of
deep learning and three-dimensional (3D) fluorescence difference
spectroscopy for rapid identification of mixtures of illicit drugs in
biofluids. In this case, they evaluated the performance of several
supervised models and concluded that the selected generative
adversarial network (containing a 3-layer generator and a 3-layer
discriminator) provided the best generalization capabilities. This
approach allowed the identification of various drugs considering
the signal of the mixtures including codeine, 4,5-methylene-dioxy
amphetamine, 3,4-methylene dioxy-methamphetamine, meperi-
dine, and methcathinone; regardless of their fluorescence. Also
focusing on fluorescence analysis, Olivieri’s group described the
possibility to apply artificial neural networks to estimate the
sensitivity parameter without extensive computational costs [202].

Because it is one of the most versatile analytical techniques,
several groups have explored the possibility to couple Al to Raman
Spectroscopy [95]. In this regard, Li et al. proposed a combination of
SERS with three variable selected regression methods for the
determination of thiabendazole in apple juices, reaching for the
best model a recovery range of 83—93% [203]. In this case, the
extreme learning machine model was built after the analysis of the
nonlinear correlation between SERS spectra of thiabendazole and
their corresponding concentrations. Complementary, Zhu et al.
[204] proposed coupling SIMPLS with interval selection, model
population analysis (MPA), weighted bootstrap sampling (WBS)
and soft shrinkage for simultaneously predicting the volume ratios
of various pesticides by SERS spectra. Albeit the SIMPLS algorithm
should be strictly classified as a chemometric method [205], its
combination with MPA/WBS showed good prediction performance
and illustrates the potential overlap between ML algorithms and
traditional chemometric approaches [61,86,197,206]. The same
group [112] also recently combined SERS with a one-dimensional
convolutional neural network (1D CNN) for the onsite determina-
tion of pesticides and applied this approach towards tea samples.
Their results were contrasted with conventional approaches with
satisfactory results. Interestingly, the identification of pesticide was
performed on the cloud server and then the trained 1D CNN models
can be applied for subsequent analysis.

Since CNNs are the most mature type of neural net and are great
for any sort of image classification, a number of researchers have
applied them for bioanalytical purposes, especially coupled to
Raman imaging [108]. Along these lines, Lu et al. recently presented
a novel method that uses a convolutional neural network (ConvNet,
Fig. 8) to analyze biological Raman spectra and identify the mi-
crobes at a single-cell level and with an accuracy of 95%. To
accomplish this, authors utilized a clever 10-fold cross-validation
where the shuffled random data were split into 10 sets of approx-
imately equal size to perform either testing or training the ConvNet
model (repeated 10 times and each of the 10 sets acted as test data
once) [207].

Taking advantage of the unique merits of SERS, Shi et al. [208]
explored the set up a SERS-based database of deoxyribonucleic acid
(DNA), suitable for artificial intelligence-based sensing applica-
tions. This database was built using silver nanoparticles (AgNPs)-
decorated silicon wafer (Ag NPs@Si) SERS chips, followed by
training with a deep neural network. Three representative tumor
suppressor genes were discriminated in a label-free manner with a
recognition accuracy of 90%.
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Fig. 8. The diagrammatic sketch of the structure of Convolutional Neural Networks.
The ConvNet contains two convolutional layers, two max-pooling layers, and one fully
connected layer. Adapted from Ref. [207].

5.6. Separations

Yali et al. [209] developed a quantitative structure—retention
relationship methodology that was employed to predict retention
times of polychlorinated biphenyl (PCBs) using previously pub-
lished data set. Multiple linear regression (MLR) and support vector
machine methods were applied for generation of linear and
nonlinear models. SVM model performed better than MLR which
represents the nonlinear relationship between the structural
feature and retention time of PCBs on this chromatographic con-
dition. Similar approaches based on machine learning has been also
applied to GC-MS data to classify marijuana varieties [210], essen-
tial oils [211], and steroids [212]. Following the work from Strozier
[97], Tao’s group [63] presented a comparison of different machine
learning approaches to when applied to classification problems of
different degrees of difficulty and using GCxGC data and demon-
strated the utility of relatively simple approaches such as SVM. As
one of the most recent examples of GC-Al, Vrzal et al. [213] pre-
sented the DeepRel (available on https://github.com/TomasVrzal/
DeepRel), a user-friendly model with a graphical user interface
based on deep learning using SMILES as input to predict retention
indexes in GC based on molecular structure. Their approach is
extremely useful for non-targeted analyses due to its ability to
characterize unknown compounds, even when not present in the
libraries.

Multiple attempts have been described to predict and interpret
retention times in liquid chromatography. Probably one of the most
significant ones was described by Stanstrup et al. [214] who not
only proposed the idea of crossing information between systems to
predict retention time, but also developed an open database
(http://predret.org), where users can upload their own data. This
concept has been expanded using an artificial neural network (47
input neurons, 1 hidden layer with 23 hidden neurons, and an
output layer with 1 output neuron) for use with MolFind [215], or
deep learning approach (4 fully connected hidden layers with 1000,
500, 200 and 100 units, respectively, activated via a non-linearity
function (ReLu), connected to an output layer consisting of one
unit with no activation) leading to the prediction of retention time
of small molecules (+46 s) in nano-HPLC [216]. Additional examples
of applications of various neural networks to predict retention
times [135], screen for unknown erectile dysfunction drugs [187],
improve separations [84,217] or extract features from chromato-
grams [123], have been also reported.

One area that is surprisingly underdeveloped is the application
of Al to capillary electrophoresis (CE). In the last 20 years or so and
since the first attempts to apply ANN to CE were published by ]J.
Havel [218], only a few developments have been presented. Among
those, it is worth mentioning Jiao et al. [219], who proposed a
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quantitative structure property relationship (QSPR) to predict the
electrophoretic mobility of aromatic acids and Taylor et al. [220],
who applied a rather simple ANN (input layer with 1206 neurons, 1
hidden layer with 100 neurons, and one output layer with 5 neu-
rons) to read electropherograms. Although targeting a slightly
different problem, Woodruff's group used CE (coupled to MS) to
obtain a dataset to demonstrate the potential of machine-learning
algorithms to provide concentration estimates for chemicals
without the corresponding analytical standards [186].

Last year, a symbolic regression (approach not discussed in the
review) was applied to remove artifacts in DNA separations [221].
Despite the great potential of these articles, they have only been
cited a handful of times, possibly suggesting that the field is just
moving in a different direction or that the perceived simplicity of
the technique does not justify an Al intervention.

5.7. Other applications

Song et al. presented an open-source algorithm for the discovery
of binding ligands from high-throughput sequencing data of SELEX
libraries [222]. (The code of the algorithm (called SMART-Aptamer)
is available to the scientific community online at https://github.
com/songjiajia2018/SMART-Aptamer-v1.git and could be applied
for the discovery of binding ligands for a variety of biomedical
applications. Although seldom applied towards analytical problems
[77], various machine learning tools have been applied for the
analysis of various electrochemical systems [223—225],

6. Implementation of simple Al machines

As stated before, this tutorial review aims to provide basic in-
formation to junior analytical chemists considering integrating Al
into their programs. Therefore, we provide a general guide to get
started with Al, focusing first on neural nets. The approach is rec-
ommended because neural nets are among the most powerful Al
systems and can be applied to many practical problems with very
little education beforehand — in particular, neural nets often greatly
reduce the amount of preparatory data manipulation and custom
architecture coding compared to other Al algorithms. It has become
common for new practitioners of Al to apply powerful deep neural
networks to novel (though typically simple) problems within the
first few hours of working with them, and several popular Al li-
braries can enable powerful novel work with only a handful of lines
of Python code. There are now very few use-cases that neural nets
can’t address; so they provide a great balance of broad applicability,
tremendous analytical power, and short time to value for the
beginner. Readers are encouraged to take one of the several popular
free online machine learning courses. Perhaps the most popular is
Andrew Ng’s excellent course which begins with the fundamentals
and is very comprehensive (http://www.ml-class.org/). A very
popular recent alternative is Jeremy Howard’s Fast.ai course
(https://course.fast.ai/) and accompanying python library, which
teaches a ‘top-down’ approach — i.e. starting immediately with
practical application of the most powerful neural net techniques
and then gradually introducing the fundamentals. This course is
less comprehensive, focusing only on the technologies still at the
cutting edge today, but presents a much faster path to practical
applications of the most powerful techniques, primarily deep
neural nets. These courses require only minimal programming
experience and basic math knowledge to get started; students with
no experience in Python programming are advised first to become
basically familiar with that language in order to better absorb the
course material mentioned above. In addition, there are additional
on-line sources (for instance, https://d2l.ai/) that provide back-
ground information and examples. Readers may also find a
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practical guide to apply deep learning in spectral analysis in this
outstanding review [120]. That said, and while it is possible to train
a neural net with just a few minutes of practice (see examples in
Supplementary Information), it is important to approach this pro-
cess with realistic expectations and consider that developments of
new and valuable work would generally take weeks or months of
work. For those willing to give it a try, a step-by-step tutorial to
begin using machine learning is provided as Supplementary
Information.

7. Conclusions and opportunities

As shown throughout this review, a common trend observed in
the literature is the development of algorithms (of various com-
plexities) to analyze large volumes of data and extract both patterns
and meaningful information out of differences (even minute) from
individual measurements. Probably this is the main reason sup-
porting the initial developments of Al linked to image recognition,
vibrational spectroscopy, and mass spectrometry. Unfortunately,
simpler approaches (for example single-analyte biosensors and
several separation techniques) may not yet fully justify the effort
required to develop the databases needed to train these systems. As
these solutions still rely on identifying and utilizing rules specific to
each data item at the cost of a substantial human effort, Al systems
have already matured enough to address many of these tasks and
provide unique opportunities for analytical chemists to seek new
developments beyond calibration, noise reduction or traditional
recognition of patterns.

While these tasks have been approached by chemometrics, now
considered a routine tool for analytical chemists, ML methods are
seen (by many) as complicated tools. It is also important to note
that despite the clear division made by researchers when
describing machine learning and chemometrics methods, both
approaches have roots in common and could be mutually sup-
portive. Even though chemometrics and design of experiments
clearly excel at method development, analysis of results, and clas-
sification tasks;problems involving complex nonlinear analytical
issues often require the use of predictive Al. Machine learning ap-
proaches can tackle the problem from a very different perspective:
merging analytical technologies with larger datasets, performing
more complicated analysis, and feeding into automated Al ap-
proaches. While the main triumph of the application of Al for
complex analytical systems is to enable the development of pre-
dictive models, the lack of interpretability of some algorithms,
especially neural nets, also carries the potential risk to lose the
connection with the fundamental physiochemical phenomenon
involved. To alleviate this issue, many cases allow processing some
data before their use as inputs to the model. This processing step
could be done with a number of processes, including PCA, and can
give important information about the most important variables and
responses. In this way, a more adequate interpretation of the
analytical responses (e.g. identification of m/z values related to a
chemical species, regions of spectra attributable to functional
groups, etc.) can be reached. That said, in the next few years algo-
rithms are likely to overcome these issues and potentially support
the analysis to a very high degree through data mining, pattern
recognition, deep thinking, and advanced control of experiments.

The ability of Al to elucidate and profit from a blend of multi-
dimensional data will also improve our capabilities to implement
smart systems and automated workflows, especially if feedback
loops are incorporated in the analytical sequence. Current reports
suggest that mining information to build broadly applicable and
accessible databases will soon enable interdisciplinary queries,
promote collaborations, and transform the way we develop
analytical methodologies. This concept is illustrated in Fig. 1, where

14

Analytica Chimica Acta 1161 (2021) 338403

we anticipate (possibly speculate) that a future role for Al could be
to close the loop, enabling autonomous experiments (dotted red
arrow) that create empirical ‘ground truth’ data to fuel other Al
work, forming a virtuous cycle of accelerated discovery of new
chemical reactivity. While optimizing procedures to get “chemical
meaning” from words in data repositories and journals looks a
daunting task, the recent release of the Generative Pre-trained
Transformer 3 (GPT3) is a huge step forward. This approach is
able to interpret human-oriented text (natural language process),
read chemical recipes from papers, and provide instructions to
robotic instrumentation for chemical synthesis [ 144]. In such way, a
trained model based on a large dataset of analytical procedures
might soon be able to improve or even predict the experimental
pathway of a certain analysis and reach a higher level of artificial
intelligence. An additional trend identified in the literature is the
development of interconnected devices. Just like these systems
have been able to revolutionize our homes and cars, the Internet of
Chemical Things (IoCT) has the potential to change the way we do
chemistry. Basically, this concept involves the optimization of
internet resources, interconnecting users and manufacturers,
analytical devices (lab equipment and portable devices), software
suites, mobile devices, and online resources [226]. This has the
potential to drastically change the way we think about health care
[37,38,227—-229], especially if spectrometers [230] and wearable
devices [198] become simpler and more affordable, potentially
leading to a full network of wearable things [199].

All things considered, the addition of Al technologies into
analytical labs is moving forward and despite being in its very early
stages, has already been incredibly productive. While it is impos-
sible to predict the impact of Al on analytical chemistry, the com-
munity is probably ready to move beyond the interpretation of data
and dive into the development of novel algorithms that can not
only identify unique chemical features in datasets but also predict
more efficient routes of chemical reactivity and foster the devel-
opment of new analytical methodologies.
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